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Introduction

Welcome to the Seventh Workshop on Natural Language Processing (NLP) and Computational Social
Science (CSS)! This workshop continues a successful series, with many interdisciplinary contributions
to make NLP techniques and insights standard practice in CSS research, as well as improve NLP through
insights from the social sciences. We received 76 submissions and after a rigorous review process by our
committee, we accepted 23 entries, 19 archival and 4 non-archival. We also hosted a shared task for the
first time this year in partnership with the Opioid Industry Document Archive (OIDA), and we are deli-
ghted to include two shared task submissions in the proceedings. Our workshop program also includes
keynote talks by three outstanding scholars: Philip Resnik, a professor in the Department of Linguistics
and Institute for Advanced Computer Studies at the University of Maryland, Lucy Li, a professor in the
Department of Computer Sciences at University of Wisconsin-Madison, and R. Stuart Geiger a professor
at the University of California, San Diego with appointments in the Department of Communication and
the Halicioglu Data Science Institute.

We would like to thank the Program Committee members who reviewed the papers this year. They did
a wonderful job providing high-quality reviews, and particularly helping with last minute emergency
reviews. We would also like to thank the workshop participants for the opportunities to connect (or re-

connect) and learn from each other.

Dallas Card, Anjalie Field, Katherine Keith, and Julia Mendelsohn (Co-Organizers)
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Abstract

Large Language Models (LLMs) are increas-
ingly used as proxies for human subjects in
social science surveys, but their reliability and
susceptibility to known human-like response bi-
ases, such as central tendency, opinion floating
and primacy bias are poorly understood. This
work investigates the response robustness of
LLMs in normative survey contexts—we test
18 LLMs on questions taken from the World
Values Survey (WVS), applying a comprehen-
sive set of ten perturbations to both question
phrasing and answer option structure, resulting
in over 334,800 simulated survey interviews.
In doing so, we not only reveal LLMs’ vul-
nerabilities to perturbations but also show that
almost all tested models exhibit a consistent re-
cency bias, disproportionately favoring the last-
presented answer option. While larger models
are generally more robust, all models remain
sensitive to semantic variations like paraphras-
ing and to combined perturbations. This under-
scores the critical importance of prompt design
and robustness testing when using LLMs to
generate synthetic survey data.

1 Introduction

Problem Large Language Models (LLMs) are in-
creasingly being used as proxies for human subjects
in social science research, particularly to generate
synthetic responses to survey questions (Argyle
et al., 2023; Bisbee et al., 2024, inter alia). This ap-
plication holds promise in augmenting or replacing
costly human data collection. Still, the reliabil-
ity of these synthetic respondents and the extent
of overlap with human responses and response bi-
ases remain open questions. In particular, research
in survey methodology has found that human re-
sponses are sensitive to subtle variations in ques-
tion and answer phrasing that lead to well-known
response biases (Krosnick, 1991) and it remains
unclear whether LLMs, trained on vast amounts of
human text, exhibit the same vulnerabilities.

Approach We present a large-scale empirical
study, with 334,800 survey interviews in total, in-
vestigating the response behavior and robustness of
18 different LLMs to normative questions derived
from the World Value Survey (WVS; Haerpfer
etal., 2022). By developing and applying a compre-
hensive set of ten perturbations in both the structure
of the answer options (Table 1), such as typos or
synonyms, and in the question phrasing (Table 4),
such as, e.g., changes to response order or scale
structure, we answer the following research ques-
tions.

1. Do prompt perturbations negatively affect the
robustness of LLMs when answering closed-
ended, normative survey questions?

2. Do LLMs exhibit human-like response bi-
ases when answering closed-ended, normative
survey questions?

Contribution Next to the perturbation
framework, we provide a detailed analysis
of LLM response robustness, showing that
while some models are more robust than
others (e.g. Llama-3.3-70B-Instruct and
Gemini-1.5-Pro), all are susceptible to specific
perturbation types. Most notably, we find a
consistent recency bias across almost all tested
models, where the last-presented answer option
is disproportionately favored by up to 20 times,
and even the largest models remain sensitive to
changes in question phrasing.

These findings underscore the importance of
careful prompt and Q&A design when using LLMs
for synthetic survey responses. The perturbation
framework serves as a useful baseline for evaluat-
ing robustness in survey contexts, and we make the
full Q&A dataset publicly available for benchmark-
ing newer or other LLMs. We present an overview
of which LL.Ms exhibited human-like survey re-
sponse biases (Table 11).

Proceedings of the 7th Workshop on Natural Language Processing and Computational Social Science (NLP+CSS), pages 1-21
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Question from the

World Value Survey & Answer Options

Could you tell me whether you Non-Bias Could you zell me whether you
trust people from this group com- Perturbation trust people from this froup com-
pletely, somewhat, not very much, e.g, Typos pletely, somewhat, not very much,
or not at all? - Your family. or not gt all? - Your family.
Trust completely Don't know
Trust somewhat Do not trust at all

Bias

Perturbation
Do not trust very much Do not trust very much

e.g., Reverse

Option Order

Do not trust at all Trust somewhat

Don't know Trust completely

Figure 1: The Interview Process.
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The figure displays an example of a answer option perturbation (a bias

perturbation, e.g. reversed option order) and an question perturbation (a non-bias perturbation, e.g. typos in the
question). Each model is prompted 25 times with every perturbation as well as the original Q&A phrasing. All
responses are collected, processed and statistically analyzed.

2 Related Work

Our work builds on two main streams of research:
(1) survey methodology from the social sciences,
which documents human response biases, and (2)
recent studies in computer science on the robust-
ness and biases of LLM’s synthetic survey response
generation.

Human Survey Response Biases Research in
the social sciences has shown that how a survey
question is asked can be as important as what is
asked. Respondents often engage in "satisficing"
rather than "optimizing", choosing a satisfactory
answer with minimal cognitive effort instead of
carefully formulating an optimal one (Krosnick,
1991). This can lead to systematic biases. For ex-
ample, the order in which the answer options are
presented can induce primacy (favoring early op-
tions in visual surveys) or recency (favoring later
options in oral surveys) biases (Krosnick and Al-
win, 1987). The presence or absence of a middle
option or a "don’t know" category can trigger a cen-
tral tendency bias or opinion floating, respectively
(Hollingworth, 1910; Koch and Blohm, 2016). In
the first, if a central category is available on the
answer scale, humans tend to choose the central
category, whereas opinion floating indicates that
responses are redistributed to central categories if
a refusal category is missing (Tjuatja et al., 2024).
In addition, priming effects, where the preceding
context influences subsequent responses, are a well
documented phenomenon (Bargh et al., 1996). We
draw on these past findings to design perturbations
testing whether LLMs exhibit similar human-like

response patterns.

LLMs as Survey Respondents Recent studies
explored LLMs as substitutes for human survey
participants to generate synthetic data. They found
that LLMs can replicate average public opinion
on political topics, but often with less variance
than human samples (Argyle et al., 2023; Bisbee
et al., 2024; von der Heyde et al., 2025; Dominguez-
Olmedo et al., 2024, inter alia). Others have found
that LLM responses can be sensitive to prompting,
revealing cultural and demographic biases (Geng
et al., 2024). Laverghetta et al. (2022) found that
LLMs can produce similar responses to human
participants on diagnostic items, for example, in
linguistic test. Contrary to this finding, Siihr et al.
(2025) found that LLMs’ responses to personality
tests systematically deviate from human responses.
This implies that the results of these tests cannot
be interpreted in the same way. However, Huang
et al. (2024) identified that LL.Ms have the poten-
tial to represent different personalities with specific
prompt instructions. In addition, they found that
response patterns of multiple LLMs showed con-
sistency in responses to the Big Five Inventory,
indicating a satisfactory level of reliability.

Our work is related to that of Tjuatja et al. (2024),
who were among the first to systematically explore
human-like response biases in LLMs. They investi-
gated acquiescence, response order, opinion float-
ing, and scale structure effects. Our study extends
their work by: (1) using a different, globally di-
verse survey (the World Values Survey); (2) testing
a wider range of LLMs, such as Gemini-2.5-Pro;
and (3) incorporating a broader set of perturbations



on both answer and question phrasing, such as key-
board typos, paraphrasing, synonyms, priming as
well as a combined interaction of two perturba-
tions.

LLM Robustness to Perturbations Other re-
searchers have evaluated the general robustness of
LLMs to noisy or varied inputs on different tasks.
They have shown that even state-of-the-art models
can be sensitive to minor changes in the prompt.
These perturbations range from the character level,
such as typos created by swapping, inserting, or
replacing letters (Moradi and Samwald, 2021; Gan
et al., 2024), to word- or sentence-level, such as
replacing words with synonyms or paraphrasing en-
tire sentences (Qiang et al., 2024). A common find-
ing is that character-level noise can significantly
degrade performance, even in large models (Gan
et al., 2024). The combination of multiple perturba-
tions can even have a more negative effect (Dong
et al., 2023). Although this research has primarily
focused on knowledge-based or reasoning tasks, we
adapt these perturbation techniques to the context
of normative surveys to assess response stability
where no single "correct" answer exists.

Evaluation and Prompting Finally, our work
is guided by research on the identified ways for
evaluating LLMs on multiple-choice tasks. Studies
have shown that evaluation results can be highly
sensitive to prompt format, e.g. if LLMs face an
open- or closed-ended response, and forcing tech-
nique. However, forcing a model to choose from
a predefined set of options is often necessary to
obtain valid responses, as unconstrained responses
can differ substantially (Rottger et al., 2024). The
returned response labels might differ significantly
when a LLM has the option to generate text out-
put before returning the response label due to their
auto-regressive nature. Furthermore, relying on
the model’s first predicted token can misrepresent
its full textual output (Wang et al., 2024). There-
fore, we include two LLMs with reasoning capabili-
ties to compare their performance to non-reasoning
models.

3 Methods

First, we select a subset of 62 questions represent-
ing a sample of different thematic categories, each
question in the category sharing the same answer
options. These normative, value-oriented Q&A
pairs are taken from the WVS’s core variables

(Haerpfer et al., 2022), excluding all sociodemo-
graphic variables. Second, we perform the ten per-
turbations mentioned in Section 3.2 each Q&A
pair.

Figure 1 illustrates two exemplary perturbations
and the interview process. In total, we perform
five perturbations on the answer options as well as
five perturbations on the question phrasing of the
chosen subset questionnaire. We further include
one interaction of two perturbations, one on the
answer option and one on the question.

Third, we carry out interviews with the original
and each perturbed Q&A pair 25 times with 18
different LLMs. In total, we conducted 334,800
interviews, 18,600 with each model. Last, we com-
pare the distributions of the responded labels for all
perturbations response consistency, given the same
interview setting, through entropy and calculate
the Kullback-Leibler divergence (KL divergence)
to compare the baseline response distribution on
the original to the perturbed Q&A pairs. Primacy
bias is further examined by comparing the response
frequencies of the first and last answer options in
the list, whereas opinion floating bias and central
tendency bias are tested by checking the shift of
responses toward or away from the center of the
answer option scale.

3.1 Experimental Setup

Survey Data The questions and answer options
are sourced from the WVS Wave 7 (2017-2022),
a comprehensive cross-national survey on human
beliefs and values (Haerpfer et al., 2022). The 259
core WVS Q&A pairs represent 10 distinct the-
matic categories, including Trust in People, Confi-
dence in Institutions, Moral Justifiability, and Per-
ception of Democracy, ensuring a diverse range of
topics and answer scale formats (e.g., 3-point to
10-point scales). We used stratified sampling to se-
lect six to seven Q&A pairs per thematic category,
resulting in a total of 62 Q&A pairs.

Models To ensure that our findings are not spe-
cific to a single model architecture or developer,
we selected 18 instruction-tuned LLMs, varying
in size, developer, and origin, including two with
reasoning capabilities. This selection aims to estab-
lish external validity for our results and includes
proprietary and open-source LLMs. The following
models were interviewed:

* Llama (in the following tables abbreviated as
L3.3-70B (Meta, 2025b), L3.1-8B (Grattafiori



et al., 2024), L3.2-3B, L3.2-1B (Meta, 2025a)
represent their respective Instruct versions),

¢ Qwen (Q2.5-7B for Qwen-2.5-7B-Instruct;
Q3-0.6B through Q3-32B for Qwen3 versions;
Q3-30BT for Qwen3-30B-A3B-Thinking-
2507, (Yang et al., 2025b,a)),

e Gemini (G1.5P for 1.5-Pro, G2.5P for 2.5-
Pro, G2.5F for 2.5-Flash, (Georgiev et al.,
2024)), and

¢ Others (M7B for Mistral-7B-Instruct-v0.3
(Jiang et al., 2023), P3.5M for Phi-3.5-mini
(Abdin et al., 2024), Y1.5-6B for Yi-1.5-6B-
Chat, (Young et al., 2024)).

We listed the specific model IDs in Appendix Ta-
ble 3.

3.2 Perturbation Design

We designed two categories of perturbations to test
model robustness: (1) bias-inducing alterations to
the answer options, based on survey methodology
research that are known to induce biased responses
in humans (Tjuatja et al., 2024), and (2) non-bias al-
terations to the question phrasing, mimicking com-
mon textual variations and errors. Table 1 and
Table 4 provide examples as well as references for
all perturbations. For each of the 62 Q&A pairs,
we created the following ten perturbed versions.

Bias Perturbations These five perturbations ma-
nipulate the answer choices provided to test for
known survey response biases identified in human
subjects and presented in Section 2. Therefore, we
call them bias perturbations (Tjuatja et al., 2024,

p-3).

* (1) Reversed Response Order: The order of
answer options is reversed (e.g., a scale from ‘1:
Very important‘ to ‘5: Not important* becomes
‘1: Not important to ‘5: Very important®).

* (2) Missing Refusal Option: The “Don’t know”
or refusal option is removed from the list of
choices.

* (3) Odd/Even Scale Transformation: For
scales with an even number of options, we use
Gemini-1.5-flash to generate a semantically
appropriate middle category, transforming it into
an odd-numbered scale (e.g., adding ‘Neutral®).
Conversely, for odd-numbered scales, we remove
the middle category to create an even-numbered
scale and adjust the integer label.

* (4) Priming Suffix: A sentence designed to elicit
a response is appended to the prompt after the
answer options: ‘This is very important to my
research! You better do not refuse the answer.’

Non-Bias Perturbations These five perturba-
tions modify the question text to assess robust-
ness to stylistic variations and typos. Typically,
humans are unaffected by such subtle changes in
the question phrasing and are still able to under-
stand the question’s meaning (Tjuatja et al., 2024,
p-3). Therefore, we call them non-bias perturba-
tions.

* Typographical Errors: We introduce three
types of typos: (5) Key Typo (replacing a charac-
ter with a random one), (6) Letter Swap (swap-
ping two letters in a random word), and (7) Key-
board Typo (replacing a character with an adja-
cent one on a QWERTY keyboard).

* Semantic Variations: We use
Gemini-1.5-flash to create two semantic
variations while preserving the original meaning:
first, by (8) Synonym Replacement where five
words in the original question are replaced with
synonyms. Second, through (9) Paraphrasing
the entire question is rephrased.

We manually validated all LLM-generated pertur-
bations (paraphrases, synonyms, odd-scale options)
on our 62-question subset to correct errors and en-
sure their semantic integrity.

Last, we introduce an (10) Interaction Effect to
study the impact of not only one, but two perturba-
tions. Thus, we created one additional condition
that pairs a paraphrased question with reversed-
order answer options.

3.3 Interview Procedure and Data Collection

Prompting To ensure internal validity, we used
a single, consistent prompt structure for all inter-
views. The prompt was designed to be clear and
direct, instructing the model to select a single op-
tion and return only its label.

Answer the following question: {question}
This is a list of possible answer options:
{answer_options}

You must pick one of the answer options. Only
answer with the label.

Taking into account the findings of Rottger et al.
(2024) we use forced choice prompts that pro-
vided the most valid responses in their experiments,



Type Perturbation Question

Answer Options

Bias and Reference

For cach of the following aspects,
indicate how important
itis in your life.

Would you say it is very important,
rather important, not very important
or not important at all?
Family

Original

Original

[ 1=Very important *, *2=Rather important °,
*3=Not very important *, *4=Not important at all’,
"-1=Don’t know"]

(Haerpfer et al., 2022)

(1) Reversed Response Order
For each of the following aspects,

["-1=Don’t know", "4=Not important at all’,
*3=Not very important *, *2=Rather important *,
*1=Very important ']

Primacy Bias
(Tjuatja et al., 2024; Krosnick and Alwin, 1987; Kampen, 2007; O’Halloran et al., 2014)

indicate how important

(2) Missing Refusal Option itis in your life.

["1=Very important *, *2=Rather important ',
*3=Not very important *, *4=Not important at all’]

Opinion Floating Bias
(Schuman and Presser, 2000; Tjuatja et al., 2024)

Would you say it is
very important,
rather important,
not very important

(3) Odd/Even Scale Transformation

Bias Perturbations

[ 1=Very important °, 2=Rather important’,
*3=Neutral’,
*4=Not very important *, >5=Not important at all’,
’-1=Don’t know’]

Central Tendency Bias
(Hollingworth, 1910; Cronbach, 1946; Aston et al., 2021; Crosetto et al., 2020)

or not important at all?

(4) Priming Suffix

[1=Very important , 2=Rather important ,

Family 3=Not very important , 4=Not important at all,

-1=Don’t know]This is very important to my research!
You better do not refuse the answer.

Priming Effect
(Bargh et al., 1996; Higgins, 1996; Weingarten et al., 2016; Li et al., 2023)

Table 1: An exemplary perturbation scheme showing the original question, the bias perturbations and the the
hypothesized human-like response bias. The Q&A example is taken from the thematic category "Importance of
Life Aspects" from the WVS wave 7. Bias perturbations have a constant question phrasing and varying answer
options. The remaining Non-Bias Perturbations are listed in Table 4.

which means that the model correctly chooses one
available option from the given answer options. In
an unforced prompt setting, LLMs did not follow
the instructions and only rarely returned valid re-
sponse labels, making a statistical evaluation of the
results infeasible. Preliminary tests revealed that
especially smaller LLMs often fail to perfectly fol-
low the instruction to "answer only with the label",
as they return conversational filler or explanations
alongside their choice.

Data Collection Each of the 18 models was pre-
sented with 12 experimental conditions (1 origi-
nal + ten perturbations, where for the perturbation
Odd/Even Scale Transformation one run was done
for the odd and even scale scenario) for each of
the 62 selected WVS questions. To obtain a sta-
ble distribution of responses and enable statistical
analysis, we repeated each unique model-Q&A-
perturbation combination 25 times. This resulted
in a total of 18 x 62 x 12 x 25 = 334, 800 inter-
views.

Response Extraction and Validation To ensure
accurate data for analysis, we developed a robust
extraction pipeline. We compared two main ap-
proaches. First, Gemini-1.5-Pro, L1ama-3.1-8B,
and Qwen2.5-7B were prompted, and a regular ex-
pression was designed to extract the answer labels.
Based on multiple conditions, e.g. if the given an-
swer label is part of the original answer options
or that only one response is provided, the meth-
ods should highlight which technique is the most
promising in extracting valid responses and han-
dling possible edge cases of model responses.

We manually labeled these extraction methods
on a random sample of responses for validation.
The LLM-based methods achieved accuracies be-

tween 77% and 97.5%, with the largest model
Gemini-1.5-Pro performing best. However, our
refined regular expression achieved the overall best
extraction success on the validation set as it cor-
rectly extracted all responses in our validation set.
Consequently, we used this regular expression to
process all remaining 316,200 model responses.

4 Results

This section presents the results of our experiments,
focusing on two key research questions: (1) LLMs’
general robustness to various input perturbations,
and (2) their susceptibility to human-like survey
response biases revealed by interviews with bias
prompt perturbations. In addition, we also inves-
tigate the models’ general adherence to interview
instructions.

4.1 Robustness to Question and Answer
Perturbations (RQ1)

We distinguish between response robustness (the
tendency to maintain a similar answer distribution
under perturbation, measured by KL divergence)
and response consistency (the tendency of a model
to give the same answer to the same prompt, mea-
sured by entropy). A KL divergence of zero in-
dicates a perfect match and thus full robustness
against the input perturbation, whereas a high en-
tropy value indicates very inconsistent response
behavior.

Effect of Model Size on Robustness First, when
assessing robustness to perturbations, we found
a clear relationship with model size: larger mod-
els tend to be more robust. Table 2 and 5 show
the percentage of questions for which the mod-
els produced a perfectly identical response dis-
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Figure 2: Evidence of recency bias across all models. The bars show the frequency of choosing the same answer
option (e.g., “Very important”) when it is presented first vs. last. Almost all models are more likely to select an

option when it appears at the end of the list.

tribution (KL divergence = 0) despite perturba-
tions. L1lama-3.3-70B and Gemini-1.5-Pro were
the most robust, often replicating their original an-
swers in over 50% of cases. The smaller L1ama
models were the least robust, with L1ama-3.2-1B
perfectly replicating its answers in fewer than 5%
of cases on average. This suggests that scale is a
key factor in achieving stable response behavior in
synthetic response generation. The reason why the
responses for Gemini-2.5-Pro and Flash are not
robust is most likely due to the fact that—despite
the same experimental setup—the new Gemini se-
ries refuses value-oriented questions much more
often than its previous series (see Table 7).

Second, we found that model size is in an inverse
relationship with response consistency; smaller
models exhibited higher entropy and standard devi-
ation when asked the same question multiple times,
indicating more random response behavior (Table
9).

Effect of Perturbation Type on Robustness Fur-
ther, Tables 2 and 5 highlight the share of fully
robust responses (KL divergence = 0) across all
questions by perturbation and LLM. It shows that
some perturbations had a greater impact on robust-
ness across all models.

Combined Perturbations: The interaction of
two perturbations (paraphrased question + re-
versed answers) has the most bewildering effect
on the responses, causing the lowest robustness
scores for all models except Phi-3.5-mini.

Semantic vs. Lexical Changes: Paraphrasing
the question reduced robustness more than re-

placing individual words with synonyms in most
LLM:s. These findings are consistent with Moradi
and Samwald (2021) who found that models
trained on larger corpora are more robust when
words are replaced by their synonyms.
Typographical Errors: Randomly replacing
characters (Key Typo) or using adjacent keys
(Keyboard Typo) was more robustness-harming
than simply swapping two letters within a word
(Letter Swap). We assume that the training text
corpora potentially contain more words with acci-
dental letter swaps than random typos, and there-
fore LLMs might be more resilient against these
perturbations.

Answer Option Changes: Reversing the answer
scale or changing it from odd to even (or vice
versa) had a more negative impact on the robust-
ness of responses than removing the refusal op-
tion or adding emotional priming.

Effect of Answer Option Scale Length We also
observed that robustness is affected by the complex-
ity of the task. For nearly all models, the share of
fully robust responses decreased as the length of the
answer scale, i.e. answer options, increased. For
example, models were less likely to replicate their
exact response distributions on a 10-point scale
compared to a 4-point scale, indicating that a larger
decision space can make LLMs more susceptible to
perturbations. Figures 4 and 5 suggest that for most
LLMs, except Gemini-1.5-pro, the size of the an-
swer option scale has an impact on response robust-
ness comparing the share of fully robust responses
on e.g. the 4- and 10-point scale. This suggests
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Model Reversed Missing Even Priming
Answer  Refusal Scale Suffix
Llama Family
L3.3-70B 0.50 0.73 0.60 0.82
L3.1-8B 0.08 0.39 0.27 0.35
L3.2-3B 0.10 0.11 0.16 0.10
L3.2-1B 0.00 0.08 0.03 0.11
QOwen Family
Q3-32B 0.27 0.35 0.19 0.31
Q3-30BT 0.32 0.23 0.15 0.23
Q3-14B 0.53 0.60 0.48 0.53
Q3-8B 0.34 0.53 0.26 0.39
Q2.5-7B 0.32 0.48 0.45 0.50
Q3-4B 0.24 0.50 0.35 0.31
Q3-1.7B 0.34 0.66 0.47 0.52
Q3-0.6B 0.02 0.03 0.02 0.00
Gemini Family
G1.5P 0.69 0.76 0.55 0.74
G2.5P 0.32 0.11 0.26 0.00
G2.5F 0.15 0.16 0.16 0.00
Others
M7B 0.68 0.81 0.53 0.74
P3.5M 0.53 0.81 0.45 0.79
Y1.5-6B 0.47 0.68 0.55 0.52

Table 2: Share of Fully Robust Responses by Pertur-
bation Type and Model (7). The models are grouped
by model family.

that the larger the answer scale, the less likely mod-
els can reproduce the responses they gave in the
original Q&A phrasing, under perturbed settings.

4.2 Evidence of Human-like Survey Biases
(RQ2)

With many of the perturbations, we are able to go

beyond LLMs robustness and consistency and also

analyze whether LLMs exhibit human-like survey

response biases. We find evidence for some human-

like biases.

Recency Bias Contrary to the initial hypothe-
sized primacy bias, we found indications of a re-
cency bias in 17 of the 18 models tested. When we
reversed the order of the answer scale, the proba-
bility to choose the first option plummeted, while
the probability to choose the last option (which
is the semantically identical first option in the
original Q&A) increased strongly, ceteris paribus.
As shown in Figure 2, this effect was substantial,
with the selection frequency of the semantically
same option increasing by more than 20 times for
Llama-3.1-8B when moved to the last position,
while all other configurations, such as question and

prompt phrasing, were kept constant. This indi-
cates that LL.Ms, similar to human respondents in
oral surveys, might overemphasize the final options
they process. However, LLMs with activated rea-
soning capabilities, such as Gemini-2.5-Pro and
Qwen3-30B.A3B-Thinking-2507, mitigate this
bias. The same answer option placed at the scale
end is chosen just 0.07-0.09 times more often after
reasoning.

Opinion Floating and Central Tendency The
effects of removing the refusal option (opinion
floating) or providing an explicit middle category
(central tendency) were highly model-dependent,
often correlated with model size (Tables 10a and
10b). For opinion floating, larger models like
Llama-70B, Gemini-1.5-Pro, but also Phi-3.5
were largely robust, showing minimal shifts in their
response distributions. Smaller models, particu-
larly Qwen and L1ama-8B, showed a weak tendency
to shift responses toward the scale’s center when
the refusal option was absent. Here, we expect that
models redistribute their original non-responses to
the center of the answer scale to maintain their inde-
cisiveness, which is also known as opinion floating
bias in humans.

Similarly, for central tendency, larger
models (L1lama-79B, Gemini-1.5-Pro,
Gemini-2.5-Flash, Mistral) consistently

shifted their mean response closer to the center
across all scale types when an explicit middle
option was provided compared to even answer
option scales. However, smaller models, such
as Qwen3-0.6B, -1.7B, -4B or Phi-3.5-mini,
showed inconsistent effects or were completely
unaffected. Further, we see an almost consistent
response shift to the center across all except three
models for medium-sized scales (four vs. five
point Likert scales).

Binomial tests underlined that the middle op-
tion was selected significantly more often than ex-
pected under a uniform distribution, especially on
larger scales (cf. Table 6). LLMs tend to choose
the middle category significantly more often when
the scale size increases from three to five and to
11 point Likert scales. All, except the two small-
est Qwen3 models and L1ama-3.2-1B, choose the
middle category significantly more often than any
other option when facing a eleven answer options.

Emotional Priming The impact of adding an
emotional priming statement (“This is very impor-
tant to my research!”) was also model-dependent.



For larger models (L1ama-70B, Gemini-1.5-Pro,
Mistral), it either had no effect or slightly de-
creased the rate of refusal responses, suggesting
they correctly interpreted the intent of the priming
statement. Conversely, for the two Chinese mod-
els, Qwen2.5-7B and Yi-1.5-6B, the priming text
even increased the share of refusal responses across
most topics. No clear relationship can be drawn
from these findings due to inconsistent behavior
across models.

4.3 Interview Adherence and Refusal Rates

Overall, the models demonstrated high adherence
to the prompt instructions, with an average of 96%
of interviews yielding an extractable and valid an-
swer that was part of the given answer options.
However, performance varied significantly across
models. Larger models such as L1ama-3.3-70B
and Gemini-1.5-Pro, but also Phi-3.5-mini and
Mistral are very reliable response generators and
followed the instructions well while returning lit-
tle to no incorrect or no answer label. In contrast,
other models, particularly smaller Llama models
like L1ama-3.2-3B (83.6%), Qwen2.5-7B, but also
the two reasoning models, were more likely to pro-
duce invalid responses that did not follow instruc-
tions.

We combined invalid responses with explicit re-
fusals (i.e., choosing the Don’t know option) to
measure overall non-response rates, as shown in Ta-
ble 7. L1ama-3.3-70B, Phi-3.5, and Mistral-7B
consistently provided on-scale answers, with non-
response rates typically below 10%. Conversely,
Qwen2.5-7B and Llama-3.1-8B exhibited high
non-response rates, often exceeding 30%.

In particular, we observed topic-specific sensi-
tivity. For questions regarding the Perception of
Elections, Qwen2.5-7B failed to provide a valid,
on-scale answer in 91.3% of cases, even for the
original, unperturbed questions. This might sug-
gest the presence of strong content-based guardrails
or restrictions in certain models (cf. Figure 8).

5 Discussion and Conclusion

Our experiments revealed that LLMs response ro-
bustness is negatively influenced by prompt per-
turbations when answering closed-ended survey
questions (RQI). the variety of perturbation allows
us to gain insights into the robustness of LLMs as
some models are more sensitive and some pertur-
bations are more robustness-harming than others.

For instance, swapping letters within a word has
less negative impact than introducing random or
keyboard-adjacent characters. This might be ex-
plained by the fact that letter swaps are more likely
when typing and therefore might potentially take a
greater part of training data (Dhakal et al., 2018).
This possibly makes the LLM more resilient to
this perturbation compared to exchanging charac-
ters with random others. Combining two types
of perturbations has the strongest negative impact
on robustness, whereas synonyms tend to be less
confusing than paraphrasing.

Further, we found that perturbations can be an
insightful approach to identify human-like survey
response biases (RQ2). For example, the same an-
swer option is more likely chosen if it is the last
mentioned option than if it were the first answer op-
tion, holding all other specifications and phrasings
constant. This consistent change in the response
distribution to the last answer option suggests a
recency bias rather than a primacy bias.

Although this is not valid across all inspected
models, binomial tests reveal that most models
choose the middle category more likely than the
other categories. Thus, a central tendency bias
could be identified for specific models across all
scale types, whereas none of the LLMs consistently
mirrors a opinion floating bias.

The findings emphasize the importance of the
positioning of answer options when generating syn-
thetic data. In addition, our results highlight the
strong sensitivity of LLMs to simple prompt per-
turbation. Therefore, we strongly recommend re-
searchers to consider prompt robustness checks
when deploying closed-ended questions to LLMs.
This is because (i) models show very different
response behavior and robustness depending on
their size, release date (e.g. Gemini-1.5-Pro vs.
Gemini-2.5-Pro) and perturbation type, and (ii)
LLM response biases are sometimes but not neces-
sarily aligned with biases identified in humans.

Recommendations Based on our findings, we
recommend researchers to:

 Use larger, non-reasoning, LLMs for overall bet-
ter consistency and robustness in generating syn-
thetic survey responses (cf. Tables 2 and 5)

* Reasoning seems to mitigate the recency bias
identified in non-reasoning LLMs. However, it
leads to more non-responses and refusals.

» Use smaller answer option scales for better repro-
ducibility of results (cf. Figure 4).



 Reflect on the meaningfulness of adding a middle
category. Including a middle category might steer
some LLM responses to the center (cf. Table
10a).

» Reflect the meaningfulness of adding a refusal
category. Adding a refusal category might high-
light LLM guardrails or restrictions in some the-
matic areas, as the model can refuse to answer
while still following the instructions as it returns
a valid response label (cf. Figure 8).

* Use forced-choice prompts to generate high
turnouts while also considering open-ended eval-
uation if sensible.

Limitations

This study investigates the robustness of LLM-
generated survey responses when facing diverse
prompt perturbations, but several methodological
and conceptual limitations must be noted. The use
of a multiple-choice format, originally designed for
human respondents, imposes an artificial constraint
on LLMs that typically work in open-ended con-
texts. As a result, the findings may not generalize
to more naturalistic human-LLM interactions.
Although we constrained and validated the
data augmentation process, relying on a LLM
(Gemini-1.5-flash) for generating paraphrases
risks semantic drift, as also noted by Qiang et al.
(2024). More granular validation—e.g., with mul-
tiple human raters—could improve semantic relia-
bility. In addition, perturbations were applied at a
fixed intensity, limiting insight into how different
degrees of linguistic noise affect model behavior.
Further constraints arise from our prompting
and generation setup. The validation set for an-
swer extraction was relatively small compared to
the full dataset, so some extraction errors may re-
main. We also did not apply prompting strate-
gies like persona prompting, shown to improve
contextual consistency (Bisbee et al., 2024; Cho
et al., 2024), nor used techniques such as Chain of
Thought prompting. This could promote more de-
liberative responses instead of only the latent base-
line behavior of LLMs. For example, one could
use empirically grounded, survey-derived persona
collections to gain more perspectivist synthetic sur-
vey responses (Rupprecht et al., 2026). Note that
practitioners using demographic personas may ob-
serve different bias patterns, and that extending the
perturbation framework to persona-conditioned set-
tings is an important future direction. Moreover,

our experiments focused exclusively on fine-tuned
models, leaving open the question of how base
models would behave under similar conditions. Ad-
ditionally, a constant temperature setting restricted
our ability to examine variability and creativity in
the output.

Finally, reproducibility is another significant
challenge. Closed-source LLMs can change with-
out notice, altering response distributions over time
and complicating replication efforts, as highlighted
by Bisbee et al. (2024). This may have affected
our Gemini results. Related work also shows
that LLMs often offer contradictory answers to
semantically equivalent questions when the format
shifts from multiple choice, close-ended to an open-
ended form (Rottger et al., 2024). Such response
instability suggests that observed “attitudes” may
be artifacts of prompt design rather than indicators
of stable model beliefs or traits.

Ethical Considerations

Generating synthetic survey responses might be
relevant in various domains and applied to different
use cases, e.g. for pre-testing surveys. However,
generating synthetic responses instead of the sur-
veying a real, might result in over-reliance on syn-
thetic responses. This can become risky when there
is no ground truth data of the real target population
available as the alignment of the artificial responses
cannot be evaluated. Frequent reliance on artificial
responses may normalize their use where human
perspectives are irreplaceable (e.g. in policymaking
or clinical trials). This risks sidelining real human
voices in domains directly impacting human lives.

Researchers should also consider ethical eva-
sion as one possible issue with synthetic survey re-
sponses. Synthetic respondents might be viewed as
a way to bypass obligatory ethical review processes
since no real human participants are involved. This
might encourage under-regulated research practices
and in the long run weaken ethical safeguards.

Running inference on the 18 LLMs required sig-
nificant GPU hours, especially including the initial
test phase before finalizing the interview pipeline,
raising concerns about the environmental impact
of experimenting with synthetic survey responses
and the access disparities between well-funded and
resource-constrained institutions.
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A Reproducibility Materials

A.1 Infrastructure

The experiments were carried out on a high-
performance computing cluster and a local server
equipped with NVIDIA H100 (80GB) GPUs.
The total runtime for one model’s 18,600 in-
terviews, e.g. Llama-3.1-8B-Instruct in-
cluding all perturbed and original Q&As, was
ca. 35 minutes with approximately 0.11 sec-
onds per interview. To accommodate larger
models on available hardware, we applied 8-
bit quantization to L1ama-3.1-8B-Instruct and
Llama-3.3-70B-Instruct. Smaller models were
run without quantization. Experiments with
Gemini models were conducted on the Google
Cloud Service, Vertex Al. The temperature in all
models was kept at their default setting. However,
varying the temperature could have a relevant im-
pact and can be varied for robustness checks. The
code is made available in an anonymous repository
for replication at https://shorturl.at/NJf6h.

A.2 Models

This table provides an overview of the open-source
LLMs used in the experiments including their

Model ID on Huggingface.
Short Name Huggingface Model ID
Llama 1B meta-llama/Llama-3.2-1B-Instruct
Llama 3B meta-llama/Llama-3.2-3B-Instruct
Llama 8B meta-llama/Llama-3.1-8B-Instruct
Llama70B meta-1llama/Llama-3.3-70B-Instruct
Qwen7B Qwen/Qwen2.5-7B-Instruct
Qwen 0.6B Qwen/Qwen3-0.6B
Qwen 1.7B Qwen/Qwen3-1.7B
Qwend4B Qwen/Qwen3-4B
Qwen 8B Qwen/Qwen3-8B
Qwen 14B Qwen/Qwen3-14B
Qwen 32B Qwen/Qwen3-32B
Qwen30B (R) | Qwen/Qwen3-30B-A3B-Thinking-2507
Mistral 7B mistralai/Mistral-7B-Instruct-v@.3
Yil.5B 01-ai/Yi-1.5-6B-Chat
Phi 3.5B microsoft/Phi-3.5-mini-instruct

Table 3: Language Models. We evaluate all Survey Re-
sponse Generation Methods on 18 open-weight LLMs.
LLMs with activated reasoning capabilities are denoted
with (R).

B Perturbation Scheme Summary

The following tables describe the remaining non-

bias perturbations not introduced in Section 3.2.
The "Type" column categorizes the perturbations

into two main classes: "Non-bias Perturbation” and
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Perturbation

Type

Question

Answer Options

Bias and Reference

nor eaca jf the following aspecto,

indicete how important it ir wn your liae.

Would bou say it is very imporcant,
rathes importano,
not very imporgant ob not impodtant at all?
Famizy

For each of the following sapects,

indicate how important it is in your life.

uoWId you yas it is evry important,
ratreh important, ton
very important or not important ta all? Family

For esch of rhe following aspects,

indicate how important ut is un your lide.

Would you say it ia very imporrant, rather importamt,
nit very important ir nor important ay all? Fanily
Crucial in life: Family For each of the following aspects,
indicate how significant it is in your life.
Would you say it is very important, rather important,
not very important or not at all important? Family
How important is family to you?
Please rate its significance in your life
on a scale of "very important" to "not important at all".

(5) Key Typo

(6) Letter Swap

(7) Keyboard Typo

Non-bias Perturbation

(8) Synonym Replacement

(9) Paraphrase

[*1=Very important ’, *2=Rather important *,
*3=Not very important ’, *4=Not important at all’,
"-1=Don’t know"]

(Dong et al., 2023; Moradi and Samwald, 2021)

(Hagen et al., 2017; Moradi and Samwald, 2021; Zhuang and Zuccon, 2021)

(Gan et al., 2024; Zhuang and Zuccon, 2021)

(Qiang et al., 2024; Gereti et al., 2024)

(Dong et al., 2023; Qiang et al., 2024)

How important is family to you?
Please rate its significance in your life
on a scale of "very important”
to "not important at all".

(10) Paraphrase x Reversal

Interaction|

["-1=Don’t know",
*4=Not important at all’, "3=Not very important ’,
*2=Rather important ’, * I=Very important ’|

(Dong et al., 2023)

Table 4: An exemplary perturbation scheme showing non-bias and interaction perturbations. The example is
taken from the item set of category "Importance of Life Aspects”. In the WVS wave 7 it is question Q1. Non-bias
perturbations have variation in the question phrasing with constant answer options, while the interaction perturbation

varies both.

"Interaction." The "Perturbation” column specifies
the exact modification technique applied, which in-
cludes methods such as "Key Typo," "Letter Swap,"
"Keyboard Typo," "Synonym Replacement," and
"Paraphrase.” The "Question" column displays the
resulting text after each specific perturbation is ap-
plied to the original question about the importance
of family. The "Answer Options" column lists the
response scale provided to the survey participant.
Finally, the "Bias and Reference" column provides
citations to relevant scientific literature for each
perturbation type.

In the first five perturbations, the phrasing of the
question is intentionally altered—for instance, by
introducing typographical errors (e.g., "Key Typo,"
"Letter Swap"), substituting words with similar
meanings ("Synonym Replacement"), or rephras-
ing the entire sentence ("Paraphrase"). While the
question varies, the "Answer Options" remain con-
stant, consistently ranging from "1-Very important"
to "4-Not important at all.". In "(10) Paraphrase
x Reversal," the question is paraphrased, and si-
multaneously, the order of the "Answer Options" is
inverted, starting with "4-Not important at all" and
ending with "1-Very important."

C Results

This section summarizes the findings discussed
in the main part of the work and can serve as a
reference to identify other response patterns as
the heatmaps contain much information regarding
LLMs, perturbation type as well as additional sta-
tistical tests on the response distributions.
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C.1 Robustness against Non-Bias
Perturbations

This heatmap highlights to which extent the LLMs
are affected by non-bias perturbations. We can see
large model-specific differences.

We see that especially the smallest L1ama mod-
els are responding not in a robust way. These re-
sults are consistent across the different non-bias
perturbations. Especially when facing more than
one perturbation in the Interaction perturbation,
where both answer option scale and question phras-
ing were altered, the robustness drops drastically
across all models .

Moreover, we identify perturbations that are
less robustness-harming than others. For example,
swapping letters within a word does not impact re-
sponse robustness as much as typos or introducing
completely different words, synonyms, or rephras-
ing the whole sentence.

C.2 Distance Calculation for Central
Tendency and Opinion Floating Bias

This section shows how the response shifts to the
central category is measured for the bias perturba-
tions Odd/Even Scale Transformation and Priming
Suffix. By calculating the differences in distances
to the central point of the answer option scale we
try to identify if the average distribution shifts to
the central scale point. The actual differences in
distance for each answer option scale type and for
the two perturbations are visualized in Table 10a
and Table 10b.

To better understand how the shift towards the



) (0) (7) ) ) (10)

Model Key Letter Keyboard Svnonvms  Paraohrase Paraphrase
Typos Swap Typos ynory P x Reversed

Llama Family
L3.3-70B 0.52  0.76 0.56 0.58 0.61 0.44
L3.1-8B 032  0.31 0.21 0.31 0.15 0.10
L3.2-3B 0.02 0.11 0.08 0.13 0.05 0.03
L3.2-1B 0.03 0.10 0.00 0.13 0.00 0.00
Owen Family
Q3-32B 0.31 0.34 0.31 0.34 0.19 0.23
Q3-30BT 0.19 0.31 0.19 0.31 0.21 0.23
Q3-14B 0.34 047 0.37 0.39 0.40 0.39
Q3-8B 0.29 0.35 0.32 0.37 0.37 0.19
Q2.5-7B 0.48 0.63 0.42 0.55 0.44 0.37
Q3-4B 0.39 0.44 0.47 0.50 0.34 0.19
Q3-1.7B 0.50  0.58 0.58 0.53 0.60 0.34
Q3-0.6B 0.03 0.05 0.10 0.13 0.06 0.00
Gemini Family
G1.5P 0.68 0.73 0.66 0.58 0.53 0.24
G2.5P 0.35 0.34 0.35 0.31 0.32 0.24
G2.5F 0.21 0.16 0.27 0.10 0.15 0.13
Others
M7B 0.58 0.65 0.60 0.71 0.53 0.45
Y1.5-6B 0.50  0.50 0.45 0.65 0.29 0.29
P3.5M 0.50 0.61 0.47 0.71 0.53 0.48

Table 5: Share of Fully Robust Responses by Perturbation Type and Model (7). The models are ordered by

model family and parameter size.

middle is measured, we present an anecdotal visu-
alization in Figure 3 of the thought behind whether
we observe a central tendency bias or an opinion
floating bias.

In addition, Table 6 underlines that a middle
category is significantly more often chosen than
assumed under a uniform, or random, distribution
of responses across the scale.

Thus, a twofold analysis of not only investigating
the shift of average responses between response
distributions in the perturbation and original setting
is important, but also the statistically assessment to
make grounded claims.

By conducting a statistical binomial test, we
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tried to account for that (Table 6).

C.3 Refusal and Invalid Responses

This section should give a broader overview of the
refusal rates (LLM chose the "Don’t know" answer
option) and the invalid responses (e.g. a LLM did
not return any valid response).

It is important to have inspect the overall return
rates for all the models as these might have impli-
cations on the interpretability of the results. For
example, when a model exhibits high refusal or
invalid response rates, its results might be not very
well interpretable as the main analysis only focused
on the valid responses.



3-pt 5-pt 11-pt

Model Likert Likert Likert

Scale Scale Scale
Llama Family
L3.3-70B  1.00 1.00 0.00
L3.1-8B 1.00 0.07 0.00
L3.2-3B 0.00 0.00 0.00
L3.2-1B 0.31 0.00 1.00
QOwen Family
Q3-32B 1.00 0.01 0.00
Q3-30BT 1.00 0.00 0.00
Q3-14B 0.85 0.95 0.00
Q3-8B 1.00 0.11 0.00
Q2.5-7B 1.00 0.76 0.00
Q3-4B 0.59 0.92 0.00
Q3-1.7B 0.00 1.00 1.00
Q3-0.6B 1.00 1.00 1.00
Gemini Family
G1.5P 1.00 1.00 0.00
G2.5P 1.00 0.00 0.00
G2.5F 1.00 0.00 0.00
Others
M7B 0.00 0.00 0.00
Y1.5-6B 1.00 0.00 0.00
P3.5M 1.00 1.00 0.00

Table 6: P-Values of a Binomial Test on the Middle
Category in an Odd Scale. The p-values indicate a
hypothesis test with a Null-Hypothesis stating that the
middle category is not selected significantly more often
assumed under a uniform distribution or completely
random selection of answer options. However, for larger
scale types, the middle category becomes much more
relevant as it is significantly chosen more frequently
than any other category.
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Computation of Difference in Distance
T T

Doriginal = |C = Horiginail

Dperturved = |C = Hpertubed|
Dorginal

Frequency

Response Labels
(Scale 1-11)

Figure 3: Exemplary Difference in Distances to Scale
Center of Responses to a Perturbed and Original
Q&A Pair. The absolute distance is measured between
the scale center and the response mean. Then, D =
Dyerturved — Doriginal- A negative result indicates that
the mean response in the perturbed setting is closer to
the ideal scale center.

Therefore, this analysis gives insights which re-
sults are more reliable than others as for some mod-
els there are more valid responses as for others.
For example, for Qwen we can see large refusal
and invalid response rates, generally, but especially
in sensitive thematic areas, such as Perceptions of
Elections.

C.4 Consistency of LLM Survey Responses

This section shows how consistent different LLMs
respond to close-ended survey questions when fac-
ing the same Q&A pair multiple times. As ex-
plained in Section 3, we provide each model with
the same Q&A pair in each perturbation stage 25
times and request a response. By running the same
setting multiple times we try to identify how consis-
tent LLMs respond generally and whether there are
differences when facing the same, but syntactically
incorrect (e.g. key typos, etc.), prompts.

Figure 9 highlights that the LLMs consistency in
responding is not really affected by specific pertur-
bation types. Thus, "incorrect, flawed prompts" do
not increase the response inconsistency of LLMs.

However, there are again large differences be-
tween models. We see that especially the smallest
Llama models and Qwen exhibit strong inconsis-
tent responses given the same Q&A pair 25 times,
whereas larger LLMs are very consistent. Nonethe-
less, the Llama model family seems to be more
inconsistent, generally.



Model Orig. Rev. Miss. Odd Even Emo. Key Letter Keyb. Syn-  Para- Para.
Ans. Ref. Scale Scale Prim. Typos Swap Typos onyms phrase x Rev.
Llama Family
L3.3-70B  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.02 0.06 0.03
L3.1-8B  0.19 0.02 0.00 0.14 023 019 025 023 022 0.25 0.20 0.10
L3.2-3B 023 023 0.5 028 022 022 030 037 027 0.24 0.30 0.25
L3.2-1B  0.15 028 007 009 032 019 0.11 0.16  0.15 0.16 0.19 0.24
Owen Family
Q3-32B 002 002 001 005 002 010 0.10 006 0.08 0.04 0.05 0.06
Q3-30BT 050 047 004 048 056 046 049 052 050 0.45 0.57 0.57
Q3-14B 0.10 0.08 0.00 007 0.11 009 022 012 0.19 0.14 0.21 0.11
Q3-8B 0.01 003 0.00 000 o0.01 005 0.11 0.09 0.12 0.05 0.10 0.08
Q25-7B 040 0.08 006 031 043 042 049 046 050 0.37 0.38 0.10
Q3-4B 0.16 001 0.00 0.12 023 0.18 0.14 0.11 0.12 0.14 0.08 0.06
Q3-1.7B  0.02 0.03 002 002 007 0.04 008 0.02 0.07 0.06 0.00 0.05
Q3-06B 0.14 0.01 002 0.11 0.14 024 008 0.10 0.09 0.14 0.16 0.01
Gemini Family
G1.5P 0.12 0.11 003 003 0.11 007 0.14 0.08 0.11 0.14 0.28 0.00
G2.5P 050 059 0.12 047 060 070 053 050 051 0.50 0.51 0.57
G2.5F 044 041 0.00 044 050 047 048 044 048 0.40 0.47 0.47
Others
M7B 0.06 008 0.03 006 008 003 0.03 003 0.03 0.06 0.06 0.03
Y15-6B 006 0.05 0.00 0.16 018 011 0.06 0.02 0.10 0.06 0.35 0.05
P3.5M 0.05 0.00 0.00 0.00 o010 008 010 0.06 0.10 0.05 0.02 0.02

Table 7: Overall Share of Unsuccessful and Refusal Interviews across Perturbation Type and LLMs. ()
Especially the largest non-reasoning models, such as Llama-3.3-70B, Qwen3-32B, and Gemini-1.5-Pro do not
refuse the answers or generate wrong interviews (e.g. wrong labels). Reasoning, however, drastically reduces the
adherence to respond to a question with one of the answer option categories.

C.5 Comparison of Robustness against
Perturbations by Scale Size

The following plots try to reveal in more detail
the extent of robustness drop by perturbation de-
pending on the answer option scale dimension. We
identified a drop in robustness as the scale size
became larger.

The responses of the smallest LLMs are gener-
ally not robust at all. However, when the scale
has ten options the responses robustness plummets
across all perturbations and not even a single re-
sponse distribution returned in the original Q&A
setting can be generated. This indicated that the
smallest L1ama as well as the chinese LLLMs Qwen
and Yi are not able to cope with perturbations, es-
pecially when facing a lot of options to choose
from.

In all cases, the interaction perturbation with
both question and answer option alterations leads
to the largest drop in robustness across all mod-
els and scale sizes. It is striking, that larger
models, especially state-of-the-art models like
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Gemini-1.5-Pro, cannot answer robustly given
multiple perturbations.

Researchers should take into account the scale
size when generating synthetic responses from
close-ended survey Q&A pairs.



Rev. Miss. Odd Even Emo. Key Letter Keyb. Syn-  Para- Para.

Model ig. .
ode Orig Ans. Ref. Scale Scale Prim. Typos Swap Typos onyms phrase x Rev.

Llama Family

L3.3-70B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
L3.1-8B 0.51 0.00 0.00 039 054 043 0.71 0.50  0.39 0.72 0.25 0.00
L3.2-3B 039 041 0.00 046 038 048 045 040 038 0.39 0.23 0.13
L3.2-1B 0.03 0.02 007 007 007 000 003 0.00 0.01 0.06 0.13 0.13

Owen Family

Q3-32B 0.05 0.10 0.00 007 007 020 040 023 0.28 0.01 0.09 0.02
Q3-30BT 097 091 0.3 093 095 099 088 092 0.79 0.49 0.87 0.79
Q3-14B 0.00 0.00 0.00 001 000 021 0.12 007 0.05 0.00 0.17 0.07
Q3-8B 0.00 0.00 0.00 0.00 000 000 000 0.00 0.00 0.00 0.00 0.00
Q25-7B 091 034 0.00 069 093 050 0.83 1.00  0.83 0.83 0.83 0.67
Q3-4B 0.00 0.00 0.00 0.00 000 0.13 000 0.00 0.00 0.00 0.00 0.03
Q3-1.7B 0.00 0.00 0.00 0.00 0.00 001 0.00 0.00 o0.00 0.00 0.00 0.00
Q3-0.6B 0.01 0.01 0.00 0.01 001 0.11 0.01 0.07  0.01 0.01 0.13 0.01

Gemini Family

G1.5P 037 047 0.00 005 034 000 081 033 033 0.33 0.17 0.00
G2.5P 1.00 1.00 031 1.00 1.00 1.00 0.98 1.00  1.00 0.90 0.87 0.81
G2.5F 0.86 091 002 081 083 100 093 08 0.8 0.64 0.85 0.87

Others

M7B 0.17 0.00 0.00 0.17 0.17 0.00 0.17 0.17 0.17 0.00 0.33 0.17
Y1.5-6B  0.00 0.00 0.00 0.00 0.00 0.17 0.00 0.00 0.00 0.00 0.17 0.00
P3.5M 0.17 0.00 0.00 000 0.17 050 0.17 0.17 0.00 0.17 0.17 0.00

Table 8: Perception of Elections: Share of Refusal & Unsuccessful Interviews. (]) The models are ordered by
model family and parameter size.
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Rev. Miss. Odd Even Emo. Key Letter Keyb. Syn-  Para- Para.

Model Orig. Ans. Ref. Scale Scale Prim. Typos Swap Typos onyms phrase x Rev.

Llama Family

L3.3-70B 0.13 0.04 020 0.00 0.14 026 0.07 020 0.00 0.18 0.20 0.08
L3.1-8B 0.61 108 068 044 053 084 0.14 069 0.39 0.65 0.34 0.68
L3.2-3B 140 119 119 116 135 1.18 1.19 1.25 1.49 1.61 1.46 0.95
L3.2-1B 194 153 192 138 190 134 135 1.51 1.15 1.70 1.45 1.21

Owen Family

Q3-32B 073 062 066 0.17 073 1.00 079 0.83 1.01 1.12 0.39 0.49
Q3-30BT 039 042 021 032 040 054 028 046 031 0.43 0.56 0.00
Q3-14B 021 030 039 003 031 028 024 0.17 033 0.37 0.10 0.23
Q3-8B 041 033 046 026 050 033 026 062 0.27 0.80 0.28 0.44
Q25-7B 038 046 038 035 041 042 0.13 020 0.16 0.14 0.34 0.34
Q3-4B 079 069 129 050 083 031 050 044 0.19 0.59 0.67 0.54
Q3-1.7B  0.14 0.03 0.14 0.15 0.16 041 0.11 0.03 0.02 0.23 0.00 0.00
Q3-0.6B 0.68 0.74 143 091 058 200 058 042 031 0.58 0.55 0.52

Gemini Family

G1.5P 0.00 0.00 007 000 002 005 022 017 0.00 0.39 0.00 0.00
G2.5P 048 050 057 039 047 069 038 0.61 0.51 0.68 0.33 0.50
G2.5F 085 064 08 054 08 083 082 083 0.63 1.27 0.50 0.46

Others

M7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Y1.5-6B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
P3.5M 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 9: Large model-specific differences in response entropy. (|) Little to no perturbation-specific differences.
Each scale size subsumes all selected questions. This figure displays the mean entropy across all questions in that
scale type for all perturbation and model combinations. Warmer colors indicate a higher average dispersion of the
responses across the potential answer options. E.g., if a model answers always with the same label, the entropy is 0.
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3-pt 4-pt 5-pt 10-pt 3-pt 4-pt 10-pt

Model Likert Likert Likert Likert Model Likert Likert Likert
Scale  Scale Scale Scale Scale Scale Scale
Llama Family Llama Family
L3.3-70B 0.35 -0.04 0.04 -0.12 L3.3-70B -0.28 -0.22 -1.11
L3.1-8B -0.19 -0.15 -2.46 L3.1-8B -0.50 -0.18 -0.13
L3.2-3B -0.47 0.04 -0.34 L3.2-3B -0.05 -0.28 0.39
L3.2-1B -0.04 0.14 0.01 -0.15 L3.2-1B 0.31 -0.53 0.78
Owen Family QOwen Family
Q3-32B 0.04 -0.05 0.03 -0.37 Q3-32B 0.18 -0.16 -0.43
Q3-30BT -0.18 0.81 0.07 -0.15 Q3-30BT -0.36 0.78 -1.06
Q3-14B -0.04 -0.02 0.03 -0.71 Q3-14B -0.31 -0.24 -0.38
Q3-8B 0.01 -0.11 0.03 0.27 Q3-8B -0.28 -0.42 -1.83
Q2.5-7B 0.19 -0.49 -0.01 0.28 Q2.5-7B 0.42 -0.23 -2.01
Q3-4B -0.32 -0.12 -0.35 0.24 Q3-4B 043 -0.13 1.43
Q3-1.7B -0.03 -0.12 -0.47 0.70 Q3-1.7B 0.46 0.13 -3.25
Q3-0.6B 0.20 0.08 -0.06 1.49 Q3-0.6B -0.14 -0.43 0.40
Gemini Family Gemini Family
G1.5P 0.06 -0.26 0.26 G1.5P -0.33 -0.47 -1.11
G2.5P 0.10 -0.07 -0.07 0.38 G2.5P -0.61 0.23 -0.62
G2.5-F 0.09 -0.07 0.12 0.09 G2.5F -0.21 -0.40 -0.45
Others Others
M7B 0.17 0.04 -0.23 M7B -0.02 -0.28 -1.08
Y1.5-6B -0.17 -0.08 0.17 2.95 Y1.5-6B -0.15 -0.16 -0.26
P3.5M -0.20 -0.05 0.33 -0.48 P3.5M 0.30 -0.26 1.60
(a) Models adjust their answer behavior towards the mid- (b) Models adjust their answer behavior towards the mid-
dle when the refusal category is missing. dle when a middle category is existent.

Table 10: The values display the difference in mean distance of the perturbed, (a) without refusal category
and (b) with middle category to the scale center. Bold values indicate a shift towards the scale center. For
original even scales an artificial middle category is created and vice versa to be able to compare even and odd scales
with one another for every question. Thus, in an original 5-pt Likert scale the middle category is removed, whereas
in a 4-pt Likert scale a middle category is added. No changes are removed for better readability.
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Family Model Params Recency  Opinion Central Emotional

Bias Floating Tendency  Priming
Llama-3.3-70B-Instruct 70B v X X
Liama Llama-3.1-8B-Instruct 8B v X
Llama-3.2-3B-Instruct 3B v v X
Llama-3.2-1B-Instruct 1B v X
Qwen3-32B 32B v X
Qwen3-30B-A3B (Thinking) 30B v v X
Qwen3-14B 14B v X
Owen Qwen3-8B 8B v X
Qwen2.5-7B-Instruct 7B v
Qwen3-4B 4B v X
Qwen3-1.7B 1.7B X
Qwen3-0.6B 0.6B v X
Gemini-1.5-Pro n/a v X
Gemini  Gemini-2.5-Pro n/a v v
Gemini-2.5-Flash n/a v v X
Mistral-7B-Instruct-v0.3 7B v X v
Others  Phi-3.5-mini-Instruct 3.8B v v
Yi-1.5-6B-Chat 6B v

Notes: Recency Bias: disproportionate selection of the last-presented answer option when response order is reversed (17/18

models affected; increase ranges from +5% to +2027%). Opinion Floating: shift of responses toward the scale centre when a
“Don’t know” refusal option is removed; most pronounced in smaller models. Central Tendency: over-selection of a middle
category when one is explicitly provided; significant on larger scales (binomial tests, p < .05 for most models on 11-point
scales). Emotional Priming: change in refusal rate after appending “This is very important to my research! You better do not
refuse the answer.”; inconsistent across models. Reasoning-capable models show the recency bias at greatly reduced magnitude
(= 0.07-0.09x rather than > 1x) but tend to generate more invalid/refusal responses overall.

Table 11: Human-Like Survey Response Biases Identified per LLM. Legend: v" human-like survey response bias;
partial or inconsistent evidence; x not detected; Model sizes are approximate parameter counts.
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Robustness by Scale Type: 3-pt Likert Scale

Reversed Answer Options.

Missing Refusal

Even Scale

Emotional Priming

Key Typos

Perturbation

Letter Swap

Share of Fully Robust Responses

Keyboard Typos.
Synonyms.
Paraphrase

Paraphrase x Reversed

Model

(a) 3-point Likert Scale

Robustness by Scale Type: 4-pt Likert Scale

Reversed Answer Options.
Missing Refusal

Even Scale

Perturbation
Share of Fully Robust Responses

Model

(b) 4-point Likert Scale

Figure 4: Model-specific differences in fully robust re-
sponses on most perturbations on the 3 and 4-point
scale. This figure shows the share of fully robust re-
sponse distributions given the original response distribu-
tion and the responses based on the specific perturbation
on the y-axis. Compared to 5 the robustness of responses
drops when the scale size becomes larger. The smallest
L1ama models perform very poorly across all scales.
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Robustness by Scale Type: 10-pt Likert Scale

Reversed Answer Options
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Even Scale

Emotional Priming

Key Typos -

Perturbation

Letter Swap - 0.46.

2
Share of Fully Robust Responses

Keyboard Typos - 0.38

Synonyms - 0.46

Paraphrase

Paraphrase x Reversed

& =
\&‘J} \&‘J} \&‘* & & K & &
P & & & o o
ped ke ke ket & 2 «
T &
S A ¥

Model
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Figure 5: Model-specific differences in fully robust
responses on most perturbations on the 5- and 10-
point scale. This figure shows the share of fully robust
response distributions given the original response dis-
tribution and the responses based on the specific per-
turbation on the y-axis. Compared to 4 the robustness
of responses drops when the scale size becomes larger.
The smallest L1ama models perform poorly across all
scales.
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Abstract

The choice between English-derived loanwords
(gairaigo) and native Japanese equivalents
is a socially meaningful aspect of language
use, carrying implications for register, style,
and pragmatic interpretation. We introduce a
controlled evaluation dataset probing how large
language models encode this form of sociolin-
guistic variation. The dataset comprises 113
interchangeable lexical pairs embedded across
six communicative contexts spanning formal
and informal, spoken and written registers. We
evaluate 16 Japanese-capable LLMs across
three complementary tasks: sentence rating,
pairwise choice, and masked word prediction.
Although both lexical forms were generally
rated as natural, models diverged substantially
in their contextual sensitivity and lexical
preferences, revealing architectural differences
in how socially grounded lexical alternatives are
represented. These findings suggest that surface
fluency may mask instability in modeling
pragmatic variation, with implications for
socially aware language generation and
evaluation. Dataset and prompts will be made
publicly available upon publication to facilitate
replication and further research.

1 Introduction

The Japanese lexicon is characterised by extensive
borrowing, particularly from English (Irwin,
2011; Tomoda, 1999). English-derived loanwords,
known as gairaigo, coexist with native (wago) and
Sino-Japanese (kango) equivalents and are typically
written in katakana. In many cases, loanwords
overlap semantically with existing Japanese terms.
For example, henji (REF) and ripurai (V) 7 5 1)
both denote a reply, yet differ in communicative
association and contextual framing. Henji functions
as a broad native term used across a wide range of
settings, whereas ripurai is more closely associated
with digital communication and contemporary

discourse. Such alternations are not neutral substi-
tutions but carry contextual and social meaning.
Loanword usage in Japanese reflects multiple
sociolinguistic dimensions. English-derived forms
may signal modernity, international orientation,
technological currency, or commercial branding,
while native equivalents may evoke institutional
authority, convention, or cultural continuity. At
the same time, register distinctions in Japanese
remain highly codified and play a central role
in shaping lexical, grammatical, and pragmatic
choices in both speech and writing (Liu and Allen,
2014; Dunn, 1999; Matsumoto, 1988). Formal
and informal contexts often impose systematic
constraints on lexical selection, making register
a salient and empirically tractable dimension
of sociolinguistic variation. Although lexical
alternation cannot be reduced to formality alone,
the formal—informal contrast provides a principled
baseline for examining contextual sensitivity.
These issues are increasingly relevant in the
context of large language models. Contemporary
LLMs trained on large-scale Japanese corpora are
exposed to diverse registers and communicative
styles (Kuribayashi et al., 2021).  However,
exposure does not necessarily imply appropriate
contextual differentiation. Models may generate
fluent output while failing to distinguish subtle
register constraints or socially appropriate lexical
choices. For applications in education, translation,
and writing assistance, such distinctions are conse-
quential. If models treat near-equivalent loanword
and native forms as interchangeable across contexts,
they risk obscuring sociolinguistic nuance.
Despite growing interest in stylistic control and
sociolinguistic evaluation of LLMs, systematic
examination of context-sensitive lexical alternation
in Japanese remains limited. In this paper, we inves-
tigate how LLMs select between English-derived
loanwords and native Japanese equivalents across
structured communicative settings. We introduce a
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dataset of 113 interchangeable lexical pairs embed-
ded across six contexts that vary by register, mode,
and discourse function. Because each sentence
pair differs only in lexical form, the design enables
controlled testing of contextual differentiation
while holding semantic content constant.

We evaluate a closed-source model (GPT-5)
alongside state-of-the-art open-source Japanese-
capable LLMs using three complementary tasks:
sentence-level rating, pairwise comparison, and
masked prediction. Together, these tasks allow us to
examine both surface judgements of naturalness and
token-level lexical preferences. Our study provides
areusable evaluation resource and empirical insight
into how contemporary LLMs encode sociolinguis-
tic variation in Japanese, contributing to ongoing
efforts to develop culturally informed and pragmat-
ically appropriate NLP systems. Our objective is
not to determine which lexical form is correct in a
given context, but to probe whether different archi-
tectures exhibit systematic and context-sensitive
differentiation under controlled conditions.

2 Related Work

2.1 Loanwords in Japanese

The tripartite structure of the Japanese lexicon,
wago, kango, and gairaigo, is well established
(Shibatani, 1990; Irwin, 2011). While borrowing
from Chinese has shaped the lexicon for centuries,
English-derived loanwords have expanded rapidly
in recent decades and now occupy a prominent role
across communicative domains. Beyond filling
lexical gaps, gairaigo frequently serve stylistic
and pragmatic functions. Sociolinguistic accounts
emphasise their role in indexing modernity,
cosmopolitan identity, technological innovation,
and global orientation (Stanlaw, 2004; Loveday,
1996; Takashi, 1990).

Loanword choice is therefore not merely
semantic substitution but a socially meaningful
choice. In advertising and professional discourse,
English borrowings can signal Western affiliation or
prestige (Takashi, 1990), while native equivalents
may evoke institutional authority or tradition.
Loanword choice is therefore not merely semantic
substitution but a socially meaningful one. This
view follows a long tradition in variationist sociolin-
guistics establishing that lexical and phonological
alternation is socially stratified and stylistically
conditioned (Labov, 1973), and that variants
carry not fixed categorical meanings but a field
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of context-dependent social associations (Eckert,
2008). In advertising and professional discourse,
English borrowings can signal Western affiliation or
prestige (Takashi, 1990), while native equivalents
may evoke institutional authority or tradition.
Register distinctions further shape lexical selection,
as formal and informal contexts systematically in-
fluence lexical, grammatical, and pragmatic choices
(Liu and Allen, 2014; Dunn, 1999; Matsumoto,
1988). These findings establish lexical alternation
as a context-sensitive phenomenon embedded in
broader sociocultural systems.

Semantic divergence between loanwords
and their English source forms has also been
documented. Using distributional embeddings,
Takamura et al. (2017) demonstrate measurable
shifts in meaning, reinforcing the need for careful
consideration of semantic equivalence when
constructing interchangeable pairs. Research on
English-derived words coined within Japan further
highlights divergence in usage and interpretation
(Hatanaka and Pannell, 2016). Such work under-
scores the complexity of treating loanwords and
native equivalents as fully interchangeable forms.

2.2 Loanwords in Language Acquisition

Loanwords play a documented role in second
language acquisition. Daulton (2008) describes
English-derived vocabulary in Japanese as a
“built-in lexicon” that facilitates lexical access
while potentially encouraging assumptions of cross-
linguistic equivalence. Classroom studies report
that both learners and teachers perceive loanword-
based transfer as a source of facilitation as well as
confusion, particularly where form and meaning
diverge (Spring, 2018). Attitudinal research further
suggests ambivalence toward loanwords, balancing
perceived usefulness against concerns about clarity
or appropriateness (Daulton, 2011).

Empirical studies demonstrate both benefits and
risks of loanword reliance. Aizawa et al. (2024)
show that Japanese learners perform better on En-
glish vocabulary tests when target words correspond
to familiar loanwords, while Ferries (2022) find
evidence of loanword-influenced semantic transfer
in learner English writing. Comprehension studies
also indicate that understanding of loanwords
varies depending on speaker background (Alharaki
etal., 2023). Together, this literature suggests that
near-equivalent loanword—native pairs may not be
interpreted uniformly across audiences, and that



contextual appropriateness remains a pedagogically
relevant concern.

2.3 LLM Evaluation and Sociolinguistics

Large language models have demonstrated strong
performance in Japanese—English translation and
related generation tasks (Yan et al., 2024; Jiao et al.,
2023). Benchmarks such as the Open Japanese
LLM Leaderboard evaluate translation, sum-
marisation, and dialogue performance, indirectly
reflecting stylistic competence, though without
explicit focus on lexical alternation.

Beyond translation quality, research has begun
probing LLMs for sociolinguistic sensitivity.
Controlled prompting studies show that persona and
role instructions can shift output style (Salewski
et al., 2023). Dialect-sensitive evaluation reveals
disparities across language varieties (Deas et al.,
2023; Tjuatja et al., 2024), while multilingual
analyses of politeness and formality report partial
but inconsistent alignment with human norms
(Srinivasan and Choi, 2022). In Japanese NLP,
corpora for spoken-to-written style conversion and
text simplification further highlight the importance
of modelling register and pragmatic variation (Ihori
et al., 2020; Maruyama and Yamamoto, 2018;
Katsuta and Yamamoto, 2018; Hatagaki et al., 2022;
Nagai et al., 2024; Urakawa et al., 2024).

However, systematic evaluation of context-
sensitive lexical choice between loanwords and
native equivalents remains limited. Our work
addresses this gap by introducing a structured
evaluation for analysing contextual differentiation
in Japanese lexical choice across multiple LLM
architectures.

3 Data processing

3.1 Loan word extraction

To extract loanwords, we leveraged several large-
scale Japanese-English datasets (JMdict Project,
2025; range3, 2023; Maruyama and Yamamoto,
2018). We filtered the lexicon to identify all entries
designated as loanwords (katakana written terms)
and selected those with a corresponding native
Japanese synonym. This procedure provided an
initial list of pairs. This list was further supple-
mented with manually selected pairs from semantic
domains in which loanwords are especially
prevalent (e.g., colour terminology), ensuring

1https://huggingface.co/spaces/llm—jp/
open-japanese-11lm-1leaderboard
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broader coverage across frequently occurring
lexical categories. The resulting list was then
curated to retain only those pairs where the terms
were commonly interchangeable in modern usage.
In total, we extracted 221 candidate loanwords.

3.2 Sentence Generation

Using the curated list of loanword—native pairs, we
constructed a sentence-level evaluation dataset. To
ensure systematic and context-controlled genera-
tion, we employed the generative model Gemini 2.5
Pro (Comanici et al., 2025) to produce paired sen-
tences for each lexical item. The aim was to embed
each pair within communicative settings that vary
along dimensions of register, mode, and discourse
function, enabling controlled testing of contextual
sensitivity. Prompt provided in Appendix B in Tab 5.
For each lexical pair, we generated sentences
across six predefined communicative contexts:

* Formal Conversation: A short, polite
dialogue typical of a business or service
interaction.

Formal Written: A sentence resembling a
report, academic paper, or official correspon-
dence.

Formal Explanation: A definition or
technical description, as found in a textbook
or manual.

Informal Conversation: A casual exchange
between friends or peers.

Informal Written: A sentence similar to a
personal message, email, or social media post.
Informal Explanation: A casual explanation
directed at a peer.

For each context, the model was prompted to
generate two sentences that were semantically
equivalent and differed only in lexical choice,
specifically the use of the loanword versus its native
counterpart. Because some loanwords exhibit pol-
ysemy, prompts explicitly constrained generation to
senses in which both forms were contextually inter-
changeable. This ensured that lexical form remained
the sole manipulated variable, isolating contextual
preference rather than semantic divergence.

3.3 Automatic Quality Check

We implemented an automatic quality check to filter
the generated dataset for semantic consistency. The
core of this check was a back-translation workflow
designed to detect potential meaning shifts between
the loanword and native sentence variants.


https://huggingface.co/spaces/llm-jp/open-japanese-llm-leaderboard
https://huggingface.co/spaces/llm-jp/open-japanese-llm-leaderboard

Japanese English

CNIERINTSF v AT
F

This is a chance to succeed.

SRR B RS TT.

This is an opportunity to succeed.

Table 1: Example illustrating lexical pair: “F + > A”
(chansu) vs. “F%£ (kikai).

For each Japanese sentence pair, both versions
were translated into English using the DeepL. API?
and the Google Translate API,? producing corre-
sponding English sentences. To quantify semantic
similarity, we generated sentence embeddings for
each translation using a pre-trained multilingual
Sentence-BERT model (Reimers and Gurevych,
2019).* Cosine similarity was then computed
between the embedding vectors.

Sentence pairs with a similarity score below a
threshold of 0.95 were automatically flagged for
review. Terms for which the majority of sentence
pairs were flagged were removed from the dataset.
For terms with only one or two flagged instances,
new sentences were generated.

The use of round-trip translation as a proxy
for semantic equivalence follows established
practice in machine translation evaluation, where
back-translation and semantic comparison are used
to detect meaning divergence and verify consistency
between parallel sentence pairs (Jia et al., 2025;
Edunov et al., 2020; Federmann, 2012).

3.4 Manual Quality Check

The quality and consistency of the generated dataset
were ensured through manual verification by a
fluent bilingual (English-Japanese) evaluator. The
evaluator confirmed the semantic integrity and
contextual interchangeability of each sentence pair.
Specifically, both the loanword and native term
had to convey the same propositional meaning and
function as valid substitutes within the specified
context (e.g., Formal Written). Grammatical well-
formedness under substitution was also verified.
Table 1 illustrates a case in which lexical alter-
nation may introduce subtle shifts in connotation
without altering overall intent. Although chansu
(F ¥ > A) and kikai (F%<>) both refer to the
possibility of doing something, chansu is often
rendered as “chance,” carrying a slightly casual or

2https://www.deepl.com/en/pro—api

3https://cloud.google.com/translate/docs/
reference/rest

4https://huggingface.co/sentence—transformers/
paraphrase-multilingual-mpnet-base-v2
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motivational tone, whereas kikai is more frequently
translated as “opportunity,” particularly in formal
or institutional contexts. Substituting one for the
other does not substantially change the underlying
meaning of the sentence, but it may affect perceived
register or formality. Pairs exhibiting such shifts
in domain specificity, connotation, or pragmatic
scope were excluded from the dataset. This filtering
criterion was applied consistently across all candi-
dates to ensure that retained pairs were genuinely
interchangeable across the six communicative
contexts. After automatic and manual quality
checks, 113 lexical pairs remained. Each pair was
embedded across six contexts with two variants per
context, yielding 12 sentences per pair and a total
of 1,356 sentences in the final dataset.

4 Experimental Setup

4.1 Task Definition

We evaluate lexical selection using three com-
plementary tasks designed to probe contextual
sensitivity at both sentence and token levels.

In the Rating Task, the model is presented with
a single sentence containing either the loanword
or its native equivalent, together with the specified
communicative context. The model assigns a
naturalness score on a five-point scale. These
ratings allow comparison of perceived acceptability
across lexical forms and contexts.

In the Comparison Task, the model is given
two sentences that are identical except for the
target word and must select the more natural option
within the given context. Each pair is presented
twice with reversed order. The Self score in this
task measures order consistency, calculated as the
proportion of instances in which a model selects the
same lexical option regardless of presentation order.
Pairwise agreement across models is used to assess
cross-model convergence in lexical preference.

In the Masked Prediction Task, the target word
is removed and the model is asked to generate the
most appropriate lexical item. We record whether
the model produces the loanword, the native
equivalent, or an alternative form. Two variants are
implemented. In the WITH condition, the model
selects between the original pairs. In the OPEN
condition, no restriction is imposed and the model
freely generates a lexical item. The Self score in
this task measures agreement between a model’s
WITH and OPEN predictions for the same item.
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(b) Model rating sensitivity.

Figure 1: Results of the Rating Task. (a) Average naturalness ratings (1-5) across models and contexts. (b) Context
sensitivity of models, shown as relative differences between model scores and the overall average.

Importantly, our evaluation does not treat either
lexical form as inherently correct within a given
context, nor does it assume a fixed normative stan-
dard of speaker preference. Rather than measuring
alignment with human speaker norms, our analysis
focuses on relative architectural divergence across
models under controlled contextual conditions. The
goal is to examine how different LL.Ms distribute
lexical choices given identical inputs, not to deter-
mine which model best reflects contemporary usage.

4.2 Models

We evaluate a broad set of Japanese-capable LLM:s.
The closed-source group is represented by GPT-5
(Singh et al., 2025), while the open-source group
spans several model families: GPT-0SS (20B,
120B)(OpenAl, 2025), DeepSeek (Reasoner, Chat)
(DeepSeek-Al 2024), CyberAgent (DeepSeek-R1
Distill Qwen-32B Japanese) (Ishigami, 2025), Deep
Analysis Research (Japanese Qwen2.5-32B), the
ELYZA Shortcut series (7B, 32B) (Hirakawa
et al., 2025), the Qwen-3 family (8B, 32B,
30B-A3B, 235B-A22B) (Team, 2025), Kimi-K2
(Team et al., 2025), and Cohere Aya-Expanse (8B,
32B) (Dang et al., 2024). All prompts and model
specifications are provided in Appendix A and B.

S Results
5.1 Rating Task

Although both loanword and native equivalents are
valid, one may be more appropriate in context. The
Rating Task evaluates whether the constructed pairs
are perceived as interchangeable by measuring
overall naturalness without separating scores by lex-
ical type. Across all models, ratings for sentences
containing either form clustered toward the upper
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end of the scale (see Figure 1a). This concentration
suggests that the majority of generated pairs were
judged natural regardless of whether the loanword
or native variant was used, supporting the semantic
equivalence of the dataset.

Within this generally compressed range,
variation is more strongly attributable to model
calibration than to lexical form. Stability differs
by architecture rather than uniformly by size.
DeepSeek-Reasoner exhibits one of the flattest
rating profiles across communicative settings, with
minimal separation between formal and informal
contexts, and DeepSeek-Chat shows similarly
limited spread. GPT-5, by contrast, demonstrates
a systematic uplift in informal settings relative to
formal ones, indicating a consistent context effect
rather than complete uniformity. DeepSeek-R1-DQ-
32B-Japanese displays the largest within-model
variation, largely driven by a lower score in
Informal Written. Family-level tendencies are also
visible: Qwen and DeepSeek models generally
assign higher average ratings overall, whereas
GPT-OSS variants apply comparatively stricter
evaluations, as illustrated in Figure 1b.

These differences primarily reflect evaluative cal-
ibration rather than strong lexical discrimination.
More generous systems may present a broad range
of lexical choices as equally acceptable, potentially
obscuring finer register distinctions. Conversely,
stricter systems may assign lower scores even when
both variants are contextually legitimate. The Rat-
ing Task confirms that both variants are generally ac-
cepted as natural within their contexts. This ensures
that subsequent tasks examine differences in pref-
erence rather than problems of semantic mismatch.



Comparative research in Japanese sociolin-
guistics shows that lexical preferences vary
systematically across contexts. Native terms are
generally favoured in formal settings, reflecting
expectations of careful or official language use
(Hashimoto, 2019). In informal contexts, distinc-
tions are less stable, and conversational settings
tend to allow greater variability (Stanlaw, 2004;
Loveday, 1996). Divergence between lexical
alternatives is often greater in interactionally
sensitive contexts and lower in informational or
technical discourse (Stanlaw, 2004; Loveday, 1996).
Sensitivity to register and context is therefore
central to sociolinguistic norms of lexical selection.

The relative generosity of Qwen and DeepSeek
models may reflect differences in training objectives
and instruction tuning. Systems optimised for
conversational helpfulness or safety alignment may
be less inclined to assign low ratings in the absence
of clear grammatical errors. Training data com-
position may also play a role, as exposure to web
or media corpora, where katakana loanwords are
frequent, could increase tolerance towards lexical
variation. Sentence length likewise affects ratings
(Appendix C). Overall, rating behaviour appears
to reflect calibration and optimisation choices in
addition to sociolinguistic sensitivity, underscoring
the importance of recognising model-specific
tendencies when interpreting LLM feedback.

5.2 Comparison Task

When comparing sentence pairs, models exhib-
ited systematic but non-convergent preferences.
Agreement rates were consistently above chance
yet moderate overall (see Table 2). Larger models
tended to align more closely with one another,
with GPT-5 showing the highest agreement with
GPT-OSS-120B and DeepSeek-Reasoner. In
contrast, smaller Aya, Kimi, and ELYZA variants
demonstrated lower cross-system alignment.

Order bias was evaluated by reversing sentence
presentation (Pezeshkpour and Hruschka, 2024).
Most models maintained high internal consistency
under this manipulation, particularly larger systems,
indicating that preferences were stable and unlikely
to arise from superficial prompt artefacts. Model
disagreement therefore appears to reflect genuine
differences in lexical judgement rather than task
instability.

Lexical preferences further revealed a contextual
divide (Figure 2). Native equivalents were more
frequently selected in formal registers, whereas
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Figure 2: Heatmap of loanword selection percentages
across six communicative contexts. Values indicate how
often models chose the loanword sentence. Darker/red =
higher loanword selection; lighter/blue = native selection

loanwords appeared more often in informal settings.
DeepSeek and GPT-OSS variants demonstrated
clearer contextual sensitivity, adjusting preferences
across registers. Aya variants showed weaker
differentiation and tended to favour loanwords
more uniformly. We do not establish a human
normative baseline in this study; our analysis
therefore describes divergence in model-internal
lexical distributions rather than verified alignment
with contemporary speaker behaviour.

The contrast with the Rating Task is notable.
While scalar ratings suggested broad acceptability
of both forms, direct comparison exposed sharper
architectural divergence. By requiring an explicit
binary choice, the Comparison Task reveals
lexical preferences that remain hidden in gradient
evaluations.

5.3 Masked Word Prediction Task

Within-model “Self” scores measured consistency
between the WITH condition, in which the original
loanword—native pair was provided, and the OPEN
condition, which allowed unconstrained generation.
Most systems demonstrated moderate to high
internal stability, particularly ELYZA, Kimi and
GPT variants. However, internal consistency did not
necessarily translate into cross-model agreement.
ELYZA models were stable within themselves yet
systematically distinct from other systems, whereas
Qwen models showed lower internal stability but
aligned more closely with peers.

Pairwise comparisons under both WITH and
OPEN exceeded chance levels but varied across
model families as shown in Table 3. DeepSeek-
Chat, Aya-Expanse-32B and Qwen3-32B exhibited
relatively stronger agreement with other systems,



Self (%) Pairwise agreement (%)
Model Avg  Min Model Max Model
gpt-5 91.7 | 68.5 56.8 aya-expanse-8b  78.5 gpt-0ss-120b
gpt-oss-120b 853 | 66.6 55.5 aya-expanse-8b  78.5 gpt-5
deepseek-reasoner 85.1 | 646 57.2 kimi-k2  75.8 gpt-5
gpt-0ss-20b 833 | 653 55.1 aya-expanse-8b  75.4 gpt-5
Qwen3-32B 823 | 644 549 aya-expanse-8b  73.0 gpt-5
DeepSeek-R1-DQ-32B-Japanese 74.0 | 63.0 564 ELYZA-Qwen-7B  69.0 deepseek-reasoner
ELYZA-Qwen-32B 68.0 | 61.5 55.1 ELYZA-Qwen-7B  65.0 ept-5
Qwen3-8B 63.0 | 60.0 54.1 aya-expanse-8b  64.6 gpt-5
aya-expanse-32b 624 | 604 550 aya-expanse-8b  65.9 gpt-5
qwen3-235b-a22b 61.8 | 61.3 538 aya-expanse-8b  68.0 gpt-5
Qwen3-30B-A3B 59.1 | 59.3 53.6 aya-expanse-8b  65.2 egpt-5
D2IL-Japanese-Qwen2.5-32B 59.1 | 60.1 53.6 aya-expanse-8b  65.6 gpt-5
deepseek-chat 552 | 60.5 539 aya-expanse-8b  65.5 egpt-5
ELYZA-Qwen-7B 46.5 | 57.2 535 kimi-k2  60.3 gpt-5
kimi-k2 338 | 56.6 522 aya-expanse-8b  58.8 gpt-5
aya-expanse-8b 329 | 546 522 kimi-k2  56.8 gpt-5

Table 2: Pairwise agreement. “Self” is to check order bias. Avg/Max/Min computed excluding self.

-
o
=)

- WITHWORD

0 IIIIIIIIIIIIIII

OPEN

% loanwords
s o
s © o

N
o

® W % a0 00 9 © o . o
o2 3 3P A% AP gv" 2 o 50“ geﬁ ° “‘\\ e« ‘\e"
o> e o 1. ¢ ) e 20" 2% ot 9 Wgw
a® °" \"’° o 0 o o 0 67 0% o
o e of *1} “.e“g dﬂe“e",,ee a*a— 1 3
o 8

p

o
oeavs

(a) Loanword selection rates under WITH vs. OPEN.

o
v’”\\'\a

Formal_Conversation

Informal_Conversation

Formal_Written

Informal_Explanation

Informal_Written e

Formal_Explanation —_—

0.00 0.05 0.10 0.15

% Loanword (WITH — OPEN)

0.20

(b) Contextual differences between WITH and OPEN.

Figure 3: Loanword usage patterns in the Masked Prediction Task. (a) shows aggregated loanword proportions across
models under WITH vs. OPEN with order from left to right showing the difference between the two tasks; (b) shows

context-specific gaps with 95% confidence intervals.

while ELYZA-Qwen-7B and DeepSeek-R1-DQ-
32B showed weaker alignment. Loanword selection
patterns clarify these dynamics (see Figure 3).
Under WITH, loanword usage approached balance
between alternatives. Under OPEN, loanword rates
decreased and cross-model divergence increased.
Constraining the candidate set therefore promotes
convergence, whereas unconstrained generation
exposes underlying distributional tendencies. Task
design thus meaningfully shapes lexical outcomes.
Taken together, masked prediction shows that
models converge at the level of broad stylistic
orientation but diverge at the level of specific lexical
realisation.  Structured prompting encourages
agreement, whereas open generation surfaces
architectural differences in lexical priors.

5.4 Discussion

Our results show that sentence-level ratings conceal
substantial variation in lexical preference. Across
contexts, models consistently assigned high natural-
ness scores to both loanword and native alternatives,

creating the impression of broad acceptability.
However, comparison and masked prediction tasks
revealed clearer divergence: models differed in
loanword frequency and in the degree to which they
tracked contextual cues. In several cases, architec-
tural divergence exceeded shifts across communica-
tive contexts. Rating-based evaluation therefore
appears relatively flat, whereas token-level probing
exposes finer lexical tendencies. This pattern aligns
with findings that generative models can exhibit so-
cially patterned behaviour even when surface-level
evaluations suggest neutrality (Hu et al., 2025).

Agreement patterns further clarify this distinc-
tion. Models often converged on broad stylistic
orientation while diverging in specific lexical real-
isations. Masked OPEN prediction tended to favour
native forms, whereas constrained WITH prediction
produced more balanced distributions. Pairwise
comparisons also revealed clearer register-based
shifts than scalar ratings (Figure 4). These findings
support the view that language models encode
distributions of socially meaningful styles and
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WITH (%) OPEN (%)
Model Self (%) —zyg—™im Model  Max Model | Avg  Min Model  Max Model
ELYZA-Qwen-7B 737 743 717 gpt-5  78.1 ELYZA-Qwen-32B | 75.8 71.5 DeepSeek-R1-DQ-32B-Japanese  80.0 deepseek-chat
kimi-k2 725 79.5 762 ELYZA-Qwen-7B  83.6 deepseek-chat | 76.5 68.6 DeepSeek-R1-DQ-32B-Japanese  87.2 Qwen3-32B
gpt-0ss-120b 72.3 79.2 744 ELYZA-Qwen-7B  83.0 deepseek-chat | 75.7 67.5 DeepSeek-R1-DQ-32B-Japanese  81.0 deepseek-chat
gpt-5 71.8 789 71.7 ELYZA-Qwen-7B  86.2 Qwen3-32B | 73.5 64.7 DeepSeek-R1-DQ-32B-Japanese  77.9 gpt-0ss-120b
deepseek-reasoner 71.3 783 75.6 ELYZA-Qwen-7B  83.4 deepseek-chat | 76.3  69.9 DeepSeek-R1-DQ-32B-Japanese  85.4 Qwen3-32B
ELYZA-Qwen-32B 70.4 80.2  76.7 gpt-oss-20b  82.1  D2IL-Japanese-Qwen2.5-32B | 78.0 72.1 DeepSeek-R1-DQ-32B-Japanese  84.6 Qwen3-32B
deepseek-chat 69.8 814 745 ELYZA-Qwen-7B  85.4 aya-expanse-32b | 78.0  69.7 DeepSeek-R1-DQ-32B-Japanese 81.7 ELYZA-Qwen-32B
qwen3-235b-a22b 69.6 79.3 73.1 ELYZA-Qwen-7B  83.3 aya-expanse-32b | 754  68.8 DeepSeek-R1-DQ-32B-Japanese  79.0 deepseek-chat
aya-expanse-8b 67.8 79.1 742 ELYZA-Qwen-7B  83.9 aya-expanse-32b | 72.9 67.2 DeepSeek-R1-DQ-32B-Japanese  79.2 aya-expanse-32b
Qwen3-30B-A3B 66.9 785 740 ELYZA-Qwen-7B  80.6 ELYZA-Qwen-32B | 72.3 66.2 DeepSeek-R1-DQ-32B-Japanese ~ 76.7 Qwen3-32B
aya-expanse-32b 66.7 81.5 75.7 ELYZA-Qwen-7B 854 deepseek-chat | 77.3  70.4  DeepSeek-R1-DQ-32B-Japanese  84.2 Qwen3-32B
gpt-0ss-20b 66.6 772 72.1 ELYZA-Qwen-7B  81.8 Qwen3-32B | 73.5 68.1 DeepSeek-R1-DQ-32B-Japanese  81.4 Qwen3-32B
DeepSeek-R1-DQ-32B-Japanese 66.3 79.6 77.5 ELYZA-Qwen-7B  82.0 ELYZA-Qwen-32B | 69.9 64.7 gpt-5 857 Qwen3-32B
D2IL-Japanese-Qwen2.5-32B 66.1 76.8 722 ELYZA-Qwen-7B  82.1 ELYZA-Qwen-32B | 744 67.7 DeepSeek-R1-DQ-32B-Japanese  81.4 Qwen3-32B
Qwen3-8B 61.6 774 72,6 ELYZA-Qwen-7B  80.3 Qwen3-30B-A3B | 74.6 703 DeepSeek-R1-DQ-32B-Japanese  79.1 deepseek-chat
Qwen3-32B 60.0 80.7 733 ELYZA-Qwen-7B  86.2 gpt-5 | 79.5 725 gpt-oss-120b  87.2 kimi-k2

Table 3: Pairwise agreement summary by condition (WITH / OPEN). “Self” is WITH vs. OPEN self-consistency.
All values shown as percentages. Avg/Max/Min computed excluding self.
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Figure 4: Bias scores across tasks (ratings, comparisons and masked predictions) in formal and informal contexts.
Points represent model averages; values to the left indicate preference for native forms, and values to the right indicate

preference for loanwords.

registers alongside grammatical structure (Grieve
etal., 2025).

At the same time, register alone does not deter-
mine loanword usage. English-derived forms in
Japanese frequently index modernity, global orien-
tation, technical precision, or euphemistic framing
independently of formal-informal contrasts
(Stanlaw, 2004; Loveday, 1996; Takashi, 1990). In
explanatory or technical contexts, katakana forms
may signal domain alignment rather than informal-
ity. While our evaluation operationalises register
within structured settings, the observed variation
likely reflects interaction between contextual cues
and broader sociocultural meanings. The results
should therefore be interpreted as evidence of
register-sensitive differentiation within this design
rather than as a comprehensive account of the
indexical functions associated with loanword usage.

These findings also have implications for LLM-
assisted language learning. Scalar judgements may
present alternatives as equally natural, obscuring
contextual differentiation, whereas comparison and
generative tasks reveal architecture-dependent lexi-
cal tendencies that vary with prompt framing. Effec-
tive deployment of LL.Ms in educational contexts
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therefore requires sociolinguistically informed eval-
uation and careful calibration (Nguyen, 2025). This
dynamic is reminiscent of how language attitudes
are socially conditioned: perceptions of appropri-
ateness and prestige are shaped by social experience
rather than being fixed properties of forms (Garrett,
2010; Eckert, 2008). In contemporary Japanese
discourse, loanwords often function as markers of
modernity and professional identity (Takashi, 1990).
If training data disproportionately reflect media-
heavy corpora, similar distributional pressures may
influence model outputs, consistent with research
on implicit bias formation in humans and language
models (Greenwald and Banaji, 1995; Caliskan
etal., 2017). While prompting methods can allevi-
ate some of these tendencies by constraining output
space or explicitly foregrounding register, they
do not eliminate underlying distributional biases
inherited from training data and model optimisation.

Although designed for controlled evaluation, the
dataset makes explicit how lexical alternation in-
teracts with communicative context by embedding
interchangeable pairs across six register conditions.
This structure isolates register-sensitive variation
rather than inferring it from heterogeneous corpora.



More broadly, the results underscore that surface-
level naturalness does not guarantee contextual
appropriateness, highlighting the importance of
task design in probing socially conditioned lexical
choice in LLMs.

6 Conclusion

Our findings demonstrate that LLMs do not encode
a stable contextual rule for loanword versus native
lexical selection, despite producing generally
fluent outputs. While both forms are often judged
acceptable at the sentence level, cross-architectural
differences reveal uneven sensitivity to socially
conditioned register cues. This highlights a broader
limitation in socially grounded language modeling:
fluency does not guarantee consistent representation
of pragmatic variation. For learner-facing appli-
cations, this means outputs should be interpreted
cautiously and framed appropriately. More broadly,
our dataset provides a controlled benchmark for
evaluating context-sensitive lexical generation and
offers insight into how contemporary LL.Ms model
socially meaningful linguistic alternation.

Limitations

Our study isolates lexical choice by constructing
semantically equivalent sentence pairs. While
this provides experimental control, it overlooks
document context, which can strongly influence
lexical decisions in communication. The process of
selecting lexical pairs and generating sentences with
LLM assistance, followed by back-translation using
commercial MT systems, may introduce uneven
coverage of semantic domains and artifacts from
machine translation. Finally, our focus on English-
derived loanwords in general-domain contexts lim-
its the scope of our findings, they may not generalise
to loanwords from highly specialised terminology.

Japanese presents a particularly demanding test
case for lexical modelling because sociolinguistic
contrasts are partially encoded orthographically
(e.g., katakana vs. Kkanji), historically layered
(wago/kango/gairaigo), and pragmatically depen-
dent on discourse setting. A model that succeeds in
distinguishing these layers demonstrates sensitivity
not only to lexical frequency but to socially
structured linguistic choice. This makes Japanese
a high-resolution benchmark for stylistic control
in LL.Ms more broadly.
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Family Size Model ID
OpenAl (Closed) - gpt-5-2025-08-07
GPT-0OSS 120B  openai/gpt-oss-120b
20B openai/gpt-oss-20b
DeepSeek 685B  deepseek/deepseek-reasoner
685B  deepseek/deepseek-chat
Cohere Aya-Expanse 32B CoherelLabs/aya-expanse-32b
8B CoherelLabs/aya-expanse-8b
ELYZA Shortcut 7B elyza/ELYZA-Shortcut-1.0-Qwen-7B
32B elyza/ELYZA-Shortcut-1.0-Qwen-32B
Qwen-3 Family 30B Qwen/Qwen3-30B-A3B-Instruct-2507
235B  qwen/qwen3-235b-a22b-instruct-2507
4B Qwen/Qwen3-4B-Thinking-2507
32B Qwen/Qwen3-32B
8B Qwen/Qwen3-8B
Kimi 1T kimi-k2-instruct
Deep Analysis Research  32B deep-analysis-research/D2IL-Japanese-Qwen2.5-32B-Instruct-v@.1
CyberAgent 32B cyberagent/DeepSeek-R1-Distill-Qwen-32B-Japanese
Table 4: Models evaluated.
B Prompts
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You are a data generation bot for a linguistics research project. Your task is to take a Japanese
loanword and its traditional counterpart and generate a complete dataset entry.

Your entire output must strictly follow the format specified below. Do not include any introductory
text, explanations, headers, or anything else outside of this format.

1. First Line: Provide the single English word that is the common translation for the input pair.
2. Subsequent Six Lines: For each of the six "sentence topics” below, generate one complete data row.
- Crucially, you must generate a pair of sentences for each topic: one using the loanword and one
using the traditional word.
- Ensure the two sentences are semantically identical and the words are as interchangeable as
possible within that context. The only difference should be the target words.
- Provide a single, shared English translation for the pair.

The six sentence topics are:
- Formal_Conversation

- Formal_Written

- Formal_Explanation

- Informal_Conversation

- Informal_Written

- Informal_Explanation

Output Format:

Your output must be structured in exactly 7 lines: one line for the translated word, and six lines
for the data, formatted as follows. Use | as the delimiter.

[Translated Word]

[Sentence Topic]|[Sentence with Loanword]|[Sentence with Traditional Word]|[English Sentence]
[Sentence Topic]|[Sentence with Loanword]|[Sentence with Traditional Word]|[English Sentence]
[Sentence Topic]|[Sentence with Loanword]|[Sentence with Traditional Word]|[English Sentence]
[Sentence Topic]|[Sentence with Loanword]|[Sentence with Traditional Word]|[English Sentence]
[Sentence Topic]|[Sentence with Loanword]|[Sentence with Traditional Word]|[English Sentence]
[Sentence Topic]|[Sentence with Loanword]|[Sentence with Traditional Word]|[English Sentence]

Input Word Pair:
* Loanword: {loanword}
* Traditional Word: {traditional_word}

Table 5: System prompt for dataset generation using Gemini 2.5 Pro.

You are an AI Japanese language model. Given a single Japanese sentence and the sentence type
specified by the user (e.g., casual statement, polite request, formal announcement), assess how
well the sentence:

1. follows Japanese grammar,
2. sounds natural to native speakers, and
3. suits the intended type in terms of register and word choice nuance.

Respond in exactly two sections:

1. Overall Rating (1-5): Place the single integer score (1-5) inside <score>(1-5)</score> tags.
2. Brief Analysis (1 sentence)

- State the main issue (grammar, unnatural wording, register).

+ Mention any words you would replace (if any).

« If the rating is 5, simply note that the sentence is well-formed and appropriate.

Keep the analysis concise; do not add extra sections or explanations.

Table 6: System prompt used for the rating task.

You are an AI Japanese language model. You will be given a context and two Japanese sentences,
labeled ’a’ and ’b’.

Your task is to determine which sentence sounds more natural and is more appropriate for the given
context.

Respond with your choice, ’a’ or ’b’, inside <choice> tags.
For example:
<choice>[choice]</choice>.

Do not provide any other text, explanation, or punctuation.

Table 7: System prompt used for the comparison task.
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You are an AI Japanese language model. Your task is to predict the most likely word to fill the blank
space marked with [MASK] in the provided sentence.

Based on the context, provide the most probable word that could complete the sentence.

Respond ONLY with the word. The word must be enclosed in <option> tags. Do not add any other text,
explanations, or numbering.

Example format:
<option>[option]</option>

Table 8: System prompt used for the open masked prediction task.

You are an AI Japanese language model. Your task is to find the single best Japanese word to
fill the [MASK] in a sentence.

You will be given the sentence and the target English word that the mask represents.

Based on the context of the sentence and the meaning of the English word, provide the single
most probable Japanese word.

Respond ONLY with the Japanese word, enclosed in <option> tags. Do not add any other text or
explanations.

Example format: <option>[option]</option>

Table 9: System prompt used for the masked prediction task.
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Abstract

Local news stations are often considered to be
reliable sources of non-politicized information,
particularly local concerns that residents care
about. The Sinclair Broadcast group is a broad-
casting company that has acquired many local
news stations in the last decade. We investi-
gate the effects of local news stations being ac-
quired by Sinclair: how does coverage change?
We analyze YouTube content put out by local
news stations through topic modeling, log-odds
ratios, and word embedding analyses to inves-
tigate changes after being acquired by Sinclair.
We find evidence that local news stations re-
port more frequently on national news at the
expense of local topics, and that their coverage
of polarizing national topics increases. These
findings associate acquisition by Sinclair with
increasing polarization and nationalization of
news content, which in-turn risks increasing
political polarization of local news viewers.

1 Introduction

Historically, local news outlets have played a vi-
tal role in the news ecosystem for many Ameri-
cans by providing information that is community-
focused with less perceived partisanship than na-
tional outlets. Viewers find local news topics like
weather, local crime, and traffic reports important
to know about for daily life (Pew Research Center,
2019). American adults also tend to view local
news positively regardless of political affiliation,
whereas there are stark political divides in opin-
ions about national news (Pew Research Center,
2024). Furthermore, local news consumption has
been associated with greater knowledge of local
election candidates and increased likelihood of vot-
ing for candidates from different political parties
for state governor and U.S. president rather than
solely along party lines (Moskowitz, 2021).

“Equal contribution.

The Sinclair Broadcast Group, one of the largest
broadcasting companies in the United States, own-
ing or operating 185 stations,! has acquired a num-
ber of local news stations, with purchases primarily
concentrated around 2000, 2012-14, and 2016-17.
These acquisitions and subsequent observations
of news coverage have raised concerns around
ways Sinclair is influencing local news. Outside re-
porters have exposed Sinclair for requiring stations
to run specific video segments or to deliver the
same scripted speech, and they accused the com-
pany of right-wing bias.? Researchers have sim-
ilarly identified conservative bias (Tryon, 2020),
and demonstrated that Sinclair stations produce
more stories with dramatic elements, commen-
tary, and partisan sources than non-Sinclair sta-
tions (Hedding et al., 2019). Concerningly, there
is also evidence that Sinclair takeovers actually
influenced viewers perceptions of politicians (Lev-
endusky, 2022).

Given the importance of local news and the
growing Sinclair influence, we investigate the ef-
fect that acquisition by Sinclair has on the content
of local news stations. We compare content in news
stations before and after Sinclair purchases, and
we further draw comparisons with national news
outlets. We focus on two levels of analysis:

1. How does overall news differ after purchase?

2. How does coverage of politicized topics differ
after purchase?

While a small amount of prior work has
compared broadcasts in Sinclair-owned and non-
Sinclair stations (Martin and McCrain, 2019;
Hedding et al., 2019) or news station websites
(Blankenship and Vargo, 2021), Americans are in-
creasingly viewing digital local news, rather than

"https://sbgi.net

2ht’cps: //www.nytimes.com/2018/04/02/business/
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TV Channel City Purchased Affiliation Youtube #Videos
TV Channels Purchased by Sinclair
WSBT-TV South Bend, IN 02/12/16 Fox @wsbttv 10624
KECI/KCFW/KTVM  Missoula, MT; Kalispell,  09/01/17 NBC @NBCMontana 3314
MT; Butte, MT
WCTI-TV Greenville, NC; New  09/01/17 ABC @WCTI 3320
Bern, NC; Morehead
City, NC
WCYB Bristol, VA; Greenville, 09/01/17  NBC/The CW @wcyb5 4620
TN; Johnson City, TN;
Kingsport, TN
WLUK-TV Green Bay, WI 12/19/14 Fox @Fox11online 19774
WIJAR Providence, RI; New  12/19/14 NBC @NBC10WJAR 5044
Bedford, MA
WGXA Macon, GA 09/03/14 Fox/ABC @WGXA 2063
WILA-TV Washington, DC 08/01/14 ABC @7NewsDC 19425
Left- and Right-Wing TV Channels for Comparison
CNN @CNN 27560
Fox @FoxNews 29986

Table 1: Summary data statistics. We collected transcripts from 8 geographically diverse local news YouTube
channels that were purchased by Sinclair, as well as transcriptions from YouTube channels for two national outlets.

obtaining it through broadcast television or radio
(Pew Research Center, 2024). Thus, we focus on
a novel data source: news station YouTube chan-
nels, allowing us to uniquely examine the content
that news stations choose to highlight on social
media and if it reflects trends in broadcast data.
Our dataset contains data from eight stations over
sixteen years of publishing videos. This construc-
tion allows us to examine differences in coverage
within the same station before and after acquisition
as well as between the larger group of Sinclair-
affiliated and non-affiliated stations at any particu-
lar point in time. We further include two national
news outlets (Fox News and CNN), enabling di-
rect comparisons of Sinclair-owned local news and
national news.

We use a combination of corpus analysis meth-
ods to examine overall shifts in content and target
politicized topics, including comparisons of word
choice (Monroe et al., 2008), topic modeling with
covariates (Roberts et al., 2013, 2019), and word
embeddings analyses (Mikolov et al., 2013; Garg
et al., 2018). We find compelling evidence that
after purchase, news channels move from covering
mostly local topics to politicized national topics.
Overall our work offers insight into the content
changes associated with Sinclair purchases, thus
contributing understanding of how the purchases
may influence viewers and highlighting the urgent
decline of community-focused news.
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2 Related Work

Sinclair Broadcast Group While the Sinclair
Broadcast Group’s takeover of local news stations
attracted public interest and journalism, analy-
sis of content differences in news coverage have
been limited to a few prior studies. Martin and
McCrain (2019) use topic modeling and compar-
isons of phrases with U.S. Congressional Record
(Gentzkow and Shapiro, 2010) to show Sinclair
ownership is associated with a drastic increase in
national political coverage over local political cov-
erage and a right-wing shift in ideology. Blanken-
ship and Vargo (2021) similarly find decreased
coverage of local news in their analysis of loca-
tions mentioned in news stories on Sinclair-owned
station websites, though decreasing local news cov-
erage predates Sinclair ownership and coincides
with reposted content. In a content-focused analy-
sis, Hedding et al. (2019) find that Sinclair stations
produce more stories with dramatic elements, com-
mentary, and partisan sources. None of these stud-
ies focus on YouTube data or conduct an in-depth
language analysis focusing on politicized topics.

A related line of work has focused on the effects
of Sinclair purchases on viewers, without exam-
ining content changes in news coverage. Miho
(2018) examines the effect of Sinclair ownership
on election results. Using event study methodol-
ogy, they find a 2.5%-point increase in the Repub-
lican vote of the 2008/2012 elections, with double
the increase in the 2016/2020 elections as a result
from exposure to Sinclair content starting in 2004.
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Figure 1: The distribution of the data by year. Vertical lines denote the date that the station was purchased by

Sinclair.

Levendusky (2022) use statistical methods to find
that living in an area with a Sinclair-owned TV sta-
tion reduces viewers’ approval of President Obama.
They find lower approval during his time in office,
and additional evidence that viewers are then less
likely to vote for the presidential Democratic nom-
inee. These findings that Sinclair purchases are
associated with observable changes in preferences
of viewers motivate our investigation into under-
standing the language and content changes that
may be driving them.

U.S. Local news Concerning local news more
generally, there has been a documented decline in
local news organizations, leading to growing “news
deserts”: areas without consistent news coverage
(Abernathy, 2016, 2018). There is evidence that
declining local news is contributing to political po-
larization. Local news consumption is associated
with decreased voting exclusively along party lines
(Moskowitz, 2021), while increased coverage of
local content is associated with lower feelings of
political divide (Darr et al., 2021). These factors
add further motivation to understanding content
and language changes in Sinclair-owned stations.
In-depth text analyses of local news have focused
coverage of the COVID-19 pandemic (Horne et al.,
2022) and the creation of datasets for further inves-
tigation (Joseph et al., 2022). These studies are less
related to our work but generally validate interest
in understanding local news coverage.

U.S. Media polarization Analyses of a variety
of text data, including social media posts (Dem-
szky et al., 2019) and political speeches (Card et al.,
2022) has uncovered evidence of increasing polar-
ization in the U.S. Despite early evidence of me-
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dia slant in news articles (Gentzkow and Shapiro,
2010) and many anecdotes about media bias, fewer
quantitative analyses have focused on evidence
of polarization from video footage. The Stanford
Cable TV NewsAnalyzer (Hong et al., 2021) of-
fers an extensive dataset for examining content in
three U.S. cable news networks (CNN, Fox, and
MSNBC). Ding et al. (2023) use this data to evalu-
ate the semantic polarization in online public dis-
course, finding that CNN and Fox News cover sim-
ilar topics, however with varying, distinct contexts,
reflecting the polarization between the political
leaning of these news stations. They also show that
polarization sharply increases around 2016, with
its highest peak in 2020, aligning with the death
of George Floyd and following Black Lives Matter
demonstrations. These findings motivate our use
of CNN and Fox News as comparisons datasets in
our analysis of local news.

3 Dataset

Collection We construct a new dataset consisting
of automated closed captions from YouTube chan-
nels of news stations. First, we identified news sta-
tions that were acquired Sinclair by starting from
an initial list® and retaining only stations that (1)
have a YouTube channel and (2) began posting
videos before they were purchased by Sinclair. We
identified 8 local news stations for analysis, as well
as Fox News and CNN for comparison. For each
station, we download YouTube closed captions for
all videos on the channel. We preprocessed this

data by converting all transcripts into lowercase

3ht’cps: //en.wikipedia.org/wiki/List_of_
stations_owned_or_operated_by_Sinclair_
Broadcast_Group


https://en.wikipedia.org/wiki/List_of_stations_owned_or_operated_by_Sinclair_Broadcast_Group
https://en.wikipedia.org/wiki/List_of_stations_owned_or_operated_by_Sinclair_Broadcast_Group
https://en.wikipedia.org/wiki/List_of_stations_owned_or_operated_by_Sinclair_Broadcast_Group

and removing common non-speech tokens or utter-
ances unlikely to provide meaningful signal.*
Table 1 reports the full list of stations, their pur-
chase date, and the number of identified videos.
Four stations were purchased in 2014, one was pur-
chased in 2016, and three were purchased in 2017.
The stations are geographically diverse, reflecting
various cities in the east and central U.S. While
there is variance in the amount of data from each
each station, our data contains at least 2,000 videos
for each station. In Figure 1, we further show
how the transcripts for each local news station are
distributed over time, relative to the data of Sin-
clair purchase. For some stations (e.g., 7NewsDC,
NBC10WJAR) there is a concentration of data just
before and just after purchase. For other stations
(wcyb5) the data is more dispersed over time.

4 RQ1: How does overall news differ
after purchase?

We first use exploratory text analysis methods to
broadly examine how news coverage differs before
and after Sinclair purchase, as well as in compari-
son to the two national outlets.

4.1 Methods

We use two primary methods for examining overall
news coverage. First, we examine words that are
overrepresented in data before purchase as com-
pared to after purchased using log-odds ratio with
a Dirichlet prior (method referred to as “Fightin’
Words”’; from Monroe et al. (2008)). We prepro-
cess the transcripts by filtering out words that do
not appear at least ten times in transcripts from
every station. A potential confounder is that news
changes over time, and our data tends to have more
Sinclair-owned stations as time goes on. To mit-
igate this, we stratify our data by year and only
compare log-odds over the years where we have
a reasonable amount of paired data (2014, 2015,
and 2016). The year with the most paired data,
2014, contains 19,936 videos, 16,640 from stations
before they are purchased, and 3,296 from already
purchased stations. Paired data decreases in the
following couple years, as many stations are pur-
chased during this time period. Purchased stations
become more prevalent in 2015 data with 8,641
videos from after purchase, and 4,281 before. This
imbalance is more pronounced in 2016 with 696
videos before purchase, and 1,788 after.

4“>,” “[music],” “[applause],” “uh”
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Second, we use topic models to examine cov-
erage changes in clusters of co-occurring words,
rather than just individual words. We specifically
use the Structured Topic Model (STM) (Roberts
et al., 2013, 2019), which is an extension of the
popular Latent Dirichlet Allocation (LDA) (Blei
et al., 2003), that flexibly incorporates document
metadata as covariantes. We chose this model for
this property, as well as based on evidence that
classical LDA-style models achieve better stability
and alignment with human annotations than more
recent neural alternatives (Hoyle et al., 2022).

We train five STM models on the transcripts of
Sinclair-owned stations, non-Sinclair affiliated sta-
tions, Fox, and CNN, in order to determine how the
topics discussed by these stations change.’ For the
first four models, we use news-affiliation (which
includes four options: Before Sinclair purchase,
After Sinclair purchase, CNN, Fox), and date as
covariates. We use the convenience function to
select a flexible b-spline basis for the date covari-
ate. These four models only differ in the subset
of data used. First, we use data from all dates
collected. Models 2-4 use data only from 2014,
2015, and 2016, respectively. With these models,
we evaluate the topic prevalence, and plot the dif-
ference of prevalence along two axes: (1) Before
Purchase - After Purchase, and (2) CNN - Fox,
in order to highlight topic relationships between
Sinclair owned stations and political leaning. We
remove the 1% most sparse and common words,
and use 30 topics for all models, which we found
to have the most coherent topics.

A shortcoming of the STMs introduced thus far
is that they assume a fixed vocabulary distribution
within topics. If we are interested in comparing
the how discourse differs for the same topic, we
need to allow these distributions to vary within
topics. To study this, we train a Sth model across
all the data where we let the influence of Sinclair-
affiliated versus non-Sinclair-affiliated (excluding
CNN and Fox) be a topical content covariate. We
can then then look at the difference in prevalence
of words between the content covariate for a given
topic. We use the same data filtering and number
of topics as in the previous models.

>In appendix section A.1 we further conduct a controlled
pairwise comparison between two Sinclair-purchased stations
and two non-purchased stations to isolate the effect of pur-
chase.



Non-Sinclair Sinclair

2014
so, little, it’s, it, okay, green, really, bit, bay, nice,yeah, then, 7, he, virginia, president, washington, police, matthew, who,
we’re, going, great, just, can, snow, fun, kind his, was, jury, that, wilson, live, williams, united, robert, said,
quarterback, thank
2015

south, 22, patrick, jennifer, st., kelly, football, james, desk, you, i, that, 7, okay, government, washington, what, we,
st, accurate, season, first, watching, downtown,play, says, at, trump, going, island, president, virginia, think, federal,
year let’s, sam, bay, of

2016

school, snow, tonight, ice, animals, girls, cold, coach, st., sub-  that, trump, think, government, federal, president, of, re-
mit, chevy, morning, sale, home, kids, church, temperatures, publican, i, sanders, states, going, security, campaign, sort,
at, 22, lead there’s, is, terms, voters, political

Table 2: Fightin” words results broken down by year. Words that are likely relevant to broader political concerns in
the United States have been bolded. Sinclair-purchased stations tend to have more of these words, while stations
that are not owned by Sinclair tend to discuss more local concerns.

4.2 Results terest include football (2b, 2c, 2d), other sports
(2b, 2a), and cooking (2b), and are also mostly
featured before purchase. Finally, we see topics
around local station small talk, including morn-
ing conversation (2b) and station specific language
(2a). After stations are acquired, topics predom-
inantly covered shift, with a more political and
national focus. Discourse on presidential candi-
dates, including Clinton and Trump are covered
at a higher rate on Sinclair-affiliated stations (6),
in addition to other national topics like the FBI
(2a). In additional to national news, these Sinclair-
owned stations also discuss US-relevant interna-
tional news, including ISIS (2b) and terrorism (7).
These Sinclair purchased stations still cover local
news including family/church (6, 5), community,
city/mayor information, and football (5), indicating
that although these stations appear to increasingly
report on politicized topics, there is still some local
news coverage. A few topics are widely covered
and do not tend to align consistently with either
before/after purchase. Police and crime are often
reported on, and are prevalent both before (2d) and
after (2b) coverage, and are particularly aligned
with CNN (2a, 2¢). This trend is also reflected in
proportion of weather discourse, prevalent both be-
fore (6) and after (2a) Sinclair purchased stations.

The Fightin’ Words analysis is shown in Table 2.
Stations that have been purchased by Sinclair are
more likely to use words relevant to national poli-
tics, rather than local concerns, using words such
as “president,” “government,” or ‘“federal.” Non-
Sinclair (pre-purchase) stations were more likely to
discuss events that were relevant to local viewers,
such as weather, sports, and school, using words
like “snow,” “downtown,” or “school.” Some of
this may be due to the timing of the purchase coin-
ciding with events occurring in the year (particu-
larly 2016, as an election year). Notably, however,
Sinclair-owned stations in 2015 were more likely
to discuss the national election than non-Sinclair
stations in the election year of 2016, demonstrating
that the timing of purchase by Sinclair cannot fully
explain the shift to discussing national topics.

Topic Models STM results for selected topics
are shown in Figures 2a-2d, where we manually
assign representative names for each topic. In the
appendix, we report results for all topics (Figures
5-8) and complete lists of probable words for each
topic (Tables 6-9). These plots display change in
topic proportion between CNN and Fox data, and
before and after Sinclair purchase.

Coverage by stations acquired by Sinclair be- Overall, the difference in topic proportion is less
comes more politicized compared to their report-  pronounced on the CNN/Fox axis. In fact, top-
ing before purchase. Topics most widespread on  ics reported on pre-purchased stations tend to be
stations not Sinclair affiliated include local topics  not clearly aligned with either CNN or Fox, in-
about the local community, including school (2b,  dicating these stations are reporting equally, and
2a), family (2d), and local events (2b). Discourse  possibly very little, on these topics. However, there
on the local environment is also prevalent before  exists more variation on the CNN/Fox axis in sta-
purchase with topics including weather (2b, 2d),  tion coverage after Sinclair purchase, and a few
animals (2c), and health (2d). Topics of local in-  are more topics predominantly covered by Fox or
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Figure 2: Results for STM on all, 2014, 2015, and 2016 data subsets. Change in topic proportion shifting from
CNN to Fox on the x-axis and before Sinclair purchase to after Sinclair purchase on the y-axis. Coverage becomes
more national and political in stations purchased by Sinclair, with stations before purchase discussing local topics.

CNN. For instance, the conflicts between Israel
and Hamas appeared to be reported on more by
CNN (2a), in addition to other politicized topics
like the president (2b) and delegates in congress
(2d). In 2014, Fox reports more on media and
movies (2b), which are not inherently political top-
ics. This balance shifts, when in 2015 Trump is a
more prevalent topic reported by Fox (2c). This
topic shift is further seen in 2016, with topics like
ISIS, Cuba, immigration, and presidential candi-
dates being covered by Fox more (8).

Not only can we observe these interactions and
changes of topic proportion on the two axes, but
we can also see topics shift and appear over time.
The Ebola outbreak of 2014 emerges as a topic (6)
in the 2014 STM (2b), mostly covered by stations
purchased by Sinclair. Leading up to the election,
presidential candidates, debates, debate topics (e.g.
immigration, china) emerge as topics in 2015 and
2016, similarly covered by Sinclair-owned stations
(2c, 2d).

From our STM with non- and Sinclair owned
as a topical context covariate, we can observe dif-
ferences in the language used to discuss certain
topics. The results can be found in tables 10-
11, and figure 9 in the appendix. Discourse on
certain topics differs between stations. Coverage
of disasters and violence are covered by before-
purchase stations in discussions of healthcare, and
after-purchase stations in discussions of topics such
as war and terrorism (9b). Similarly, discussions
of crime appear typical in stations not affiliated
with Sinclair, but purchased stations include dis-
cussions of protest and protesters (11). A topic
on general government infrastructure (9¢) uses lan-
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guage about money (taxes, dollars, etc.) in pre-
purchase coverage, and is more national after pur-
chase, using words like pentagon and intelligence.
Discourse on legislature differs, with non-Sinclair
owned stations talking about local politics includ-
ing the mayor or local candidates, and Sinclair sta-
tions using words like immigration and shutdown,
seemingly more national (9d). Discourse on photos
and cameras shifts towards a theme of surveillance
after purchase, with pre-purchase stations using
language like pictures (9a).

S RQ2: How does coverage of politicized
topics differ after purchase?

5.1

In order to examine shifts in coverage of politi-
cized topics, we train word embedding models and
examine properties of embeddings for selected key-
words, using similar methodology as prior word
embedding analyses (Garg et al., 2018; Rodriguez
and Spirling, 2022). We train separate Word2Vec
models (Mikolov et al., 2013) for all transcripts of
stations before Sinclair purchase and all transcripts
after purchase. We additionally train embedding
models for data from CNN and Fox News, for left-
and right-wing news station comparison.®

We curate a set of keywords related to politi-
cized issues for analysis, following Rodriguez and
Spirling (2022). We start with their set of words
pertaining to policy issues that are debated by po-

Methods

®For all embedding models we use the following
hyperparameters: window=50, min_count=10, seed=42,
workers=16, vector_size=100. Prior work has shown ex-
act parameter settings have little impact on analysis results
(Rodriguez and Spirling, 2022; Joseph and Morgan, 2020).



white black bias
Before | After [| Before | After [[ Before | After
black supremacist white africanamerican chiffonade implicit
red supremacy tan racial basil racial
yellow secret hoodie africanamericans greens perpetuate
blue house sweatshirt color noir racist
velvet presidents wearing blacks vinaigrette discrimination
burgundy clancy dark colored italian racially
roses obamas colored racism mince quote
orange obama stripes brown riesling shameful
colored pierson bandana african baguette prejudice
chardonnay omar yellow movement seedless language

climate equality abortion
Before | After [| Before | After [[ Before | After
growth fuels rights freedom abortions abortions
industry emissions gay rights parenthood roe
uncertainty global marriage prolife privileges reproductive
algae fossil religious dignity admitting wade
economy everglades democracy equal ultrasound prolife
regionally sustainability moral freedoms gyn prochoice
ratings pollution civil unborn prolife overturning
potential droughts marriages racism clinic marriage
consumption environmental supreme democracy clafer affirming
economic impacts samesex Igbt pregnancies incest

Table 3: Ten nearest neighbors to the query word (bold) for stations that were not owned by Sinclair (Before)
and Sinclair-owned stations (After). Sinclair-owned stations are more likely to have nearest neighbors that are

politically charged.

litical parties and motivate voting: “immigration,”
“abortion,” “welfare,” “taxes.” We add words relat-
ing to policy issues not covered in their original
set, including words related to racial bias (“racism,”
“bias,” “black,” “white”), “climate,” “police,” “mil-
itary,” and “guns.” We further include words that
Rodriguez and Spirling (2022) curate as expected
to solicit different response in different people:
“democracy,” “freedom,” “equality,” “justice,” “re-
publican,” and “democrat,” though they are less
relevant to our focus on politicized topics. We
identify the 10 nearest neighbors for each keyword
in the before-purchase and after-purchase embed-
ding models using cosine similarity.

99 ¢

Embedding Similarity We conduct an analysis
of whether increased politicization can be noted in
our learned word embeddings when put in context
of national news stations. We examine how similar
word embeddings are for the seed words described
in subsection 5.1 in comparison to two national
news sources, Fox News and CNN. We choose Fox
News and CNN in particular as they are considered
to be politically polarized (Ding et al., 2023) and
thus are likely to be talking about politically polar-
izing issues. In this experiment, we train embed-
ding models on data from stations before purchase
and after purchase specifically between the years
2014-2016 and evaluate similarity between embed-
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dings from before/after purchase trained models
with models trained on Fox News/CNN transcripts
from the same time period. We query these mod-
els with the mentioned seed words, and align the
embedding spaces and their vocabularies using the
Procrustes transformation. We then calculate co-
sine similarity between embedding vectors for the
same word, to determine whether local news out-
lets tend to be more likely to discuss these words
in similar contexts to the polarized national news
outlets.

5.2 Results

Nearest Neighbor Analysis We show the six
most interpretable nearest neighbor results in Ta-
ble 3, with the remaining twelve less-interpretable
results presented in Table 4. We find that the
embedding model trained on transcripts from sta-
tions after being purchased by Sinclair tends to
have nearest neighbors to our query words that
are more overtly politically charged. The first
three words we show,“white,” “black,” and “bias,”
demonstrate the clearest movement towards po-
larizing rhetoric. Before purchase, “white” and
“black” are generally associated with other colors
and patterns (e.g.“red,” “stripes”) or items that
might be that color (e.g.“chardonnay,” “roses”).
The embedding model trained on data after Sinclair



acquisition associates black mostly with words
pertaining to race (“africanamerican,” “racism”),
as well as “movement,” likely relevant to protest
movements such as Black Lives Matter. While
“supremacist”’/“supremacy” are the nearest neigh-
bors to “white,” indicating increased use of white
as a racial descriptor, many of the nearest neighbors
appear to be relevant to the presidency (“house,”
“obama”) indicating an increased discussion of
White House policy and national political news.
We note a similar result with the query word “bias.”
The nearest neighbors before acquisition associate
“bias” predominantly with cooking, and with cut-
ting in particular (“chiffonade,” “mince”), likely
due to the phrase “cutting on the bias” being fre-
quently used as an instruction in cooking videos.
The model trained on data post-acquisition asso-
ciates “bias” with words more evocative of societal
bias (“implicit,” “prejudice”).

Table 3 also displays results for “climate,”
“equality,” and “abortion,” which demonstrate some
signs of increased politicization, but may be in-
fluenced by the confounding factor of time. For
instance, the post-acquisition embedding model
was more likely to associate “climate” with words
referencing climate change (“‘emissions,” “pollu-
tion”), while the pre-acquisition model generally
referenced other topics (“growth,” “economy,”).
This may indicate increased discussion of global
warming, but may also be influenced by increased
discussion of climate change in recent years. The
pre-acquisition model associates “equality” with an
assortment of words which suggest discussions of
Obergefell v. Hodges (2015)7, such as “marriages”
and “supreme.” After, some neighbors are relevant
to reproductive justice (“prolife,” “unborn”), possi-
bly due to conversations about Dobbs v. Jackson
Women’s Health Organization (2022)3. While this
may indicate increased discussion of reproductive
justice, it also may demonstrate confounds of this
data. This case may also explain the shift in nearest
neighbors to “abortion”; the pre-acquisition model
associates “abortion” with more healthcare-related
words (e.g.“admitting”+“privileges,” “ultrasound”)
while the post-acquisition embedding model as-

7https ://www. justice.gov/sites/default/files/
crt/legacy/2015/06/26/obergefellhodgesopinion.
pdf, a Supreme Court decision which legalized gay marriage
in the United States

8https://www.supremecourt.gov/opinions/21pdf/
19-1392_63j37.pdf, a Supreme Court decision which over-
turned Roe v. Wade by asserting there was no constitutional
right to abortion
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sociates it more with politicized rhetoric around
abortions (e.g.“prolife,” “prochoice”).

In summary, the analysis of the differences in
embedding models trained on these transcripts of-
fers clear evidence that stations owned by Sinclair
discuss polarizing political issues more than ones
that have not been purchased. While we cannot
necessarily attribute Sinclair purchase as the sole
cause of this coverage shift, it nevertheless indi-
cates increasing politicization of local news.
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Figure 3: Comparing embedding similarity for our tar-
get words to embeddings for CNN and Fox News be-
tween the years 2014-2016. Arrows show the shift for
embeddings trained on data before acquisition to em-
beddings trained on data after acquisition. There is a
clear trend towards increasing nationalization— similar-
ity tends to increase to both national news outlets.

Embedding Similarity Figure 3 shows how sim-
ilarity with our seed words changes from before
purchase to after purchase. We find that there is
a general trend towards increasing similarity be-
tween our polarized news outlets and local news
stations after acquisition by Sinclair, with the ma-
jority of our seed words showing increased simi-
larity to both outlets. Almost all the arrows direct
up and to the right along the central diagonal line.
This shift indicates that the usage of these words
becomes more similar to both Fox and CNN after
Sinclair purchase. Only three words, (“freedom,”
“welfare,” and “bias”), decrease noticeably in simi-
larity to one of the national broadcasters, and each
increases in similarity to the other broadcaster.
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Thus, there is a clear shift towards increasingly
national language as opposed to local language.
Unlike the nearest neighbor results, we limit both
the national and local station data to 2014 through
2016, minimizing the effect that different news
events during different time periods has on our
analysis. We do not observe a shift towards either
national outlet in particular. While prior work has
observed right-wing slant in Sinclair-owned sta-
tions (Tryon, 2020), we suspect word embeddings
are not sufficient to capture this trend, as they have
a limited context window size. Fox and CNN have
also been measured as less polarized before 2020
(Ding et al., 2023), suggesting that comparisons
against these outlets may not be sufficient for cap-
turing slant. Nevertheless, this figure demonstrates
that after purchase by Sinclair, stations tend to use
these words in contexts similarly to polarized na-
tional news stations.

6 Discussion

Connection to Communications Theory Com-
munications scholars have identified agenda set-
ting and framing as tools for influencing public
opinion, which can be used to characterize me-
dia bias (Entman, 2007). While agenda-setting
broadly encompasses ways the media reports on
some events at the exclusion of others (e.g., what
topics are covered), framing involves highlight-
ing specific aspects of a topic or event in order
to promote a particular interpretation (e.g., how
topics are covered) (McCombs and Shaw, 1972;
Entman, 2007), though these two mechanisms are
not always distinct (McCombs and Ghanem, 2001).
When we consider our analysis through this lens,
we note second-order agenda-setting strategies in
our results. Increasing national focus, as well as fo-
cus on polarizing political issues, primarily occurs
through agenda-setting, which is evident in topic-
level changes (Figure 2a-Figure 2d) and politicized
word usage (Table 3). Our results reveal some
evidence of framing changes in vocabulary shifts
within topics (Table 11), but future work targeting
framing specifically is needed to fully explore these
trends. In contrast to prior work (Tryon, 2020), we
do not find clear evidence of right-wing slant: our
results do not consistently show Sinclair ownership
is associated with more similarity to Fox than CNN.
This may be explained by several factors, such as
differences in what content news stations highlight
on YouTube, limited polarization in CNN and Fox
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in the years we focus on (Ding et al., 2023), or in-
ability of our methods to capture nuanced coverage
differences over broad changes in topics. Future
work targeting framing could aid in disentangling
these factors (Entman, 2007).

Implications for viewers In addition to framing
and agenda setting, a third tenet of media’s distri-
bution of power and influence over public opinion
is priming: the effects agenda-setting and framing
have on the audience (Entman, 2007). While our
study does not measure priming effects, previous
work has connected the influence of Sinclair to ma-
terial changes in partisan voting and to changed
opinions of politicians (Miho, 2018; Levendusky,
2022). The evidence that we uncover of shifts in
digital content after purchase by Sinclair offers
insight into the possible mechanisms leading to
public opinion changes associated with Sinclair
ownership. Our establishment of YouTube videos
as a data source for analyzing content shifts also
offers opportunities to studying priming. In future
work, comments on YouTube videos could offer
a way to directly examine viewers responses to
specific content. This data could also be crossed
with other social media sources, such as what links
are shared on other platforms.

7 Conclusion

Across all text analysis methods, we find consistent
evidence that acquisition by Sinclair is associated
with increased coverage of national and political
news, often at the expense of conventional local
news topics such as cooking or local sports. Com-
bined with the increasing closure of local news
outlets, our results offer a grim picture of the de-
cline of community-focused news in the U.S. We
further demonstrate the usefulness of YouTube data
in measuring and understanding this trending, thus
highlighting opportunities for follow-up research.

8 Limitations

While we target a causal question (the impacts
of Sinclair purchase), our work is observational,
which reduces our ability to draw causal conclu-
sions. There are potential unobserved confounders,
including general shifts in coverage over time
across all news outlets, possibly driven by industry-
wide efforts to attract views and increase engage-
ment. We do take steps to correct for industry
trends over time, including segmenting data by
time in Table 2 and constructing a tightly controlled



paired analysis (in appendix section A.1). How-
ever, these settings require restricting to smaller
subsets of the data, which limits the analyses we
can conduct. Our dataset generally contains imbal-
ances which could impact results, e.g., the distri-
bution across stations and time is uneven. Overall,
while the consistency of content shifts coinciding
with the timing of Sinclair purchases strongly sug-
gests a causal relationship, we cannot definitively
rule out the possibility of further confounders. Fi-
nally, although we draw from previous work, our
interpretations somewhat rely on subjective and
personal judgments about what words are politi-
cized. These choices have an impact on our con-
clusions.
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A Appendix
A.1 Paired Analysis

This paper has considered data from the same sta-
tions before and after purchase by Sinclair, allow-
ing for control over confounding variables such as
differing political content between stations. How-
ever, this also introduces time as a significant con-
founder, as stations’ coverage of various news sto-
ries will obviously vary over time as current events
unfold. We conduct an additional analysis in which
we more tightly control for possible news vari-
ance over time, aiming to isolate the effects of
purchase. We choose two stations in our dataset
with similar nearby stations which were never
Sinclair affiliated. We choose KECI/KCFW/K-
TVM (YouTube @ NBCMontana) with KPAX-TV
(YouTube @kpaxmissoula) as the non-Sinclair af-
filiated channel, both in western Montana (MT),
and WCYB (YouTube @wcyb5) with WIHL-TV
(YouTube @WJHLtv11), both in the middle of
the Virginia-Tennessee (VA-TN) border. For the
non-Sinclair affiliated stations, we scrape the same
number of videos as in the respective Sinclair affil-
iated channel, scraping videos closest to the videos
in the Sinclair affiliated channels. We also sub-
sample the CNN and Fox data in the same way,
selecting the subset in each closest to the videos in
the Sinclair affiliated channels.

A drawback of analyzing these paired stations is
that local news stations may copy each other’s con-
tent. It is therefore possible that Sinclair’s purchase
of a local station also impacts content posted on
other local stations, violating the condition of no
interference. Regardless, this analysis provides ad-
ditional insight: in preceding analyses, interference
is less of a concern, but controls for time are less
strict. Similar trends in both settings would lend
support to the conclusion that Sinclair purchases
impact coverage of local topics.

Methods We train STMs, as in RQ1. We train
two new STMs on the transcripts from the two local
MT stations, two local VA-TN stations, and sub-
sampled CNN and Fox data. We used time, and the
before/after and Sinclair affiliated/non-affiliated
subsets as covariates. The first STM is trained with
all data, and the second with data from before 2020,
as we aimed to study the Sinclair effect without the
dominant pandemic topic.

Results STM results for selected topics are
shown in Figures 4 and 10. As before, we man-
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Topic Effects: Before —> After

Arrows show direction of change

weather

trump/clinton

school

president trump
police

pets

new yorkfjersey
music/book/movie

money

Topics

immigration
holidays
heathcare
football 2
football 1

football

fire

family

election 1

congress

clinton emails i
0.000 0.025

non-sinclair ... sinclair

-0.025 0.050

Classification = local - national

Figure 4: Results for STM on paired data before 2020.
Change in topic proportion shifting from non-Sinclair
to Sinclair affiliate on the x-axis, and shift before and
after purchase date is shown with arrows. Red denotes
national topics and blue denotes local topics. Topic
list is shown on the y-axis. Topics with unclear nation-
al/local interpretation are omitted here, and included in
Figure 12.

ually assign representative names for each topic
based on the full topics listed in Tables 12-13. We
additionally assigned local/national/unclear topic
labels. These plots display change in topic pro-
portion between non-Sinclair affiliated channels
and Sinclair affiliated channels before and after the
purchase date of the Sinclair affiliated channel.

Topic modeling on all data demonstrates the
prominence of pandemic coverage, which seems
to dominate the topic proportion for dates after
purchase, and is disproportionately covered by Sin-
clair owned channels. We also observe a shift away
from local coverage for Sinclair-owned stations,
which is likely due to Sinclair stations reporting
less on local issues. STM results on paired data be-
fore 2020 demonstrate this same shift towards local
coverage for non-Sinclair affiliated stations, espe-
cially seen in topics covering football and pets. We
see less shift in national topics between channels,
but do observe a small shift towards Sinclair-owned
stations.

A.2 Additional nearest neighbor results

Table 4 shows results for our remaining query
words. We find that these results demonstrate less
interpretable shifts in ideology or framing.



racism democracy freedom
Before After H Before After H Before After
racist racial equality extremism freedoms democracy
alleges injustice minister freedom sacrifice freedoms
appointed racist civil freedoms equality equality
dismissed equality unrest nation pride sacred
consulted rhetoric america values faithful liberation
pape africanamerican|| conflict america nation slavery
vulgar hatred islamic radical civil symbol
derogatory movement humanitarian | equality 1963 birthright
goodell protesting muslim ideology democracy nation
judgment muslim nations defend rights ideals

justice immigration welfare
Before After H Before After H Before After
prosecution judicial immigrants undocumented || claims services
argued injustice reform immigrants petition leno
innocent criminal undocumented | reform misuse westmoreland
civil prosecute congress deportation claiming mandated
prosecutor innocence citizenship obamacare deny systematically
selfdefense accountable nra repeal abuse lenor
actions prejudice conservatives | deport seek medicaid
conviction collective unaccompanied | repealing fraud stamps
testify dignity border enact status cheri
judicial accountability || bipartisan latinos coverup care

taxes republican democrat
Before After H Before After H Before After
tax tax democrat democratic republican democratic
income income democratic democrats candidate delegate
taxpayers debt candidate gop democratic republican
budgets corporations grothman republicans incumbent incumbent
debt costs representative | democrat reelection partisan
rates revenue senator candidate campaigning reelection
pension wealthy congressman conservative primary congressman
paying taxpayers reelection caucus nomination hollen
fees burden politics partisan romney democrats
fiscal deferral democrats electorate mitt candidate

military guns police
Before After H Before After H Before After
troops army weapons firearms authorities mpd
iraq soldiers gun gun investigators officers
afghanistan afghanistan firearms handgun witnesses authorities
civilian combat rifles firearm detectives detectives
combat troops ammunition semiautomatic || deputies juveniles
navy marines firearm illegal mpd cops
forces armys handguns weapons sources suspects
soldier soldier semiautomatic | rifles officers patrols
iraqi forces concealed handguns suspects deputies
soldiers overseas rifle criminals suspect suspect

Table 4: Nearest neighbors of other words. These words demonstrated no significant interpretable changes.
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A.3 Dataset example

Table 5 shows an example of how our data is struc-
tured.

A.4 Topic Modeling Details

Tables 6, 7, 8, and 9 contain columns with words
from various methods for evaluating top words
for topics from a structured topic model. Highest
Prob denotes the highest probability words. FREX
denotes the highest ranking FREX (FRequency
and EXclusivity) words. Lift denotes the highest
scoring words by lift, which weights words and
divides by their frequency in other topics. This
gives higher weight to words less frequent among
other topics. Score denotes the best words by score
by dividing the log frequency of the word in the
topic by the log frequency of the word in other
topics. The “Label” column contains our manually
written labels for each topic.
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Channel

Title

URL Date Transcript

wsbttv

Cold temper-
atures could
impact fruit
production

https://www.you 2024-03- typically Mother’s Day is when apple

tube.com/watch? 24T16:00:11Z orchards across the area start to see their

v=6zEWpCJ95hc crops in full bloom at ker Sunrise Or-
chards though they’re already a month
ahead of schedule with...

Table 5: Example from the scraped YouTube data

51



Table 6: Topics for All-Time STM. See section appendix for column information.

Topic | Label Highest Prob | FREX Lift Score
submit, fire-
. fire, officer, . .
police, fire, car, fighters, gun- | police, submit,
. scene, car,
1 police say, officers, of- . man, crash, | officers, officer,
police, crash,
ficer, scene transported, car, scene, fire
officers )
driver, flames
climb, crim- .
. ) climb, law,
law, people, | violence, guns, | inals, guns,
. . enforcement,
law/ gun, crime, | enforcement, il- | firearms, . .
2 . .. crime, police,
crime enforcement, legal, gun, law, | marijuana, ) ) .
) . .. . immigration,
violence, police | immigrants sanctuary, vio-| .
violence
lence
. videos, touch-
ball, yards, ten- | videos, touch-
first, get, back, down, ball,
. ) nessee, quarter, | down,  yards,
3 football | right, going, game, yards,
touchdown, snap, tennessee,
one, got videos, pla ball, bristol coach, quarter-
Py ’ back
. . . video, footage, .
see, right, just, | video, phone, & video, phone,
. ) . phone, record-| .
4 video video, can, | saw, sir, correct, | . . sir, yes, okay,
. ing, phones, im-
back, one pictures, yes correct, see
ages, cameras
. champion, champion,
. . mayor, city, . .
. new, city, will, ) mayor, bridge, | city, mayor,
city/ bridge, nbc, ) )
5 mayor, york, . . | providence, providence,
mayor o project, provi- .
building, nbc . construction, montana, nbc,
dence, council ) .
citys, city york
testifying, e
. . N testifying,
court, case, | jury, judge, | indictment,
judge, trum attorney, trial, | jury, mar-alago trump,  court,
6 court Juase, Dy % o | UL, MATAEES | nter, jury,
attorney, jus- | hunter, court, | prosecution,
. ) . attorney, docu-
tice, will indictment lawyers, mer-
) ments
rick
foreign, res- . . | foreign, presi-
. Loreg pres foreign, presi- gn P
president, ident,  presi- . dent, congress,
. . dents, cabinet,
. going, house, | dents, white, ) obama, pres-
7 president ) . .. . president-elect, | .
white, said, | administration, . .| i1dents, ad-
. broadly, biparti- .. .
foreign, just congress, secre- y ministration,
san, summit
tary secretary
. . ) ) ) trusted, fbi,
information, de- | fbi, informa- | trusted, in- | . ..
. . Investigation,
partment, gov- | tion, commit- | spector, cyber,
q . . government,
8 fbi ernment, fbi, se- | tee, chairman, | agency, breach, | : .
. . . : .. | information,
curity, commit- | agencies, agencies, pri- .
committee,
tee, report agency, data vacy ) )
intelligence
tgt, tgtat, .
gtgt, reporter, | gtgt, reporter, g & eles gtgt, liar, gtgtgt,
; liar, reporter,
9 - said, people, gt- | gtgtgt, cnn, . reporter, cnn, e-
: brooke, jake, ) )
gtgt, dont, say | jake, plane, ten enn mail, e-mails
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Topic | Label Highest Prob | FREX Lift Score
. . cheese, garlic, oven, | toss, cheese,
just, little, go- ) . .
. . chicken, okay, | recipes, sauce, | recipes, sauce,
10 cooking | ing, can, okay, ) .
. . cream, recipe, | chocolate, okay, garlic,
like, right .
sauce, little flavors, toss gonna
) . hamas, gaza, | casualties, gaza, | ukraine, hamas,
. israel, ukraine, | . . . . . .
israel/ . ) israel, israeli, | hamas, israelis, | israel, casu-
11 russia, war, mil- . . .. : . . .
hamas ) . . putin, iran, | missiles, israeli, | alties, russia,
itary, iran, will . .. .
russia palestinians gaza, iran
america, free- ) thus, america,
country, peo- . thus, values, lib-
: dom, nation, country, amer-
ple, america, | . erty, freedom, | .
12 country ) : rights, veterans, T ) icans, democ-
will, american, religious, dig- .
. country, abor-| . . racy, american,
states, united i nity, marriage .
tion abortion
. . clinton, hillary, ) ) .
clinton, hillary, clintons ry wore, clintons, | clinton, hillary,
. shes, campaign, ’ . clinton, hillary, | wore, clintons,
13 clinton i sanders, bernie, )
debate,  said, . bernie, sanders, | sanders, obama,
emails, cam- )
obama . server bernie
paign
. . oy, movie, | . .
like, show, love, | greg, jesse, Joy . . joy, greg, jesse,
. . movies,  jea- :
14 joy guy, greg, one, | movie, laughter, . . laughter, movie,
nine, jesse, ..
shes guy, funny, film love, jeanine
greg, song
. know,  think, | gosh, mean, | gosh, know,
know, think, go- & . £ .
) mean, dont, | neil, nobodys, | think, mean,
15 - ing, dont, thats, ) :
o youre, thats, | know,  think, | going, dont,
like, just
theres youre youre
biden, joe, | biden, joe, maca. ainsle biden, maga,
border, house, | border, mc- elisi’ kamalz’ border,
16 biden democrats, carthy, bidens, p J > | democrats,
. kayleigh, new- .
president, re- | democrats, republicans,
. ) som, mccarthy . .
publicans harris bidens, joe
. dollars, tax, | friendship, tax- | friendship, tax,
money, million, .
pay,  money, | payers, income, | money, dollars,
17 | money | dollars, pay,
) budget, taxes, | revenue, tax, | budget, taxes,
tax, bill, state - s
million dollars, budget | million
.. ) isis, iraq, syria, | islam, isis, bru- | isis, brutal,
isis, attack, iraq, . . .
. . . terror, terrorist, | tal, qaeda, syr- | syria, iraq,
18 isis syria, now, at- . ) .
terrorism, mus- | ian, refugees, | terrorist, terror,
tacks, war ) .. . .
lim iraqi islamic
news, now, | abc, maryland, | heal, suzanne, | county, heal,
. says, county, | metro, wsbt, | fairfax, alli- | wsbt, abc,
19 station : ) .
live, tonight, | county, bend, | son, arlington, | news, metro,
today news patrice, georges | fairfax
disease, ear,
health, can, | cancer, doctor, | . ear, health, pa-
. diagnosed, .
care, get, | doctors, dis- tients, cancer,
20 | health . . symptoms, . .
medical, now, | ease, patients, | - disease, hospi-
. . virus, doctors, .
hospital health, medical ) tal, vaccine
vaccine
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Topic | Label Highest Prob | FREX Lift Score
voters, candi- .
trump, donald, odd, rubio, | trump, donald,
. dates, polls, .
hes, republican, marco, elec- | odd, republican,
21 trump : ) trump, donald, ) .
think, election, | . .’ | torate, rnc, mitt, | voters, election,
. iowa, republi- .
going romney republicans
can
. . aim, pipeline, | . .
china, now, | energy, china, | . pip . aim, china,
. industry, prices, . .
. energy, world, | market, climate, chinese, prices,
22 china . . consumers, .
company, new, | prices, chinese, . economy, infla-
. . electric, mar-| . .
chinese industry tion, climate
kets
thunderstorms,
. snow,  storm, crew, Snow,
going, see, temperatures,
. . weather, tem- temperatures,
23 weather | will, now, right, ) cloudy, crew, .
peratures, rain, storms,  rain,
weather, well . storms, show-
storms, winds weather, storm
ers, Snow
. bay, christmas, | tap, zoo, mu- | tap, bay, apple-
) morning, year, Y . P . P, bay, app
station green, holiday, | seum, birds, pe- | ton, oshkosh,
24 fox, green, peo- | . . . .
D) wisconsin, terson, parade, | fox, wisconsin,
ple, well, can . .
rachel, event fishing christmas
alan, campus,
. students, cam-
school, kids, campuses, school, stu-
. pus, school,
students, chil- teacher, su- | dents, alan,
25 school schools, teach- ) .
dren, parents, perintendent, kids, schools,
. ers, student,
schools, high teachers, stu- | parents, student
parents
dents
sports, game, | exclusive, exclusive,
game, team,
games, fans, | notre, dame, | game, notre,
26 | sports | year, play, one,
i players, foot- | tournament, nfl, | dame, football,
win, season ..
ball, team baseball, irish coach, sports
cop, murder,
murder, -year- | cop, sexually, | . .
found, say, investigators,
) old, arrested, | sentenced, .
27 crime case, man, two, ) .. police, charges,
prison, victim, | dna, sexual, al-
-year-old, death arrested, -year-
sexual, charged | legedly, murder old
medicine,
. rhode, re- | medicine, com-
can, need, | community, )
sources, munity, rhode,
comm- | work, people, | help, work, .
28 . ) ) partnership, thank, need,
unity will, commu- | rhode, working, ) ..
. community, communities,
nity, make resources, need o
nonprofit, re- | families
source
) media, twitter, | usa, musk, )
media, people, ) . . usa, media,
. . racist, social, | racist, elon, ] .
29 media news, fox, said, twitter, racist,

saying, story

post, youtube,
tucker
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Topic | Label Highest Prob | FREX Lift Score
. . hats, astor
. . family, life, | . P ’ )
. family, life, sisters, grand- | hats, family, fa-
family/ | . father, church, .
30 just, years, day, father,  pray, | ther, life, son,
church ) loved, mom,
know, time . remembered, mom, mother
friends .
jesus
Table 7: Topics for 2014 STM. See appendix for column information.
Topic | Label Highest Prob | FREX Lift Score
isis, iraq, mil- | isis, syria, | hamas, iraqi, | .. . .
. . . : ) . ) isis, joy, iraq,
. . itary, syria, | israel, iraq, | islamic, joy, .
1 isis ) . . syria, hamas,
united, israel, | hamas, gaza, | qaeda, syria, .
. . . . gaza, israel
will israeli syrian
north, movie, | korea, movie, | brutal, theaters, | brutal, movie,
. film, korea, | movies, film, | korea, movies, | korea, film, hol-
2 movie . .
show, kim, | theater, kim, | cyber, comedy, | lywood, north,
theater hollywood movie theaters
. . ) . . calm, ukraine,
ukraine, russia, | ukraine, russia, | calm, putin, rus- .
. . . . . ) . russia, rus-
ukraine/ | russian, putin, | russian, putin, | sia, russian, rus- | . .
3 . . . ) . sian, putin,
russia bridge, key, | calm, bridge, | sians, ukraine, ..
: . . .. ukrainian, sanc-
president ukrainian ukrainian .
tions
video, hone, | video, phone, ) video, phone,
P . p video, cell, ray, P
. see, security, | cell, camera, nfl, cell, cam-
4 video roger, phones,
camera, call, | cameras, tape, eras, camera,
phone, cameras .
cell ray surveillance
judge, court, | los, courtroom, | los, court,
court, case, . .
. attorney, judge, allega- | attorney, judge,
says, said, .
5 court documents, tions, pleaded, | prosecutors,
today, attorney, . .
How prosecutors, sentenced, charges, investi-
trial, guilty lawsuit gation
. unlikely, .
nbc, last, night, ) y unlikely, nbc,
last, two, one, | . patrice, nbc, .
. island, three, . providence,
6 nbc three,  night, . | providence, .
ago, provi- ) rhode, island,
ago, years susie, tony, .
dence last, night
frank
. . ebola, pro-
health, ebola, | ebola, patients, | patients, pro- .
) . ) fessionals,
health/ | care, hospital, | disease, health, | fessionals, cdc, .
7 . . health, hospital,
ebola medical, now, | doctors, patient, | ebola, outbreak, . .
. . . . patients, virus,
patients virus virus, infected )
disease
mayor, city, | authority, ) .
. . yo! Sk Y authority, city,
. city, will, new, | council, project, | mayor, = may- ;
city/ - | mayor, council,
8 says, mayor, | property, ors, council, .
mayor . .. .. ) project, prop-
building, now marijuana, marijuana, city, ..
. . erty, marijuana
construction construction
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Topic | Label Highest Prob | FREX Lift Score
spicy, app, .
) shop, buy, spicy, store,
can, like, one, P y products, picy
. . store,  stores, can, products,
9 shopping use, get, just, . stores,  shop,
Hew sell, items, shoppin las shop,  stores,
products 10PPHIE, P food
tic
. suspect, prince, | basement, police, base-
police, say, . .
police, victim, | stabbed, detec- | ment, county,
) man, now, | . . : . .

10 police . investigators, tives, plater, | investigators,
county, live, ..
tonicht -year-old, roz, year-old, | suspect, victim,

& georges gunman abc
welcome,
. think, question, | frankly, er- | welcome, think,
think, people, q Y P
welcome, dont, | spective, people, dont,
11 - dont, thats, go- .
. understand, shouldnt, agree, | question, want,
Ing, want, can .
sort, talk necessarily, youre
legitimate
. i chinese, man-
money, state, | jobs, million, . .
o ufacturing, chinese, dollars,
million, dollars, | tax, money, .
12 money taxpayers, tax, money, mil-
pay, company, | dollars, pay, L
. taxes, taxpayer, | lion, jobs, taxes
business budget .
tax, jobs
. . . warning, dnr, .
water, 1ce, says, | 1ce, warning, . warning, water,
) . ) boats, fishing, | . )
13 weather | winter, river, | water, river, swimmin ice, winter,
power, lake trees, fish, boat ) & lake, fish, trees
flooding, trees
. . .| recipe, sauce, | teaspoon, but- | mustard, sauce,
going, just, lit- .
. cheese, flavor, | ter, flavor, flour, | recipe, cheese,
14 cooking | tle, okay, can, . . . .
. chicken, cream, | onion, onions, | recipes, flavor,
like, really
butter oven cream
- WOW, weird, | wow, know,
know, like, just, | know, mean, )
. . . nervous, mean, | yeah, like,
15 - really, think, | yeah, like, ive, .
know, guess, | think, hes,
got, dont really, hes .
magic mean
. ) son, family, | sleep, father, | sleep, family,
family, life, . Y P . p Y
. . . father, child, | son, brother, | child, son,
16 family | just, children, . . . .
. mother, life, | sister, child, | mother, chil-
son, shes, child
daughter daughter dren, father
county, says, | wsbt, bend, | wsbts,  regis- | registered,

17 wsbt south,  wsbt, | joseph, dog, | tered, fillmore, | county, wsbt,
channel, bend, | elkhart, desk, | wsbs, denise, | bend, elkhart,
kelly channel elkhart, joseph | kelly, joseph

congratulations,
game, team, | football, game, | playoffs, touch- | congratulations,
lay, one, | sports, players, | down, redskins, | game, football,

18 football | P ) P P y‘ &
season,  win, | games,  win, | quarterback, notre, dame,
football team playoff, cham- | players, coach

pionship
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Topic | Label Highest Prob | FREX Lift Score
. champion, champion,
fox, green, peo- | tickets, annual, P P
ronaldo, dona- | fox, bay,
ple, bay, year, | fox, event, | . .
19 events . tion, tickets, | green, packers,
event, wiscon- | packers, mu- . . )
. ) organizers, wisconsin,
sin seum, music
annual, parade | appleton
new, story, | york, media, | dice, diana, | dice, media,
20 media women, media, | book, wrote, | tweeted, mag- | women, york,
york, news, | twitter, women, | azine, twitter, | book, gtgtgt,
show read tweet, york twitter
. chills, cloudy, .
snow, weather, | snow, wind, ) Y chills, snow,
) ) SNOW, wind,
21 weather | tomorrow, will, | rain, degrees, Showers temperatures,
2 morning, going, | temperatures, ’ rain, weather,
) forecast, meteo-
now weather, winds ] degrees, storm
rologist
eah, fun, | chili, pauline, | chili, pauline,
well, good, Y . P p
. . . pauline, cool, | zoo, garden, | fun, yeah,
22 morning | right, morning, . . .
. good, morning, | emily, awe- | morning, cool,
yeah, can, just
yes some, deem awesome
students,
school, stu- | students, classroom. ma school, stu-
dents, high, | school, schools, terials teaéhers dents, materi-
23 school kids, schools, | student, col- ’ > | als, schools,
elementary, .
college, pro- | lege, campus, student, kids,
teacher, super-
gram teachers . teachers
intendent
police, officer, | officer, gun, fer- | convenience, police, conve-
. officers, gun, | guson, officers, | ferguson, offi- | nience, officer,
24 police 2
brown, shot, | enforcement, cer, guns, cop, | officers, fergu-
michael wilson, michael | missouri, louis | son, jury, gun
veterans, amer- ) .
world, country, | . . americas, veter- | americas, veter-
will toda 1ca, nation, ans, nation, vet- | ans, war, world
25 veterans . Y honor, world, ’ L L ’
american, ) eran, vietnam, | american, amer-
ears, people american, honor, sergeant | ica, afghanistan
years, peop church - SCT8 - 418
reporter, gtgt, | reporter, gtgt,
gtgt, reporter, | gtgt, reporter, P ele p g8
3 cnns,  gtgtgt, | gtgtgt, cnn,
26 reporter | said, say, dont, | gtgtgt, cnn, yes,
. . cnn, brooke, | cnns, happened,
people, yes listen, didnt .
anderson said
agenda, re-
president, republicans, publicans, agenda, republi-
house, repub- | republican, democrats, cans, president,
27 president licans, obama, | democrats, republican, democrats,
republican, clinton, senate, | democrat, republican,
will, democrats | hillary, election | hillary, immi- | hillary, clinton
gration
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Topic | Label Highest Prob | FREX Lift Score
G, it flames fire
fire, car, road, | fire, cars, driver, | fighters, driver, ’ ’
. . . . car, firefighters,
28 fire morning, just, | road, car, truck, | intersection, .
. ) . driver, cars,
live, now drivers lanes, brianne,
crash
firefighter
. . malaysian, .
plane, flight, | plane, flight, ray . | plane, islands,
. . aviation, is- | L. )
air, search, | aircraft, ocean, ) flight, aircraft,
29 plane . . . . lands, malaysia, .
airport, infor- | airport, pilot, X malaysian,
. . plane, flight, e
mation, area ship search, airlines
wreckage
. ) line, california, | zone, trains, | zone, virginia,
will, goIne, zone, virginia, | california, rin line, space, go
30 states now, right, line, . ginid, ) - INg, | e, Space, &
train, space, sta- | mexico, train, | ing, california,
see, get ) . .
tion line station
Table 8: Topics for 2015 STM. See appendix for column information.
Topic | Label Highest Prob | FREX Lift Score
submit,
phone, planned, | planned, phone, | planned, parenthood,
planned .
officer, body, | parenthood, parenthood, officer, submit,
1 parent- . .
hood parenthood, cell, videos, | footage, im- | planned, phone,
cell, fired fired, camera ages, phone, | cell, videos
videos
. . video, van, | .
video, car, shot, | video, van, . video, car, van,
. recording,
2 video stop, saw, man, | pulled, car, . shot, pulled, -
yelling, scream-
pulled shot, bus, leg . year-old, neck
ing, belt, leg
) . ferguson, )
police, officers, | gun, baltimore, g . police, officers,
. policing,  re-
. black, gun, city, | black, officers, . recover, officer,
3 police ] cover, freddie, i
officer, commu- | gray, guns, vio- . | baltimore, gun,
. protests, balti-
nity lence black
more, gray
senate, con,
. speaker, con,
house, white, | congress, sen- congress, re-
. boehner, .
congress, bill, | ate, speaker, | . . publicans,
4 congress | . . bipartisan,
will, republi- | house, vote, democrats,
) . lawmakers, i
cans, senate bill, legislation republican,
veto, shutdown
vote
cancer, dis-
women, chil- | cancer, disease, | ease, grace, | grace, cancer,
dren, can, | doctor, brain, | symptoms, health, disease,
5 cancer . .. . .
health, kids, | study, doctors, | medication, patients, chil-
child, cancer health diagnosed, dren, child
brain
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Topic | Label Highest Prob | FREX Lift Score
dog, dogs, | furniture, pets, | furniture, dog,
year, home, g & P &
. christmas, pet, donate, | dogs, store,
6 animals | people, come, . . :
owner, animal, | dogs, animals, | animal, dollars,
day, dog, event . :
store, animals animal year
resident, foreign, policy, ) )
p . gn. p y web, foreign, | president,
obama, policy, | obama, presi- .
. obamas, policy, | obama, web,
7 obama | foreign, speech, | dent, obamas, . . .
o . . obama, presi- | foreign, policy,
administration, | presidents,
dent, oval barack, speech
world speech
. metro, mary- | sale, bowser, | sale, metro,
now, live, news, ) .
. . ) land, rhode, | rhode, trains, | providence,
8 station | city, will, new, | . . .
abe island, sam, | providence, city, rhode,
providence, abc | sweeney, buses | county, abc
fun, anybody, | fun, join, joy, | joy, join, fun, | fun, joy, join,
9 fun join, dance, joy, | anybody, dance, | cheering, laugh, | anybody, dance,
laugh, cheering | laugh, cheering | dance, guide laugh, cheering
trump, donald, | trump, donald, | stage, carsons, | stage, trump,
10 trum hes, republican, | carson, polls, | trump, donald, | donald, carson,
p carson, bush, | iowa, stage, | trumps, rom- | jeb, republican,
new poll ney, carson bush
reporter, gtgt, | reporter, gtgt,
gtgt, reporter, | gtgt, reporter, p gt p g8
. gtgtgt, transla- | gtgtgt, cnn, e-
11 - said, gtgtgt, get, | gtgtgt, cnn, yes, . .
. . tor, cnns, jake, | mail, translator,
dont, like ten, jake .
don jake
. futurecast, Snow, tem-
will, water, | snow, weather, . .
morning, snow, | water. rain T, OSSP,
12 | weather ’ ’ ’ > | showers, snow, | rain, weather,
tomorrow, see, | storm, tempera-
thunderstorms, | showers, water,
day tures, degrees
clouds degrees
new, gov- | technology, lowest,  con- | lowest,  gov-
tech ernment, data, company, | sumers, tech- | ernment, data,
13 nolo information, employees, nology, cyber, | cyber, federal,
gy federal, use, | cyber, systems, | users, systems, | technology,
company, can companies data company
game, football, | cubs, nfl, play- | cubs, notre,
game, team,
sports, games, | off, tournament, | game, dame,
14 football | one, play, year, ..
notre, dame, | coaches, irish, | sports, football,
season, football L
team playoffs irish
iy cut, tax, taxes, | cut, tax, money,
money, million, | tax, cut, money,
e growth, taxpay- | taxes, dollars,
15 money | tax, dollars, | taxes, million, .
. . ers, revenue, in- | economy, bud-
pay, cut, jobs jobs, pay
come get
inner, new-
people,  can, | important, stalk, chal- | inner, people,
16 will, think, | things, process, | lenges, bruce, | think, need,
want, need, | need, sure, talk, | decisions, important, will,
make forward discussions, can
conversations
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Topic | Label Highest Prob | FREX Lift Score
. cheese, oven, | recipes, yeah,
can, just, okay, | okay, yeah, . p y
. . . recipes, salad, | okay, gonna,
17 cooking | right, like, yeah, | gonna, cheese,
. ) butter, choco-| cheese, choco-
little nice, cool, eat .
late, cooking late, great
) wave, know, | know, wave,
know, going, | know, theyre, .
. : sort, theyre, | mean, going,
18 - right, well, | mean, going, )
thats, get, just really, lot, yeah mean, ~ whats, | right, theyre,
- 8L Y. 1oLy probably think
. . . ustin, song, | justin, movie,
like, just, years, | movie, friends, J . .g J
. . . ) diana, movie, | film, love,
19 family family, life, | amazing, book, | . .
instagram, book, family,
one, love loved, love, dad . . .
movies, sing music
students,
school, wsbt, | students, wsbt, wsbt, com,
copeland, com,
students, south, | bend, school, school, stu-
20 school . .. | crenshaw,
says, county, | schools, indi- dents, bend,
) elkart, fillmore,
bend ana, joseph elkhart, county
teachers
debate, candi- | debate, walker, | cnbc, modera- | debate, rubio,
dates, think, | carly, candi- | tors, winners, | candidates,
21 debate ) . .
night, last, | dates, debates, | ferina, debates, | winners, carly,
rubio, governor | rubio, marco karly, carly marco, debates
. clinton, hillary, . ) . .
presid- y sanders, clin- | biden, sanders, | hillary, clinton,
. shes, sanders, . . .
ential ) ton, biden, | server, clin- | biden, sanders,
22 . campaign, . . . . .
candi- ) hillary, bernie, | tons, hearings, | clintons, bernie,
democratic, ) . . .
dates i clintons, server | bernie, emails hearings
.. . immigration,
Y citizenship,
people, country, | immigration, i governor, cre-
. . . creation,  un- i
immig- | governor, law, | illegal, gover- ation, law,
23 . .. documented, .
ration states, immigra- | nor, border, law, ) . border, im-
. ) latino, mexico, .
tion, going country, laws ) migrants,
amnesty, illegal | .
citizenship
scene, fire, | flames, fire- .
. . . police, flames,
police, fire, | driver, in- | fighters, gun- )
. . . . scene, hospital,
24 police now, say, just, | juries, hospital, | shots, suv, . .
.. county, investi-
one, scene injured, fire- | scene,  trans- ..
. gators, injuries
fighters ported, driver
.. o nuclear, iran, | sanctions, . ..
isis, military, . .. ) irans, isis, iran,
.. . o troops, russia, | iranians, irans, ..
25 isis iran, will, iraq, o syria, iraq, nu-
) assad, military, | assad, kurds,
deal, syria . clear, assad
forces ukraine, troops
. . . . . .1 bodies, flight,
officials, infor- | plane, flight, pi- | bodies, airlines, lane gin
mation, one, | lot, airport, of- | flight, pilots, p ..
26 plane . . ) vestigation,
security, plane, | ficials, search, | plane, pilot,
passengers,
now, may sources drone
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Topic | Label Highest Prob FREX Lift Score
. hernandez, hernandez,
case, court, | charges, judge,
. . . courtroom, sen- | court, charges,
judge, attorney, | prison, jury, at- . .
27 court . tenced, jurors, | attorney, jury,
said, today, | torney, charged,
i prosecutors, murder, prose-
charges trial . .
jury, sentencing | cutors
. curious, jour- . .
. media, dont, . J . curious, think,
think, dont, u mean nalists, media, media dont
28 media said, say, know, & ‘y, > | stupid, of- ’ ’
think, doesnt, know, mean,
people, hes fended, apolo-
agree . L hes
gize, ridiculous
.. . massacre, ..
1sis, attack, | paris, refugees, jihad paris isis, refugees,
. eople, aris, | terrorists, islam, .. > | muslims, paris,
29 terrorisnj peop P ) radicalized, . p
attacks, terror, | terror, terrorist, . muslim, mas-
. . refugees, islam, .
terrorism muslims . sacre, islam
bernardino
people, church, | pope, marriage, | introduced, introduced,
ope, faith, re- | faith, church, | pope, -sex, gay, | pope, church,
30 | church | PP | R PR R | B
ligious, today, | flag, gay, reli- | marriage, cuba, | religious, mar-
rights gious bible riage, faith, gay
Table 9: Topics for 2016 STM. See appendix for column information.
Topic | Label Highest Prob FREX Lift Score
police, black, | gun, officers, | submit, shoot- | police, officers,
1 olice officers, gun, | officer, police, | ings, cops, gun, | officer, gun,
P officer, shot, | charlotte, shoot- | charlotte, offi- | submit, char-
community ing, shot cers, tulsa lotte, shooting
. rent, recom-
government, agencies, data, . rent, federal,
. . mendations,
security, will, | cyber, fed- government,
govern- management, .
2 federal, de- | eral, agency, . cyber, security,
ment . veto, agencies, .
partment, new, | services, gov- agencies, de-
. . lawmakers,
information ernment partment
software
. . plane,  unbe- | unbelievable, unbelievable,
air, plane, train, | . . ) ) .
lievable, train, | pilot, airplane, | plane, flight,
3 plane one, space, | . . . . .
flight, flying, | jet, plane, | train, aircraft,
force, new . . .
space, air landing, profile | air, passengers
. ) mother, son, | music, elemen- | music, kids,
just, like, fam- ) ) .
. . . father, kids, | tary, mom, joy, | mother, family,
4 family ily, life, one, .
; family, daugh- | mother, daugh- | parents, father,
kids, years . .
ter, mom ters, girl children
. way, bottom, .
. way, different, | .. Y ) way, different,
way, different, | . line, different, .
. line, some- | . . rules, line,
5 - make, line, get, | . impression, .
. times,  ways, sometimes,
trying, put useful, some-
gets, rules . ways, gets
times
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Topic | Label Highest Prob FREX Lift Score
case, video, | video, judge, | video, jury, | video, attorney,
6 court court, judge, | attorney, case, | guilty, sen- | judge, court,
will, evidence, | charges, court, | tenced, lawsuit, | justice, charges,
justice charged trial, charged jury
. richard,
president,
senate,  ryan, . democrats,
house, party, pelosi, richard,
. house, senate, re-
republican, mcconnell, sen- )
7 congress . democrats, . publicans,
republi- . ate, ryans, reid, .
republicans, republican,
cans, obama, schumer )
paul, party president,
democrats
obama
. . debate, shes, | moderator, . .
presid- | trump, clinton, playing, clin-
. . debates, play- | moderators,
ential hillary, donald, | . . . ton, trump,
8 . ing, hillary, | playing, holt, | .
candi- | debate, shes, . hillary, donald,
. candidates, debates, debate,
dates think ) debate, debates
clinton lester
game, year, | season, game, | championship, | limited, notre,
9 football team, one, | football, larry, | dame, limited, | dame, football,
back, tonight, | sports, games, | notre, larry, | game, players,
will notre irish, sports sports
gtgt, reporter, | reporter, present, re- | gtgt, reporter,
10 cnn, gtgtgt, | present, gtgtgt, | porter, tapper, | present, gtgtgt,
campaign, one, | cnn, gtgt, cnns, | cnns, sara, | cnn, trumps,
says tapper gtgtgt, aides cnns
hurricane,
o county, Snow, slow, wsbt,
now, will, just, meteorolo-
11 weather | right, count storm,  wsbt, ist slow, county,  snow,
gL Y bend, weather, E1st, . .| elkhart, bend,
south, city snow, danielle,
road ) storm
suzanne, inches
L . baghdad, ..
.. . isis, iraq, syria, pentagon, isis,
isis, war, syria, . . pentagon, . .
.. . .. troops, islamic, . syria, iraq,
12 | isis iraq, military, . caliphate, fight- | .~ .
terrorists, syr- . .. .- . |iraqi, mosul,
now, forces ) ers, isil, iraqi, .
ian syrian
mosul
delivered, delivered,
women, born, | . . . .
. women, men, . jewish, birth, | women, christ-
family/ birth, sexual, ) .
13 woman, born, . marriage, abor- | mas, israel,
church S church, christ-| . .
said, bill, say .. tion, certificate, | born, church,
mas, christian ;
pope abortion
appointment, .
. great, thank, ppotnl appointment,
going, know, . fantastic, .
going, know, going, know,
14 - people, well, . hopefully,
want, ive, . people, great,
want, get, great appreciate, vets,
youve thank, well
luck, thank
russia, iran, | defense, putin, | koreas, putin, | defense, russia,
15 foreign | north, nuclear, | korea, iran, | sailors, defense, | korea, iran, nu-
defense | defense, putin, | russia, nuclear, | irans, jong-un, | clear, putin, rus-

korea

sanctions
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Topic | Label Highest Prob | FREX Lift Score
trump, donald, | president-elect, ) trump, donald,
. fortune,  gin- .
hes, trumps, | pence, mike, . president-elect,
. grich, bannon,
16 | trump | campaign, romney, tran- romney, for-
. . ) swamp, pence,
president-elect, | sition, mitt, . tune, trumps,
. mattis, newt
president trump pence
. ) buddy, jake, | gtgt, buddy,
gtgt, said, dont, | gtgt, dont, jake, Y ] £ A
) 3 . gtgt, anderson, | jake, think,
17 - people, think, | said, didnt, yes, )
. wolf, inappro- | gtgtgt, people,
say, want listen .
priate, corey dont
will, country,
applause, amer- | allen, applause, | applause, allen,
people, amer- | . . .
. . ) ica, cheers, ed- | cheers, inequal- | cheers, america,
18 america | ica, american, . . . .
. ucation, class, | ity, poverty, ed- | jobs, hillary,
americans, . .
nation, inner ucation, wage country
make
mean, eah, .
know, dont, y blacks, tucker, | blacks, think,
) ) dont, know, . .
19 - think, like, oka oure cuz, neil, weird, | mean, yeah,
right, thats, just likey, y > | yeah, kimberly | know, dont, hes
racist, flag, web, racist,
people, country, web, anthem,
. | amendment, . . flag, speech,
speech, ameri- .. racist,  bigot, .
20 us/race constitution, . muslim, con-
can, say, want, . flag, liberty, ..
. hate, muslim, stitution,
america amendment
freedom amendment
balanced,
. media, press, | journalism, media, bal-
media, news, . . . .
. university, cam- | journalists, anced, students,
21 media new, york,
pus, coverage, | howard, cam- | campus, fox,
press, fox, now .
fox, students pus, media, | press, news
buzz
_— ceall luxury, sort,
think, really, . ) Y brexit, perspec- | think, luxury,
think, kind, | .
22 - lot, well, theres, ) tive, terms, | sort, really, lot,
terms, certainly, ) ) .
thats, see . reflection, things, kind
obviously
broader
trump, sanders, | cruz, ted, | con, cruz, ted, | cruz, sanders,
cruz, donald, | sanders, bernie, | delegates, ka- | delegates, con,
23 delegates . . .
bernie, ted, | delegates, ru- | sich, caucuses, | bernie, ted,
republican bio, convention | rubio trump
authorities, . .
. com, rahami, | com, police,
now, attack, | brussels, in- ) ]
. . belgian, at- | brussels, fbi,
24 terrorismi new, two, peo- | jured, bomb, . .
. . tacker, bomber, | investigators,
ple, one, police | paris, suspect, ..
suspects, plot terror, injured
attack

63




Topic | Label Highest Prob | FREX Lift Score
) . . undocumented, | . . .
. ) ) immigration, immigration,
immigration, . deport, depor- .
. . illegal, border, . factory, immi-
immig- | country, wall, | . °. tation, factory, .
25 . . ) immigrants, grants, illegal,
ration illegal, going, sanctuary,
; sanctuary, mex- ) . . | border, sanctu-
border, will ) . aliens, immi- .
ico, mexican ) ary, mexico
gration
. stops, elec-
trump, vote, | voting, polls, . stops,  trump,
clinton, elec- | electoral, votes L stetn, clinton olls
. 3 - , V ) . ) D)
26 election | . . jill, ballots, P
tion, voters, | pennsylvania, vote,  voters,
. . battleground,
states, hillary ohio, poll electoral
recount
. improvement, health, im-
doctor, medical, p
health, can, wa- patients, symp- | provement,
.| health, pneumo- .
27 health ter, care, medi- | . . toms, doctor, | pneumonia, pa-
nia, doctors, in- | . . . .
cal, now, get disease, diag- | tients, medical,
surance, cancer
nosed, doctors | doctor, doctors
) ) . deliberately, ) .
clinton, hillary, | emails, founda- Y . | clinton, fbi,
. . . . . server, classi- .
clinton | fbi, foundation, | tion, classified, emails, clas-
28 . . ) .| fied, podesta, | .
emails emails, infor-| server, fbi, . . sified, server,
) . . emails, wik- . .
mation, state email, e-mails | . e-mails, hillary
ileaks, comey
money, tax, | tax, money, . tax, gate,
11s . gate, tax, prices,
million, jobs, | trade, taxes, . . money, taxes,
29 money . . trillion, audit, | .
business, going, | dollars, compa- jobs, dollars,
) market, rates
pay nies, market trade
. . cuba, erma- | permanent,
president, united, cuba, p p .
united, states rime, states RS GRS
30 | cuba ’ »| P ’ ’ | prime, british, | united, cuba,

obama, world,
will, american

president, min-
ister, castro

britain, commu-
nist

obama, castro,
states
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Table 10: Topics for the topical content STM for Sinclair purchased station data.

Topic | Words
1 cameras, photos, captured, photo, wjla, footage, images
2 climb, time
3 dancing, parade, dance, candy, cheer, band, golf
4 videos, video, posted, media, facebook, twitter, shows
5 honored, behalf, introduce, celebrate, colleagues, supportive, achieve
6 commissioners, proposal, properties, council, citys, apartments, mayor
7 emergency, drug, staffing, deaths, drugs, procedures, prevention
8 bristol, friendship, flag, ford, williams, courage, flags
9 touchdowns, touchdown, undefeated, quarterback, halftime, scored, coach
10 spicy, flour, yummy, chocolate, garlic, recipes, flavors
11 violence, americans, weapons, global, domestic, religious, border
12 tea, super, ideas, magic, style, interesting, traditional
13 flames, firefighters, firefighter, crash, smoke, crashed, blaze
14 flooding, snowfall, flooded, sidewalks, snow, pipe, water
15 | joy, excited, winners, join, sleeping, wave, scary
16 artists, donations, museum, concert, donate, festival, organizers
17 animals, animal, humane, dogs, dog, adoption, pet
18 prosecutors, sentenced, prosecutor, courtroom, pleaded, convicted, lawsuit
19 bridge, drivers, lanes, bridges, engineers, gas, crashes
20 thunderstorms, showers, inland, gusts, clouds, sunshine, winds
21 redskins, players, baseball, nfl, playoff, football, player
22 greg, farmers, tropical, sunny, corn, fishing, clay
23 teachers, teacher, students, superintendent, academic, elementary, colleges
24 book, guy, dad, god, married, cuz, mom
25 gunshot, gunman, police, suspects, suspect, custody, homicide
26 workforce, governments, companies, contractors, infrastructure, consumers,
taxpayers
27 lawmakers, republicans, senate, congress, democrats, bipartisan, legislature
28 winnebago, sturgeon, marinette, dnr, deer, lakes, oshkosh
29 | roz, plater, year-old, rockville, cheetah, -year-old, grandmother
30 sort, obviously, folks, interesting, mentioned, necessarily, maybe

Table 11: Topic-Covariate Interactions for the topical content STM for Sinclair purchased station data.

Topic | Group | Words
| Before | girl, ray, hurt, hadnt, pictures, capture, submit
After | cell, body, surveillance, recorded, light, footage, speed
) Before | climb
After | -
3 Before | katie, carrie, congratulations, entertainment, audience, anniversary, stage
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Topic | Group | Words
After | shoppers, gifts, gift, toys, sale, shopping, eve
4 Before | post, page, youtube, facebook, twitter, recognize, shows
After | social, moment, pictures, released, heres, online, moments
5 Before | brad, wedding, bell, lisa, birthday, hair, awards
After | rhode, island, providence, lord, assembly, pray, governor
6 Before | annie, copeland, roth, rick, bend, wsbts, spencer
After | taxpayers, revenue, funding, taxpayer, taxes, bern, funds
7 Before | security, cyber, consumer, digital, cell, sheriffs, sheriff
After | symptoms, hospitals, virus, patients, disease, cancer, goshen
g Before | veterans, afghanistan, cemetery, military, war, soldiers, warwick
After | virginia, heather, marion, bank, loan, johnny, richmond
9 Before | irish, tournament, penn, hockey, carl, benton, kimberly
After | greenville, friendship, vegetable, henry, kingsport, science, suv
10 Before | festival, easter, holiday, book, babies, amanda, reduce
After | pauline, classroom, flowers, meteorologist, birds, awesome, fitness
1 Before | cancer, patients, disease, therapy, symptoms, diagnosed, shutdown
After | afghanistan, russia, terrorist, iraq, terror, troops, soldiers
D Before | emily, pauline, deem, angela, colors, rachel, cute
After | gop, donald, trump, cruz, hillary, democratic, republican
13 Before | tornado, suv, homeowner, korff, lightning, suspicious, insurance
After | jeanette, reyes, trains, rail, metro, flights, riders
14 Before | cherry, heat, ski, storms, supply, residential, restrictions
After | boats, beaches, roadway, bern, coastal, intersection, atlantic
15 Before | dinner, excited, winners, scary, sleeping, joy, wave
After | joining, wave, joy, excited, winners, sleeping, join
16 Before | shopping, shoppers, christmas, sales, gift, gifts, volunteer
After | ceremony, tribute, parade, exhibit, veterans, breast, memorial
17 Before | egg, eggs, breakfast, forecast, population, deer, sleeping
After | racing, farm, lisa, race, girl, races, phil
18 Before | arrests, suspected, recorded, ford, steven, dcs, cranston
After | murder, homicide, fairfax, murdered, custody, baltimore, death
19 Before | trains, rail, riders, passengers, metro, intersection, airport
After | consumer, consumers, fees, cents, revenue, dollars, costs
20 Before | snow, slippery, marinette, ecu, oshkosh, appleton, pete
After | macon, debris, warner, interstate, wgxa, trees, houston
21 Before | marathon, runners, race, receiver, races, racing, kickoff
After | hockey, tournament, jordan, championship, basketball, coaching, team-
mates
) Before | garden, flowers, boat, soil, farm, boats, lawn
After | amanda, elkhart, deputies, sheriffs, wsbt, bend, wgxa
3 Before | toys, technology, santa, talented, pilot, projects, connecticut
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Topic | Group | Words
After | athlete, athletes, craven, buses, trauma, pandemic, ecu
24 Before | theater, movie, inspired, baby, mothers, wsb, library
After | guys, robert, egg, sport, skill, congratulations, retirement
)5 Before | surveillance, rousey, metro, accused, morgan, beaten, cell
After | detective, protesters, autopsy, murder, protest, trauma, departments
2% Before | taxes, prices, tax, bills, sales, fees, cents
After | cyber, intelligence, pentagon, privacy, homeland, matters, providers
7 Before | mayor, mayors, vincent, candidates, sector, clinton, brianne
After | immigration, tax, shutdown, proposal, marijuana, funding, proposed
’% Before | doran, beth, schlicht, follow-, alex, ship, chad
After | montana, kalispell, bozeman, montanas, missoula, butte, snow
29 Before | homicide, detective, body, cruz, eve, lord, reyes
After | rousey, brianne, patrice, graham, warwick, cemetery, girl
30 Before | realize, waited, worried, biggest, opened, days, deals
After | bruce, yeah, conversations, convention, buildings, appreciate, helpful
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Figure 5: Results for STM on all data. Change in topic proportion shifting from CNN to Fox on the x-axis and
before Sinclair purchase to after Sinclair purchase on the y-axis. Topics 10 (cooking), 26 (family), and 24 (station
2) are omitted, but can be found in Figure 2a.
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Figure 6: Results for STM on 2014 data. Change in topic proportion shifting from CNN to Fox on the x-axis and
before Sinclair purchase to after Sinclair purchase on the y-axis.
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Figure 7: Results for STM on 2015 data. Change in topic proportion shifting from CNN to Fox on the x-axis and
before Sinclair purchase to after Sinclair purchase on the y-axis. Topics 6 (animals), 8 (station), 12 (weather), 14
(football), and 20 (school) are omitted, but can be found in Figure 2c.
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Figure 8: Results for STM on 2016 data. Change in topic proportion shifting from CNN to Fox on the x-axis and
before Sinclair purchase to after Sinclair purchase on the y-axis. Topics 4 (family), 9 (football), 11 (weather), 24

(terrorism), and 27 (health) are omitted, but can be found in Figure 2d.
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Figure 9: STM with before/after purchase as a topical content covariate. These plots show words within a topic
which are strongly associated with coverage before Sinclair takeover as opposed to after Sinclair purchase.
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Topic Effects: Before —> After

Arrows show direction of change
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Figure 10: Results for STM on all paired data. Change in topic proportion shifting from non-Sinclair to Sinclair
affiliate on the x-axis, and shift before and after purchase date is shown with arrows. Red denotes national topics
and blue denotes local topics. Topic list is shown on the y-axis. Topics with unclear national/local interpretation are
omitted here, and included in Figure 11.

Table 12: Topics for Paired Analysis STM with all data. See appendix for column information.
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Topic | Label Highest Prob FREX Lift Score
border, illegal, . border, climb,
border, people, » 17e8 asylum, climb, | .~ 7 |
) ) texas, immigra- ) immigration,
immigra4 country, new, | . ) cartels, migrant, . .
1 ) tion, migrants, . migrants, immi-
tion law, governor, | . . migrants, sanc- .
: immigrants, . grants, illegal,
city .. tuary, aliens
cities sanctuary
police, car, | scene, police, | submit, crash, | submit, police,
. morning, say, | officers, crash, | shooter, scene, | officers, scene,
2 police o . .
officers, hap- | officer, shoot- | injuries, acci- | crash, car, in-
pened, just ing, vehicle dent, fatal juries



Topic | Label Highest Prob | FREX Lift Score
. testifying, trump, testi-
case, court, | supreme, judge, . y g . ) P
. ) T fani, indict- | fying,  court,
trump, judge, | trial, indict- O .
3 court . . ment, willis, | judge, trial,
will, president, | ment, court,
wade, lawyers, | supreme, don-
former legal, lawyers
supreme ald
. . video, insta- | . .
. video, media, . video, media,
media, news, i gram, twitter, )
. . twitter, fox, fox, twitter,
4 media new, video, fox, outlets, tucker, .
tucker,  post, york,  social,
york, show . platforms,
movie ) facebook
magazine
. ) videos, touch-
. ball, yards, | videos, rivals,
first, going, down, yards,
coach, game, | clock, bennett,
5 football | get, got, game, . game, coach,
. gonna, rivals, | pals, snap, pow-
right, hes la ered ball, quarter-
play back
. . hamas, gaza, | counteroffensive, .
ukraine, israel, | . . hamas, ukraine,
. israel, is- | hamas, hezbol- )
israel/ war, now, ) gaza, israel, ca-
6 . . raeli, forces, | lah, hostages, . .
hamas | military, will, . . sualties, russia,
hostages, idf, palestinian, .
hamas e . putin
ukrainian casualties
president, . . . . .
. ) foreign, china, | foreign, sanc- | foreign, putin,
united, will, . .
. secretary, nu- | tions, korea, | president, rus-
foreign | states, ad- ) . .
7 . .. ) clear, countries, | nuclear, cuba, | sia, china, nu-
affairs ministration, . . . . .
administration, | taiwan, ambas- | clear, president-
secretary, for- .
. president-elect | sador elect
eign
. colonel, sher- | colonel, sher-
county, found, | sheriffs, mur-| . . .
. iffs, deputies, | iffs, county,
law/ office, law, | der, sheriff, ar- ..
8 . homicide, sher- | charges, mur-
sheriffs | charges, case, | rested, charges, | . .
. . iff,  arrested, | der, police,
sheriffs charged, prison . .
murder investigators
champion,
. channel, john- | newschannel, champion,
city, county, .
) . son, tennessee, | commission- county,
will, says, john- | . .
9 TN josh, city, | ers, eleven, | tennessee,
son, tennessee, | | . . .
kingsport, tennessees, kingsport, city,
news . ) .
sarah channel, im- | bristol, johnson
provements
unbelievable, .
. unbelievable,
tax, jobs, taxes, | tax, wages,
money, dollars, ) tax, dollars,
- dollars, com- | income, . .
10 money | million, tax, ) inflation, taxes,
. . panies, money, | paycheck,
pay, jobs, will 11 . economy,
billion investments,
. money
medicare
. . ledge, reli- | pledge, amer-
people, country, | rights, america, plece . predg
gious, racism, | ica, = women,
gender/ | women, amer- | black, freedom, .
11 . . protest, free- | americans,
race ica, american, | hate, women,
. . doms, gender, | thank, democ-
will, black racist . . .
religion racy, american
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Topic | Label Highest Prob | FREX Lift Score
water, bridge, | yep, ocean, | yep, water,
water/ | water, now, & y.p ) yep
. . plane, storm, | flight, hurri- | storm, hur-
12 hurri- area, just, can, | . . . . .
. . flight, airport, | cane, bridge, | ricane, river,
cane right, will . . . .
coast debris, rail airport, aircraft
beats, bristol,
. christmas, beats, christ- | christmas,
. | new, christmas, . .
advertis- store, holiday, | mas, santa, sale, | kingsport,
13 store, now, get, ) .
ements . sale, restaurant, | holiday, stores, | furniture,
car, bristol .
shop, sales restaurant abington, cus-
tomers
. | senate, speaker, maga, re-
house, republi- 5P maga, speaker, S
. republicans, publicans,
cans, bill, re- mccarthy, sen-
. mccarthy, democrats,
14 congress | publican, sen- ate, schumer, .
congressman, republican,
ate, democrats, ) . | senators, mc-
capitol, republi- senate, speaker,
party connell
can congress
way, make, | way, shannon,
way, make, can, way, make, can,
filler done, long, | ways, connect-
15 get, see, back, . see, get, done,
words 1 sure, ways, | ing, shape, fig-
sure ) ways
making ure, apart
. ) chevrolet, dev- | chevrolet,
one, tonight, | greenville, ) . .
reenvill{ game reen reen,  SCore 1, e, | el
16 g g. - & o & L . | greenville, touchdown,
sports win, greenville, | devils, daniel, . .
. boone, daniel, | devils, game,
first win, blue
finds boone, score
. think, know, | flash, mean, | think, know,
know, think, go-
filler ) mean, dont, | sort, know, | flash, mean,
17 ing, dont, thats, . . .
words 2 . youre, thing, | think, honestly, | going, people,
people, like .
kind dont dont
. ) ) trusted, virus,
health, will, | testing, virus, ) ) trusted, health,
vaccinated, dis- . .
.| cases, state, | health, cases, ) missoula, virus,
18 pandemig . . tancing, quar- .
can, people, | distancing, ) ) kovat, testing,
antine, testing,
county masks, tests county
outbreak
. snow, tempera- | Snow, toss, | toss, Snow,
morning, Snow,
; tures, showers, | showers, sun- | temperatures,
see, will, . .
19 weather . weather, rain, | shine, cooler, | montana, show-
weather, going, .
da forecast, de- | cloudy, temper- | ers, missoula,
y grees atures kalispell
) ) . fbi, letter, fbi, heal, in-
information, in- . . ..
.. . | classified, heal, fbi, over- | vestigation,
vestigation, fbi, . . -
. chairman, sight, server, | classified,
20 | fbi department, re- | . . .
. investigation, classified, docu- | documents,
port, evidence, . .
. committee, ment, letter evidence, com-
questions ) )
evidence mittee
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Topic | Label Highest Prob | FREX Lift Score
tgt, reporter tgt, reporter, | gtgt, gtetet, usa gigt, usa, re-
filler B8, TCPOMICE, | B8, reporiet, | SIgt, SISISL, us, porter, gtgtgt, e-
21 said, say, dont, | gtgtgt, e-mails, | reporter, e-mail, . .
words 3 . . . mails, e-mail,
women, gtgtgt | usa, cnn, e-mail | e-mails, aides enn
) cancer, chil- | tent, cancer, | tent, children,
e, ey dren, mental arent, doctors, | kids arents
22 | children | kids, care, help, : > | parent, | 108, parents,
) parents, doctor, | diagnosed, doc- | patients, child,
parents, child . .
child, doctors tor, pregnant hospital
just, family, bOOl'(, frlen.ds, jay, lord, | jay, family,
. . ) family, life, | funeral, grand- | book, father,
23 family years, like, life, ;
. mom, loved, | father, queen, | life, mom,
time, know
father larry, mom thank
Eiz}i hteSrI;1 ok b, 0, ant, ere, tha, tht i, e,
24 fire g ’ firefighters, ths, | . ° 7 .7 7| tha, thi, fire-
burning, fires, tit, ahe, aim
whe, fire fighters, ath
tha, burn
. trump, donald, | hillary, clinton, gentlem'e n, trump, donald,
presideny . hampshire, . .
. clinton, cam- | donald, debate, clinton, hillary,
25 tial . . romney, rnc,
. paign, hillary, | trump, cam-| . . gentlemen,
election . . hillary,  mitt, .
election, hes paign, voters election, voters
battleground
. . . . tail, adoption, .
right, just, little, | dog, little, yeah, tail, gonna, dog,
. . dogs, dog, .
26 pets got, can, like, | beautiful, fun, . >’ | adoption, yeah,
chicken, deli-
yeah love, okay . thank, fun
cious, sugar
medicine, nbc- | medicine, mon-
montana, says, | mtn, montanas, )
missoula, peo- | park, helena montanacom, tana, missoula,
27 MT ’ T .| wildlife, mtns, | mtn, flathead,
ple, help, com- | medicine, mis-
. . helena, mtn, | bozeman, mon-
munity, will soula, montana ]
recreation tanas
school, stu- | students, music, | music, arts, fes- | music, students,
28 school dents, commu- | school, campus, | tival, campus, | school, campus,
nity, year, just, | schools,  stu-| teachers, stu- | schools, kids,
schools, kids dent, university | dents, classes community
biden/ biden, joe, | biden, joe, | anti, jeanine, | biden, bidens,
29 resi president, dont, | hunter, bidens, | kamala, ainsley, | joe, anti, hunter,
gen ¢ will,  hunter, | greg, brian, | bidens, carley, | president,
people jesse newsom democrats
e playing, sports, | playing, nfl, | playing, game,
30 sports lav. iust. pla football, team, | soccer, base-| football, mon-
P p Y> Just, pay play, game, | ball, basketball, | tana, coach,
ing, know, got
field sport, league sports, players
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Topic Effects: Before —> After

Arrows show direction of change
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Figure 11: Results for STM on all paired data. Change in topic proportion shifting from non-Sinclair to Sinclair
affiliate on the x-axis, and shift before and after purchase date is shown with arrows. Red denotes national topics,
blue denotes local topics, and gray topics are unclear. Topic list is shown on the y-axis. The graph with only
national/local topics can be found in Figure 10.
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Topic Effects: Before —> After

Arrows show direction of change
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Figure 12: Results for STM on paired data before 2020. Change in topic proportion shifting from non-Sinclair to
Sinclair affiliate on the x-axis, and shift before and after purchase date is shown with arrows. Red denotes national
topics, blue denotes local topics, and gray topics are unclear. Topic list is shown on the y-axis. The graph with only
national/local topics can be found in Figure 4.
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Table 13: Topics for Paired Analysis STM with data before 2020. See appendix for column information.

Topic | Label Highest Prob | FREX Lift Score
new, york, | york, new, | . . .
new . ; . . jooy, york, jer- | new, york, jooy,
national, times, | jersey, national, . . .
1 york/ . . . sey, new, miller, | national, jersey,
! record, jersey, | record, join, | . : . .
jersey . . . join, record join, record
join miller
. women, me- | journalists, .
women, media, . . women, media,
. dia, twitter, | sexually,  yp-
. news, said, sexual, ypcom,
2 media press, sexual, | com, fzone, .
press, fox, . fox, twitter,
. comments, twitter, women, | . .
saying . . journalists
magazine magazine
. . aint, touch-
) score, quarter, | aint, warriors,
one, tonight, . . down, dev-
football . final, nothing, | daniel, gate, | .
3 first, game, win, . ils, score,
1 . devils, lady, | scores, boone, )
nothing, back . greenville,
touchdown hits
game, crockett
filler can, way, make, | way, make, can, | way, ways, | way, can, lets,
4 get, want, thats, | sure, lets, put, | make, sure, can, | make, want,
words 1
sure done try, glad talk, sure
. trump,
trump, hes, don- | president-elect, . .p
. .\ upload, cabinet, | president-
. ald, president, | transition, cab- .
president . . mattis, flynn, | elect, donald,
5 president-elect, | inet, romney, e
trump ) giuliani, ses- | romney, sec-
secretary, mitt, trumps, | .
sions, bolton retary, trumps,
trumps secretary .
mitt
. jobs, tax, | unbelievable, unbelievable,
jobs,  money, . e . .
. . companies, trillion, jobs, | tax, jobs,
going, business, | ... o
6 money ] . billion, econ- | billion, com- | obamacare,
tax, will, mil- . .
lion omy, money, | panies, carrier, | taxes, economy,
obamacare regulations companies
tgt, reporter, | . .
gtgt, reporter, £ p videos, gtgt, gt- | gtgt, videos, re-
7 filler say, dont, gt gigigt, M| otet,  reporter, | porter, gtett
words 2 Y, cont, & jake,  videos, giel, reportet, | p > E88h
gtgt, said, cnn cnns, cnn, jake | cnn, cnns, jake
wolf
. palswebcom, .
great, got, | christmas, fun, ; christmas, fun,
. merry, christ-
. right, well, | parade, event, parade, palswe-
8 holidays | . . . . mas, parade, .
just, christmas, | excited, tickets, ) bcom, festival,
festival, santa, .
come folks . daytime, merry
celebration
clinton, fbi, ) . . . .
information fbi, emails, | classified, heal, | clinton, fbi,
clinton | . . e-mails, comey, | hacked, hack- | e-mails, heal,
9 . investigation, . . . .
emails . email, classi- | ers, e-mails, | hillary, comey,
emails, elec- . . ..
fied, cyber hack, hacking investigation

tion, hillary
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Topic | Label Highest Prob | FREX Lift Score
. . . immigrants, . .
immigration, pledge, immi-
people, coun-| . . . | pledge, sanc- . .
. . . rights, immi- . . gration, immi-
immigr- | try, law, will, tuary, religion,
10 . . grants, flag, grants, sanctu-
ation president, amer- | >’ | protests, .
. ) illegal, ameri- . . ary, law, ameri-
icans, america religious, con-
cans, law e cans, federal
stitution
johnson, . .
. . . . champion, champion,
city, johnson,  city, bristol, construction johnson, cit
TN/VA | will,  bristol, | kingsport, onstraction, —— johnson, - city,
11 . X citys, johnson, | kingsport, bris-
1 kingsport, project, down- | . .
city, project, | tol, downtown,
street, now town, cham- . ..
. bristol tri-cities
pion
john, space, | ray, hero, tth, | ath, aan, ahe, .
filler J p Y ) . ray, tth, ihe, tnd,
12 don, bob, hero, | don, tin, ship, | tha, whe, aon, .
words 3 . . ahe, tin, tng
beer, wine bob ihe
. . book, music, | music, movie, | music, movie,
music/ | like, know, one, . .
movie, film, | movies, book, | book, film,
13 book/ really,  yeah,
. . song, show, | film, songs, | song, yeah,
movie show, just .
love sing love
. webcom, tem- .
morning, morning, web-
. peratures,
morning, today, | tomorrow, } com, tomorrow,
. morning, fore-
14 weather | now, day, will, | weekend, after- weather, tem-
cast, tomorrow, .
see, well noon, sunday, peratures, rain,
. wednesday,
hours, live ) forecast
rain
. doctors, trusted, .
health, care, | health, patients, .. health, patients,
. . medication, .
health- | can, hospital, | cancer, medical, . trusted, hospi-
15 . . symptoms, dis- .
care medical, help, | disease, doc- . tal, medical,
ease, patients, | .
also tors, treatment disease, doctors
cancer
isis, war, pres- | isis, syria, | mosul, pit, | . . .
) . . . isis, syria, rus-
.. ident, military, | iran, nuclear, | sanctions, . . .
16 isis ) ) .. . .. sia, iran, pit,
will, united, | military, iraq, | assad, iranian, | . .
.. iraq, putin
now forces iraqi, nato
laying, play- | playing, nfl, .
team,  game, playmg, play-| playing playing, game,
lavin la ers, games, | league, basket- football la
17 | football | POYI"E Py, sports, basket- | ball, players, - Py
season, year, ers, coach,
ball, football, | baseball, ath-
football games, etsu
team letes
) sponsored, county, ten-
county, says, | county, josh, .
defuse, jackie, | nessee, spon-
TN/VA | tennessee, state, | tennessee, ) .
18 ) burnie, com- | sored, sullivan,
2 will, news, | sarah, carter, L. ..
.. ) missioner, nate, | unicoi, channel,
virginia board, sullivan
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Topic | Label Highest Prob | FREX Lift Score
fire, scene, update, fire,
fire, now, peo- update, fire- P
alert, attack, firefighters,
ple, one, offi- fighters, fire, . .
19 fire . ) firefighters, police, officials,
cials, just, at- .. shooter, fires,
authorities, montana, au-
tack alert, flames ..
montana thorities
olice, sub-
. . officer, sher- | year-old, sub- po .
police, said, | . : . mit, sheriffs,
iffs, officers, | mit, deputies, .
. case, say, of- . officers, in-
20 police murder, po- | sheriffs, mur- .
ficers, officer, | .. . vestigators,
lice, charges, | der, jury, | . ..
man investigation,
charged aggravated
charges
. chevrolet,
ball, gonna, sci- | chevrolet,
gonna, first, crockett, touch-
football ence, thomas, | thomas, clock,
21 now, back, get, . down, yards,
2 yards, yard, | bennett, rivals,
game, hes gonna, game,
touchdown crockett, ball
ball
car, water, just, | water, miles slow, flight, | slow, crash,
] ’ - Just, ’ > | miles, crashed, | water, car,
22 transit | road, get, plane, | crash, plane, . . . .
) ) drivers, engine, | highway, driver,
train train, bus, car .
driver plane
Know think think,  know, | aim, mean, | think, know,
filler . | mean,  dont, | tucker,  sort, | mean, going,
23 going, people, i . .
words 4 dont. well. like going, youre, | know, think, | people, aim,
’ ’ thing neil dont
president, republican,
senate, senator,
house, re- . . democrats,
. republicans, pelosi, ron, ru-
publican, . . obama, repub-
24 congress democrats, bio, senate, jeb, | .
party, obama, . . licans, ron,
republican, christie, cruz )
democrats, senate,  presi-
republi cruz, governor
publicans dent
animals,  ap- .
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. animals, shel- | adoption, .
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Topic | Label Highest Prob | FREX Lift Score
family,  just, | family,  chil- | properties, properties, fam-
28 famil people, life, | dren, families, | funeral, mom, | ily, children,
y know, help, | father, mother, | journey, honor, | veterans, kids,
years life, mom mothers, moms | church, mother
trump, donald, | debate, hillary, absolute, mod- trump, clinton,
. . . erator, debate, .
trump/ | clinton, hillary, | clinton, donald, hillary, donald,
29 . . debates, lester,
clinton | debate, think, | trump, shes, debate, abso-
. . temperament, .
said candidates ) lute, clintons
universe
school, stu- | video, stu- | video, campus, | .
) video, school,
dents, video, | dents, campus, | elementary, .
30 school schools, uni- | school, schools, | teachers, ’
. pus, student,
versity, college, | student, ele- | teacher, classes,
. schools, gun
kids mentary students
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Abstract

Understanding moral values in social media
text offers insight into moral judgement for-
mation, and supervised NLP models trained
on crowdsourced data have achieved strong
classification performance. However, most ap-
proaches simplify the problem by aggregat-
ing multiple annotators’ labels into a single
“ground truth”, overlooking the inherent sub-
jectivity of the task. In practice, there are dis-
agreements between annotators caused by per-
sonal viewpoint or inherent ambiguities, par-
ticularly for short tweets. Here, we extend a
pretrained language model with a layer that
learns annotator-specific features. Our model
improves predictions of individual annotations
and yields representations that reveal meaning-
ful insights into annotators’ moral perspectives.
We show that models trained on aggregated
labels may hide variation and give a mislead-
ing impression of performance. Overall, we
demonstrate that disagreement reflects the in-
herent subjectivity of the task and that mod-
elling individual perspectives creates benefits
for moral classification of texts.

1 Introduction

Morality plays a vital role in shaping people’s opin-
ions and forming judgement towards social events.
Accordingly, analysing morality allows for better
understanding of what people believe and how peo-
ple interact and form communities. We can ex-
plore these beliefs through opinions and stances
expressed via language, in particular online con-
tent. Such analysis has inspired diverse research
directions—from analysing political ideology and
polarisation (Haidt and Graham, 2007) to under-
standing how people engage in public-health dis-
course (Jiang et al., 2025; Zhou et al., 2024). Thus,
it is extremely valuable to be able to extract moral
values from human-created content.

Many Natural Language Processing (NLP) tech-
niques have been applied and integrated with an em-

@gop @VP @SenateDems
@realDonaldTrump @DNC

champion of contempt of court
—no respect for the rule of law

E)\egadation] L\Aithority ] LS\ltversion ] L\(ieating ]

@93@

A AR )

Figure 1: A tweet example with disagreeing labels given
by four annotators in the Moral Foundations Twitter
Corpus (Hoover et al., 2020), demonstrating how indi-
viduals interpret moral expressions differently.

pirically validated psychological framework called
Moral Foundations Theory (MFT) (Graham et al.,
2009, 2013; Haidt, 2012). MFT decomposes hu-
man beliefs into five moral foundations, each with
its own virtue and vice axis: Authority/Subversion,
Care/Harm, Fairness/Cheating, Loyalty/Betrayal
and Purity/Degradation. Approaches including
lexicons (Araque et al., 2020; Frimer et al., 2019;
Graham and Haidt, 2012; Hopp et al., 2021) and
supervised machine learning models (Beiro et al.,
2023; Huang et al., 2022; Lin et al., 2018) have
been employed to classify text according to MFT.

Recently, transformer-based large language mod-
els have shown promising results in classification
tasks. BERT in particular have been widely applied
due to its ability to generate rich contextual and
semantic embeddings (Devlin et al., 2019). Fine-
tuning BERT with crowdsourced data has become
a standard and effective approach for achieving
state-of-the-art performance in moral value clas-
sifications (Guo et al., 2023; Nguyen et al., 2024;
Preniqi et al., 2024).

However, moral judgement is inherently
subjective—individuals hold different beliefs and
inhabit different contexts that lead to them inter-
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preting content differently and prioritising different
foundations. Additionally, classifying texts from
social discourse further extends the subjectivity
due to the ambiguity of text data, particularly in
highly abbreviated contexts such as tweets. Hence,
crowdsourced training datasets in this field often
exhibit substantial disagreement among annotators
(Figure 1), yet existing work typically disregards
this information, treating disagreement as unstruc-
tured noise. They typically train a universal classi-
fier treating moral classification as if there exists a
“ground truth” that can be derived from aggregated
annotators’ responses.

In reality, the disagreements are an important
part of the content of the analysis of morality. A
model trained to derive one “smoothed out" re-
sponse will miss the inherent conflicts and sub-
tleties that are so much of the human experience. A
more sophisticated approach is to build models that
learn how individuals differ in their judgement.

In this work, we take a step towards this goal by
training classifiers that model annotators in crowd-
sourced data specifically. We do this by adding a
neural network layer on top of finetuning of BERT.
This additional layer learns how a particular anno-
tator interprets moral content differently from the
shared text embeddings. Furthermore, the added
layer can be seen as an interpretable representation
that capture meaningful differences between indi-
viduals, revealing biases and tendencies towards
different moral values. Our results show substantial
improvement in predicting individual annotations
and highlight concerns that training classifiers on
aggregated labels may appear highly accurate but
mask inconsistencies across annotators.

This work makes three key contributions:

1. A modelling approach that captures individ-
ual perspectives in moral value classification,
accounting for task subjectivity;

2. We demonstrate that annotator biases and ten-
dencies in crowdsourced datasets are learn-
able features rather than noise, where our
model yields on average, a 10.2 % improve-
ment in classification accuracy when com-
pared with finetuned BERT over five foun-
dations; and

3. We raise concerns about aggregating annota-
tions into a single ground truth label in such
task, urging future modelling approaches to
incorporate individual-level variation.
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2 Related Work
2.1 NLP for MFT

Many studies focus on supervised learning ap-
proaches where classifiers are trained to map texts
to moral values. Classical machine learning mod-
els such as logistic regression and support vector
machines, as well as deep learning models such
as long short-term memory networks, have been
widely adopted (Araque et al., 2020; Beir6 et al.,
2023; Hoover et al., 2020; Lin et al., 2018; Trager
et al., 2022). More recent work uses transformer-
based pretrained language models, particularly
BERT and its variants. Trager et al. (2022) report
baseline performance from finetuning BERT mod-
els on a labelled dataset of Reddit posts. Nguyen
et al. (2024) and Preniqi et al. (2024) provide in-
depth analyses of BERT fine-tuning procedures and
evaluations of performance in practice. Supervised
learning approaches have shown promising results
in classification tasks. However, training of super-
vised models typically rely on large-scale crowd-
sourced datasets that often exhibit annotation dis-
agreement (as noted earlier). Existing works often
handle this disagreement through label aggregation,
implicitly assuming the existence of a ground-truth
label that can be derived through summarisation
or averaging of the various inputs. Yet studies in
moral psychology demonstrate that moral judge-
ment is inherently subjective and varies across indi-
viduals (Haidt, 2012), indicating that aggregation
may hide meaningful differences in how people
interpret the same content.

2.2 Subjectivity in Moral Judgement

Human moral judgement is widely recognised as
subjective and shaped by individual differences.
Haidt’s social intuitionist model highlights how
moral judgements arise from intuitive, socially and
culturally shaped processes (Haidt, 2001). This
model later informed MFT, which underpins most
NLP research on moral value classification and
posits that moral judgement varies across individu-
als (Haidt, 2012). Cultural differences were among
the most influential factors shaping variability in
moral judgement. Early work shows that people
from different countries make different moral eval-
uations, even when presented with the same sce-
narios (Haidt et al., 1993). Subsequent studies us-
ing the Moral Foundations Questionnaires further
validated the impact of demographic and cultural
differences in moral intuitions (Atari et al., 2023;



Graham et al., 2011). Furthermore, studies also
show that interpretation of morality shifts depends
on social identities (Ellemers and Van der Toorn,
2015; Koleva et al., 2012). One must then consider
individual perspectives when forming moral judge-
ment. Liscio et al. (2022) explicitly analyse the
relationship between model performance and anno-
tator agreement, and suggest modelling approaches
to incorporate annotator (dis-)agreement.

2.3 Data Perspectivism

Recent work on subjective NLP tasks has increas-
ingly challenged the assumption of having a sin-
gle“ground truth" and the use of aggregated labels,
advocating instead for modelling individual annota-
tor perspectives. Under the emerging paradigm
of data perspectivism, disagreement in annota-
tion is treated as a meaningful signal rather than
noise (Cabitza et al., 2023). Prior studies have
explored various multi-annotator learning strate-
gies, including incorporating annotator statistics
and learning personal latent vectors (Kanclerz et al.,
2022), learning multi-task and multi-label frame-
works (Davani et al., 2022), and annotator-aware
representations (Mokhberian et al., 2024). These
approaches consistently show that modelling indi-
vidual annotation patterns can achieve compara-
ble and sometimes better performance to majority-
vote baselines while better capturing uncertainty
and variability in human judgement. Additionally,
methods that leverage annotator metadata demon-
strate that improvements often arise from learn-
ing annotator-specific behaviour rather than shared
demographic patterns (Orlikowski et al., 2025).
Within MFT NLP, prior work has explored per-
spectivist approaches from different angles. Go-
lazizian et al. (2024) explored cost-efficient ap-
proaches combine multi-task learning with few-
shot annotator adaptation to incorporate new anno-
tator perspectives while reducing annotation cost.
In parallel, Alvarez Nogales and Araque (2024)
take an early step by training separate classifiers on
subsets of annotators and combining their outputs
via prompt-based ensemble; however, annotation
sparsity and limited per-annotator data lead to sub-
stantial variability in annotator-specific predictions.
Collectively, this line of work highlights the im-
portance of preserving perspectives in subjective
tasks and motivates approaches, such as ours, that
directly model individual annotators in MFT NLP
and reveal insights into the impact of annotators
and the subjective nature of moral foundations.
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3 Data

In this work we use the Moral Foundations Twit-
ter Corpus (MFTC) (Hoover et al., 2020), compris-
ing 35,108 tweets collected from Twitter (now X),
across seven topics identified by hashtags. Twenty-
three annotators were trained to manually assign
labels for moral foundations and their polarity ex-
pressed in each separate tweets. An additional
“non-moral" label is included for annotators to flag
tweets with no presence of any moral foundations.
Every tweet received between 3 to 8 annotations,
the majority receiving 3 or 4.

Foundation | Moral Absent | Proportion
Authority | 18473 109945 14.39
Care | 26141 102277 20.36
Fairness | 24635 103783 19.18
Loyalty | 17437 110981 13.58
Purity | 11982 116436 9.33

Table 1: Annotation distributions for all five foundations,
with the proportion of annotations for moral classes
(virtue and vice), showing class imbalance between the
moral and absent classes.

Table 1 shows the label distribution for all five
foundations, where each foundation is considered
for the entire dataset. There exists a substantial
class imbalance between the moral classes and the
absent class.

#Annotator Mean Median Min Max s.d
23 5585 4588 560 19556 4747

Table 2: Summary statistics of the number of tweets
each annotator has annotated, showing the sparsity of
annotation structure.

While the label distribution provides an overview
of class prevalence, it does not capture how an-
notations are distributed across annotators. The
variability in contributing annotations adds more
complexity to the problem and we first show that
with summary statistics in Table 2. On average,
each annotator labelled about one-seventh of the
entire tweet collection. The large standard devia-
tion highlights the variability of numbers of tweets
each annotator labelled—a small number of anno-
tators covered a majority of the dataset. This im-
balance leads to sparse co-annotation, as visualised
in Figure 2. Edges in the graph have weights that
represent the number of tweets two annotators both
labelled and edges with weight less than 500 are re-



moved to identify clusters where annotators within
one cluster have been presented similar twitter con-
tent. The disconnectedness of the co-annotation
network indicates that subsets of annotators never
label any common items. As a result, information
does not propagate across all annotators, prevent-
ing us from identifying global latent variables that
helps explain annotator labelling ability and item
labelling difficulty. This motivates the considera-
tion of modelling approaches that are not restricted
by disconnectedness and can make use of such lo-
cally structured annotation data, which we describe
in the following section.

Figure 2: Co-annotation network between annotators.
Edges represent the number of tweets co-annotated, and
edges with weight less than 500 are filtered out. There
exists several clusters of annotators which allows us to
compare within groups of annotators that are labelled
similar items. The disconnectedness shows that infor-
mation is not shared across all annotators.

Given the large amount of missing values in the
annotation structure as shown above, we report
inter-annotator agreement using Krippendorff’s a
(Krippendorff, 2018) for each foundation in Table
3. An « value of 0 indicates agreement at the level
of chance, while a value of 1 indicates perfect con-
sensus. We observe low to moderate agreement
across all foundations, with Authority, Loyalty and
Purity exhibiting noticeably lower agreement than
the others, suggesting a higher degree of subjec-
tivity in their labelling. Overall, these highlight
the need to explicitly capture diverse perspectives,
as simple aggregation methods may be inadequate
under such low levels of agreement.

Authority Care Fairness Loyalty Purity
0.263 0.349 0.401 0.301 0.254

Table 3: Krippendorff’s o computed across 23 annota-
tors per foundation, indicating low to moderate inter-
annotator agreement and reflecting the subjective nature
of moral-value labelling.
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Some prior work has disregarded the polarity
of a foundation by merging virtue and vice labels
or treated virtue and vice dimensions as two in-
dividual foundations. These approaches allow re-
searchers to simplify the problem and avoid addi-
tional “noise”". However, we preserve the virtue
and vice labels, as we aim to study the subjectivity
of moral judgement not only identifying whether a
foundation is expressed, but also in how annotators
differ in assigning opposing moral valences.

4 Methods

4.1 Problem Setup

Our goal is to predict the moral foundation ex-
pressed in text while accounting for individual per-
spectives of the human annotators. Each text in-
stance x; is annotated by annotator a; in a group
of N annotators, producing a set of labels for
all present moral values. For each foundation
k € {1,...,5}, we extract the label yg-c)
sider the tuple (z;, a;, yi(f)) as a single observa-
tion. This way we keep annotators’ individual
labels rather than aggregating annotations into a
single “ground truth" label. We simplify the multi-
label classification problem into single-label, multi-
class classification tasks by considering each foun-
dation separately. We train a separate classifier
fr(xi,aj;0y) for each of the five moral founda-
tions (Authority, Care, Fairness, Loyalty, Purity) to
predict yg-g) € {1,2, 3}, representing labels virtue,
vice and absent.

and con-

4.2 Model Overview

Our model extends a finetuned BERT classifier by
incorporating neural network structures that learn
annotator-specific features. This design is inspired
by the Crowd Layer framework, which applies neu-
ral network designs that directly learn from crowd-
sourced labels from multiple annotators (Rodrigues
and Pereira, 2018). Adapting this framework to our
setting, we introduce the Annotator Layer that ad-
justs the shared text features according to the anno-
tators, allowing the model to capture systematic dif-
ference in annotation patterns and annotators’ indi-
vidual perspectives. The model has 3 parts (Figure
3). Firstly, the pretrained language model BERT
takes texts as inputs and outputs contextual embed-
dings. We use BERT-base-uncased to encode text
;, producing an embedding h; € R7%® from the fi-
nal hidden layer [CLS] token. The BERT model is
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Figure 3: BERT finetuning with Annotator Layer that models annotators’ individual labelling pattern and features.

finetuned with the following layers during the train-
ing process. The second component is a projection
layer that maps the 768-dimensional BERT hidden
representation to a lower-dimensional feature vec-
tor. The output dimensionality is determined by the
following Annotator Layer variants.

Bias-only The objective of this variant is to pro-
vide interpretable annotator features learned from
data. The projection layer has an output dimension
of 3 that corresponds to the number of classes. It
applies a linear transformation on the embedding
h; to get the base logits I;: [; = Wh; + b.

For the Annotator Layer, we use an N X ¢ matrix
for N annotators where each row of the matrix
corresponds to the biases of an annotator towards
each class. For the base logits [; with annotator
id a;, we adjust logits according to the annotator
by computing Ij; = I; + B], where B € RV*¢
is the annotator bias matrix and B;TF denotes the
transpose of the j-th row, representing annotator
a;’s bias across all classes.

Linear Transformation The objective of this
variant is to provide greater predicting power as we
use much more parameters to represent the anno-
tators. The projection layer has a tunable output
dimension which we choose to use 256 as an in-
termediate value between 768 and 3. We apply
a tanh activation function to the output. For the
Annotator Layer, each annotator a; is a linear trans-
formation with a 3 x 256 weight matrix and a 3 x 1
bias vector. We compute the adjusted logits by
l;j = Wajzi + baj.

Both variants produce a 3 dimensional vector lgj,
we then apply a softmax function to yield the pre-
dicted probability distribution:

~(k
pij = softmax (), ygj) = arg m?xpg),
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and the predicted class ?32‘(’?) for text x; and annota-
tor a; is the class with the greatest probability.

4.3 Training Objective

We train the model with the cross-entropy loss and
include two regularisation terms:

1. L2 Norm (Weight Decay): standard L2 regu-
larisation is applied to the model parameters
to prevent overfitting.

Centred Bias Penalty: For the bias-only vari-
ant of the Annotator Layer, we add a centred
penalty on the bias matrix B:

2

1 N
Reentre = N ZB]
=y

This is to ensure that the average annotator
has zero bias towards each of the classes.

In summary, the model combines a shared rep-
resentation of each text with annotator-specific ad-
justments. BERT encodes the input into a con-
textual embedding, which is then mapped to base
logits via a linear classification layer. The Anno-
tator Layer modifies these logits according to the
learned parameters of the annotator who supplied
the label, modelling their individual perspectives.
Via backpropagation, updates to the BERT param-
eters incorporate annotator information, enabling
the encoders to refine text representations accord-
ing to annotators’ various moral perspectives.

S Experiments

Here we demonstrate two main aspects of our ap-
proach: (1) its effectiveness in predicting individ-
ual annotations, and (2) the interpretability of the
learned annotator features.
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Figure 4: Average per-class F1 scores (five runs on different splits) for 10 moral values across five foundations
(without class absent), comparing three models: FT-BERT, BO-AL and LT-AL, evaluated on raw annotations. Both
BO-AL and LT-AL models outperforms the baseline FT-BERT model.

We begin by preprocessing the texts follow-
ing steps outlined in Appendix A.1. We then
separate the data into subsets that correspond
to each of the five foundations, where we keep
the cleaned texts, annotator ids and annotations.
For each foundation, we create five folds using
a StratifiedGroupKFold from scikit-learn (Pe-
dregosa et al., 2011), which maintains the overall
label distribution across folds and prevents data
leakage by ensuring that all annotations belonging
to the same tweet are grouped together in either
the train or test set. Models are built and evaluated
using the 5 non-overlapping splits and any metrics
reported is an average score calculated across the
five splits.

We compare the two variants of Annotator Layer
(the Bias-only Annotator Layer (BO-AL) and Lin-
ear Transformation Annotator Layer (LT-AL)) with
a baseline of finetuned BERT without an Anno-
tator Layer (FT-BERT). The latter adds a linear
classifier that maps embeddings from BERT into
a 3-class probability distribution and the parame-
ters are finetuned. Finetuned BERT is currently
regarded as the state-of-the-art approach in moral
value classification. We deploy the same pretrained
BERT-base-uncased and apply an identical train-
ing process wherever possible, allowing our ex-
periments to also function as an ablation study.
Training details and values of hyperparameters are
recorded in Appendix A.2. We report classification
performance using F1 scores to better reflect per-
formance (than classification accuracy) under the
dataset’s imbalanced label distribution.
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6 Results

By modelling annotator-level features, Annotator
Layers yield clear prediction improvements for in-
dividual annotations compared to the baseline.

FT-BERT | BO-AL | LT-AL
Authority 57.3 64.6 71.3
Care 67.4 70.2 75.1
Fairness 69.7 71.1 74.9
Loyalty 62.1 64.3 70.0
Purity 56.3 62.7 72.9
Overall 62.6 66.8 72.8

Table 4: Macro F1 scores for each foundation across
three models: FT-BERT, BO-AL, and LT-AL. The addi-
tion of Annotator Layer improves classification perfor-
mance, where the linear transformation variant yields
the most improvement of 10.2% in F1 score, averaged
across all foundations.

Figure 4 shows that as we increase the complex-
ity of neural network structures that represent the
annotators (from none for FT-BERT, to linear lay-
ers for LT-AL), the performance improves across
all foundations. With more model parameters, the
LT-AL model has greater representational power
for modelling individual annotators, leading to a
largely improved classification performance over
the baseline when predicting individual annotations.
Even the BO-AL model yields a clear performance
gain, despite adding only a small bias matrix (69 pa-
rameters). We observe particularly large improve-
ment in F1 scores for Authority, Loyalty and Purity.
Table 4 further validates these results, showing im-



Virtue Vice Absent
FT-BERT | BO-AL | LT-AL | FT-BERT | BO-AL | LT-AL | FI-BERT | BO-AL | LT-AL
A 40.8 50.9 58.9 38.1 48.7 59.8 93.0 94.1 95.0
C 55.9 57.1 63.0 554 61.7 69.1 90.8 91.8 93.1
F 594 60.6 64.7 57.7 60.1 65.9 92.1 92.7 93.9
L 53.3 57.9 64.1 39.0 40.9 50.9 93.8 94.2 94.9
P 33.5 43.2 60.0 39.8 48.9 61.9 95.5 96.0 96.8

Table 5: Per-class F1 scores (Virtue, Vice, Absent) for each foundation (abbreviated by their initial letters) across
three models: FT-BERT, BO-AL, and LT-AL. The greatest classification improvements occurs in the moral classes

compared to the Absent class.

provements in macro F1 scores across all founda-
tions when adding Annotator Layers.

Table 5 shows the greatest classification perfor-
mance gains occur in moral classes (virtue and
vice). For instance, the greatest improvement over
the baseline model is the classification of purity
(virtue aspect of foundation Purity) with the LT-
AL model, yielding an increase of 0.265 in F1
score. All three models perform comparably when
it comes to classifying the absent class (a tweet that
is not expressing a certain moral value). However,
we still see an improvement for the absent class
with the addition of Annotator Layers, even when
the baseline is already sufficiently strong.

7 Discussion

7.1 Interpretability of Annotator Layer
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Figure 5: Bias matrix for the Care foundation extracted
from the bias-only Annotator Layer. Positive values
(see colourbar) indicate positive bias. This matrix gives
information regarding how annotators give labels with
different tendencies for the same foundation.
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To illustrate the interpretability of the bias-only
Annotator Layer, we extract the bias matrix from
the trained models and analyse annotators’ biases
towards each class. Figure 5 visualises annota-
tors’ biases per foundation level. Positive values
indicate biases towards a class whereas negative
values indicate biases against a class. Several bias
patterns are observed in the bias matrix; we use
the Care foundation as an example. Annotator 2
shows a moderate bias toward the virtue aspect
Care and, correspondingly, a bias against the vice
aspect Harm. However, this complementary be-
haviour between the two polarities does not always
hold. When an annotator possesses a tendency
towards or against one moral class, the complemen-
tary class may instead be absent. We observe this
pattern in several annotators (e.g. Annotator 3 and
7). In some cases, annotator exhibit biases towards
or against both moral classes, with the absent class
acting as the complement.

We also show bias weights for a subset of an-
notators for the Care and Fairness Foundations.
Annotators 5, 6, 7 and 8 belong to the same co-
annotation cluster (Figure 2) meaning they were
presented similar tweet contents. Hence, we pick
this group to show how the labelling patterns share
similarity and difference across foundations. Fig-
ure 6 shows the biases over two foundations for
the group of selected annotators. We observe that
Annotators 7 and 8 show a consistent tendency to
favour the absent class, with only minor differences
in their biases toward the virtue classes across the
two foundations. In contrast, Annotators 5 and
6 both have different tendencies between the two
foundations. Both show similar patterns for Care,
favouring the vice class and labelling against the
virtue class. However, for Fairness, they exhibit
opposite patterns. Annotator 5 favours the absent
label and gives fewer virtue labels, whereas Anno-
tator 6 shows the reversed behaviour. These obser-



vation suggests that, while some bias patterns are
consistent, they should be analysed separately for
each foundation rather than assuming a universal
annotator bias.
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Figure 6: Bias Heatmaps of Foundations Care (Left) and
Fairness (Right), for Annotators 5, 6, 7 and 8, showing
annotators with similar bias patterns in one foundation
can have opposite bias patterns in another.

By summarising these observations, we may
identify groups of annotators who share similar
perspectives when interpreting moral values for
each foundation. These groups exhibit consistent
patterns in moral judgement, such as virtue/vice-
oriented annotators, annotators who frequently give
moral labels, and those who give moral labels more
cautiously, leading to dominating non-moral (ab-
sent) annotations. Such patterns suggest meaning-
ful “annotator types", revealing insights into the di-
versity of moral judgement and providing potential
categorisation for all individuals, not just annota-
tors. This provides possible modelling approaches
that learn group behaviours instead of modelling
individual annotators, such as mixture-of-experts
models where experts represents groups of peo-
ple with similar perspectives. One can also study
correlations between individual political ideology,
cultural background and other demographic factors
with the “types" that we identify, gaining insights
into the development of diverse perspectives.

To examine whether these bias patterns cap-
ture information beyond simple annotator-level la-
bel preferences, we construct a non-learned em-
pirical baseline using relative label preferences
P(cla)/P(c), where each annotator’s labelling dis-
tribution is normalised by the overall class distri-
bution to account for class imbalance. Replacing
the learned bias matrix with this empirical prefer-
ence yields comparable performance, suggesting
that both approaches shift the predicted probability
distribution in similar directions for each annota-
tor. However, we observe that while the direction
of these shifts is broadly aligned, the magnitude
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of the learned biases differs from the empirical
preference matrix. This indicates that the learned
bias is not merely reproducing simple dataset statis-
tics. The Jensen-Shannon divergence between the
learned bias and empirical preference matrices aver-
ages 0.446+0.070 across annotators, ranging from
0.329 to 0.562, indicating that the two representa-
tions are not closely aligned at the distribution level.
Moreover, the text encoder is jointly finetuned with
the bias matrix and may encode annotator related
information, which is not isolated in this analysis.
These results suggest that, despite similar empiri-
cal performance, the bias-only model still captures
meaningful structure beyond label frequency statis-
tics.

7.2 Raw Annotations and Aggregated Labels

Using the trained models with Annotator Layers,
we apply a simple rule to obtain an aggregated la-
bel for each tweet. For each tweet, we activate
all “annotators" in the Annotator Layer, regardless
of their IDs, and obtain 23 predictions, yielding
23 probability distributions over the 3 classes. We
then average these distributions and select the class
with the highest mean probability as the aggregated
prediction. For this analysis, we train the base-
line model FT-BERT directly on aggregated labels,
mimicking the common practice used when fine-
tuning BERT for moral value classification.

801 Foundation

—— Authority
Care
—— Fairness
- Loyalty
= Purity

751

~
o
L

Label Type
—— Annotation
=+ Aggregated

o
v

Macro F1 Score (%)

=)
o
L

55 A

T T
BO-AL LT-AL

Models

FT-BERT

Figure 7: Trend of macro F1 scores as the modelling
capacity to represent the annotators increases, compared
for predicting raw annotations and aggregated labels. As
the capacity to model individual perspectives increases
(from FT-BERT to LT-AL), we see an increase in classi-
fication performance on raw annotations and a decrease
in classification performance on aggregated labels.

We show the changes in macro F1 scores in Fig-



ure 7 as we move from standard finetuned BERT,
to the two variants of the Annotator Layers. The
horizontal axis can be interpreted as an increas-
ing capacity to model annotator-specific features
from left to right. We’ve already shown in the
Results section that as we increase the capacity,
the prediction accuracy of raw annotations also in-
creases (solid lines in Figure 7). When evaluating
on aggregated labels, the FT-BERT and BO-AL
models achieve comparable performance, whereas
the LT-AL model shows a substantial decrease.
This decrease when evaluating on aggregated la-
bels is more obvious where we see the largest
gain when evaluating on raw annotations. Interest-
ingly, the transition from BO-AL to LT-AL yields
the strongest improvement on raw annotations,
but it also produces substantial decrease under
aggregated-label evaluation. This is expected, the
LT-AL models are designed to capture annotator-
specific features and better learn how individuals
interpret texts and assign labels. When activating
all annotators and collapsing their outputs into a
“consensus’ label, additional noise is introduced
due to the sparse annotation structure. In essence,
we are asking the learned annotator representations
to make predictions on tweets that the correspond-
ing annotators never see, with potentially great do-
main differences. These observations demonstrate
that a model that is capable of representing annota-
tors’ individual perspectives does not necessarily
agree with the aggregated labels. This highlights
an important limitation of training models on ag-
gregated labels: a strong performance by such a
model may hide substantial underlying variations
in individual perspectives and may not reflect the
true effectiveness of the model.

7.3 Ambiguity of Foundations

Foundation | Type | Virtue Vice Mean
Care I 7.1 1377 104
Fairness I 5.3 8.2 6.8
Authority B 18.1 21.7 199
Loyalty B 10.8 119 114
Purity B 265 121 193

Table 6: Performance improvement in F1 scores (%)
between LT-AL and FT-BERT for the five moral founda-
tions. The binding (B) foundations benefits more from
modelling annotators’ individual perspectives when
compared to the individualising (I) foundations.

While the addition of Annotator Layers im-

proves overall performance, the gains vary across
foundations, suggesting that some moral founda-
tions exhibit greater ambiguity and therefore bene-
fit more from annotator-specific modelling. Greater
improvements occur in Authority, Loyalty, and Pu-
rity, compared to Care and Fairness (Table 6). This
pattern mirrors the distinction between individu-
alising foundations (Care, Fairness) and binding
foundations (Authority, Loyalty, Purity). Individu-
alising foundations are generally considered more
morally relevant and are endorsed across the polit-
ical spectrum, whereas binding foundations tend
to receive endorsement from a smaller portion of
the population (Graham et al., 2009). We’ve shown
that human annotators exhibit lower agreement on
the binding foundations (Table 3), as measured
by Krippendorff’s «, indicating greater ambigu-
ity. This pattern align with both the observed per-
formance gains and the psychological distinctions
between binding and individualising foundations.

8 Conclusion

In this work we introduced the Annotator Layer for
moral classification of texts that captures annotator-
specific moral perspectives and annotation patterns,
extending on finetuning BERT models. Our experi-
ments demonstrate improved classification perfor-
mance of individual annotations in crowdsourced
dataset, along with interpretable representations of
annotators’ bias patterns. It is shown that disagree-
ment between annotators in such subjective tasks is
a learnable feature instead of annotation noise. The
results suggest that relying solely on aggregated
labels can hide important information. We hope
this work encourages future research to move be-
yond training a universal classifier that predicts a
“ground truth" and develop models that better re-
flect diversity of moral judgement and understand
the subjectivity of moral classification of texts.

9 Limitations

Our work has two primary limitations.

First, although the dataset publication notes that
annotator metadata (e.g., demographic information,
political ideology and moral values measured by
MFQ) exists, this information was not available
to us and is therefore not incorporated into the
analysis. As a result, while the Annotator Layer
learns annotator-specific features and identified po-
tential differences of annotation patterns between
groups of annotators, we cannot directly examine



how these patterns relate to known characteristics.
Studies in moral psychology have validated that
these characteristics have a direct impact to human
moral judgement. Hence, access to such data can
help validate the learned representations and pro-
vide explanations to some of the observed patterns.

Second, our approach does not provide a strong
mechanism for producing high-quality aggregated
predictions to moral values. We’ve demonstrated
the bias-only variant’s comparable classification
performance to finetuned BERT on aggregated
labels, but the linear transformation variant has
shown a substantial decrease in performance. Many
downstream applications ultimately requires a sin-
gle, aggregated label for a text observation, yet our
annotator-specific models requires annotator (hu-
man) information to provide accurate predictions
which typically lacks in these tasks. The model
learns fine-grained human-specific behaviours and
does not generalise well for aggregated labels. Our
naive approach to obtain consensual labels by acti-
vating all annotator corresponding neural network
structures and averaging the prediction distribu-
tions introduces noise, especially given the sparse
and uneven co-annotation structure. Developing
principled aggregation methods that leverage anno-
tator features is a vital future direction.
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A Training Details

A.1 Text Preprocessing

We clean the twitter texts by first removing URLs,
non-alphanumeric characters, punctuations and
retweet markers. All text is then lowercased, and
user mentions are replaced with the token “@user”.
Stopwords may optionally be removed, though we
found this to have negligible effect on model per-
formance.

A.2 Training Process and Hyperparameters

We implement and train all models using Pytorch
(Paszke et al., 2019) v2.7 and optimise the parame-
ters using the AdamW optimiser (Loshchilov and
Hutter, 2017). The initial learning rate is 2e-5 for
the BERT parameters and is 1e-4 for the parame-
ters in the linear layer and Annotator Layer, with
linear decay and no warm-up. The lower learn-
ing rate is used to update the parameters of BERT
moderately, avoiding deterioration of BERT’s abil-
ity of capturing semantic and contextual meaning
with the embeddings. In training, we use a batch
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size of 8, and the maximum input text length is
set to be 64 tokens as all texts in the dataset are
short in length. We set the L2 regularisation coeffi-
cient to 0.01 and the centred bias penalty to 0.05.
We train the models for 5 epochs and freeze the
BERT parameters during the first epoch to allow
the newly added layers to stabilise before full fine-
tuning. All experiments are run using one Nvidia
A100-SXM4-40GB GPU.
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Abstract

In November 2022, Meta’s Galactica and Ope-
nAI’s ChatGPT were released within fifteen
days of each other, two transformer-based lan-
guage models that were architecturally similar
and built on comparable underlying technol-
ogy, yet experienced starkly different outcomes.
Where they diverged was not in technical kind
but in domain positioning and epistemic fram-
ing: Galactica was explicitly marketed as a re-
liable scientific assistant, while ChatGPT was
presented as a general-purpose conversational
tool. Using Twitter data collected via the Twit-
ter Research API, we conduct a comparative
analysis of early social media discourse sur-
rounding both models. Through sentiment clas-
sification, zero-shot harm and risk annotation,
and LLM-based topic modeling, we find that
negative sentiment escalated rapidly for Galac-
tica while remaining comparatively stable for
ChatGPT in the release period. Galactica expe-
rienced a marked escalation in criticism during
its first week, eventually structuring much of
the conversation. In contrast, ChatGPT’s early
discourse remained more evenly distributed
across hype, experimentation, practical engage-
ment, and criticism. We argue that domain
positioning and epistemic expectations, rather
than any meaningful technological difference,
played a central role in shaping public percep-
tion, with Galactica’s scientific presentation
making its well-documented hallucinations ap-
pear far more damaging in public opinion.

1 Introduction

In November 2022, two large language models
(LLMs) were released to the public with strikingly
different trajectories. Meta introduced Galactica on
November 15, 2022, a specialized LLM designed
explicitly for scientific applications. Introduced as
capable of summarizing academic literature, solv-
ing mathematical problems, generating Wikipedia
articles, writing scientific code, and annotating
molecules and proteins, the model was positioned
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as a tool for the research community (Taylor et al.,
2022). However, within just two days of its public
demo launch, Meta withdrew the service following
criticism. According to Meta’s Chief Al Scien-
tist Yann LeCun, the model was effectively driven
offline by public backlash: "Galactica, the LLM
for scientists from Meta [...]. It was murdered by
a ravenous Twitter mob. The mob claimed that
what we now call LLM hallucinations was going
to destroy the scientific publication system" (Yann
LeCun [@ylecun], 2023).

In contrast, OpenAI’s ChatGPT, released just fif-
teen days later on November 30, 2022, experienced
rapid and widespread adoption, becoming a main-
stream phenomenon that reportedly reached 700
million weekly active users within three years of
its launch.!

This contrast provides a quasi-experimental op-
portunity to examine the two model launches: Why
did one model face shutdown within days, while
the other achieved remarkable success? Were the
concerns raised about Galactica equally applicable
to ChatGPT, but less central to the overall public
discourse?

This study addresses three research questions
through comparative analysis of social media dis-
course. First, how did public discourse differ be-
tween the two launches? Second, did harm- and
risk-related discourse escalate within Galactica
tweets over time? Third, did the target domain
(scientific knowledge versus general-purpose use)
affect public reception?

2 Previous research

While a growing body of research has examined
public discourse around LLM releases on social
media, particularly around ChatGPT (Koonchanok
et al., 2024; Weber, 2024; Rauchfleisch et al.,
"https://openai.com/index/

how-people-are-using-chatgpt/ (OpenAl usage re-
port, as of mid-2025).
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Topic Generation + Assignment

Filtered Galactica and ChatGPT Tweet Corpus

Output: Tweet-Topic Mapping

~

You are an assistant to a social scientist studying
public discourse about artificial intelligence. Your
task is to help annotate tweets with appropriate
categories based on their content and sentiment. The
goal is to better understand public perception dynamics
in AI discussions. Just give back the categories/topics
that are relevant to the tweet. Do not give any
explanations or additional information. Just give the
categories/topics in a comma-separated format without

ez : [Topics]
any additional text or formatting.

[System Prompt]
[Galactica or ChatGPT Tweet]

which categories or topics should
be assigned to this tweet? Either
choose from these categories/
topics or define a new one:

#2 C

#3 B

#N

Initial System Prompt A

- Misinformation
- Approval

Initial Topics

- Criticism
- Hype/Excitement

Refinement Phase
- Content Generation

- AI safety/Risks

- scientific Utility

- Technical Details

- Ethical Concerns

- Corporate Strategy/PR

- Media/Public Perception

Manual review, selecting and
merging of topics

- Educational Use
- Humor/satire

Extracted Topics

Figure 1: Overview of the Topic Generation and Assignment Pipeline. Given a filtered corpus of Galactica and
ChatGPT tweets and a set of manually-curated initial topics, an LLM iteratively assigns topics to each tweet. After
every 100 documents, the framework enters a refinement phase in which topics are manually reviewed, merged, and
selected, yielding a final curated topic list and a topic assignment for all sampled documents.

2025), comparative analyses of social media re-
actions to Galactica versus ChatGPT remain ab-
sent from the literature. Chartier-Edwards et al.
(2024) provide a critical account of the Galactica
release, arguing that the controversy reflects ten-
sions between Al for science promissory market-
ing claims, and epistemic expectations in scientific
domains. They further highlight concerns about
scientific misinformation and the framing of LLMs
as epistemic oracles. However, they do not conduct
a large-scale analysis of social media discourse,
which we address in this study.

3 Data and Methods
3.1 Data

We conduct an analysis of English-language Twit-
ter discourse during the initial release periods of
both models. Using the Twitter Research API, we
collected 109,694 initial tweets: 2,077 tweets men-
tioning "Galactica" from November 15 through De-
cember 15, 2022, and 107,726 tweets mentioning
"ChatGPT" from November 30 through December
7, 2022, with 283 tweets mentioning both systems.
To ensure comparability, our main analyses focus
on the first eight days following each release.
Since the term Galactica is also associated with
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unrelated content on social media, such as the
television series Battlestar Galactica, we first fil-
tered out tweets that did not refer to Meta’s Galac-
tica model. To do so, we randomly sampled 250
tweets mentioning Galactica and manually anno-
tated them as relevant or irrelevant. We then em-
bedded all tweet texts using the snowflake-arctic-
embed2 model (via rollama: Gruber and Weber,
2024) and trained a logistic regression classifier
with LASSO regularization. The classifier achieved
an accuracy of 0.908 and a macro F1 score of 0.873,
after which it was applied to classify all remaining
tweets mentioning Galactica.

3.2 Sentiment Annotation

To assess the emotional tone of tweets, we em-
ployed a RoBERTa-based classifier fine-tuned on
Twitter data (Loureiro et al., 2022) and trained to
annotate tweets for negative, neutral, and positive
sentiment?. Each tweet was preprocessed follow-
ing the conventions (replacing @mentions with
@user and URLs with http) before classification.
The model assigns a probability score to each of the
three sentiment classes; the class with the highest

2cardiffnlp/twitter—roberta—base—sentiment—
latest



score is taken as the predicted sentiment.

3.3 Harms and Risks Annotation

To identify Galactica tweets discussing potential
harms or risks, we employed zero-shot annotation
using meta-llama/Llama-3.3-70B-Instruct
(Grattafiori et al., 2024), loaded in 4-bit NF4
quantization from Hugging Face. Each tweet was
passed to the model with the following prompt: Is
this tweet about potential harm and risk of the Al
model (LLM) Galactica? Answer with just yes or
no. Classification was based on the normalized
probabilities of yes and no tokens. The system
prompt instructed the model to act as an assistant
to a social scientist studying public discourse
about Al providing context that tweets mentioning
Galactica refer to Meta’s large language model
designed to assist scientific research. To eval-
uate annotation quality, two human annotators
independently labeled a random sample of 100
tweets, achieving an inter-annotator agreement of
k = 0.67 (84% agreement). Evaluated against
each annotator separately, the model achieved a x
of 0.688 and a macro-average F1 of 0.843 against
annotator 1, and a x of 0.766 and a macro-average
F1 of 0.883 against annotator 2, indicating substan-
tial agreement between automated annotations and
human judgment.

3.4 Topic Classification

Recent work has explored the use of generative
large language models for topic modeling and
theme extraction through prompt-based frame-
works (Pham et al., 2024; Sharma, 2025; Liu et al.,
2025; van Wanrooij and Manhar, 2024). These
approaches typically leverage generative LLMs to
generate candidate topics and refine them through
iterative prompting. We adopt a similar pipeline
to Pham et al. (2024), as can be seen in Figure 1,
but omit their second annotation phase in which
a final fixed topic list is used to label a held-out
set of documents. The resulting LLM-based zero-
shot topic modeling and annotation pipeline in-
corporates a human-in-the-loop refinement stage,
in which topics are reviewed and consolidated by
the researchers. This design gives us direct con-
trol over the granularity and coherence of the final
topic set, ensuring that the extracted themes are
both meaningful and well-suited to the domain of
Al discourse on social media.

Topic generation and assignment were
performed using the open-weight Llama 3.3
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Day Galactica (%) ChatGPT (%) Sig.
1 5.11[20,12.5] 12.0[9.5, 15.2]
2 12.1[8.9,16.1] 17.5[16.6,18.5] *
3 35.6[30.3,41.3] 18.0[17.4,18.7] #**
4 33.6[264,41.6] 18.8[18.1,19.6]  ***
5 49.1[39.9,58.3] 18.0[17.4,18.6] ***
6 42.4[32.8,52.6] 20.3[19.8,20.8] H**
7 31.2[24.5,38.8] 20.2[19.7,20.8] **
8 35.8[28.2,44.11 21.2[20.6,21.8] #**

Table 1: Negative sentiment rate (%) for the first 8 days
after each model launch. Wilson 95% CIs in brackets.
Significance based on Fisher’s exact test (BH-adjusted):
*p < .05, ** p < .01, *** p < .001.

70B (1lama3.3:7@b-instruct-q4_K_M), an
instruction-tuned variant with 4-bit quantization,
run via Ollama. The system prompt framed the
task as assisting a social scientist in annotating
public discourse about artificial intelligence, and
restricted output to a comma-separated list of
topic labels without additional explanation. Topic
classification was applied to all tweets in both
corpora: a random subset of 1,640 tweets for
ChatGPT due to computational constraints, and the
full set of Galactica tweets.

4 Results

Table 1 and Figure 2 illustrate the temporal dy-
namics of sentiment during the first eight days fol-
lowing each model’s release. For Galactica, neg-
ative sentiment accounts for only 5.1% of tweets
on Day 1. However, this share rises rapidly over
the subsequent days, reaching 35.6% by Day 3
and peaking at 49.1% on Day 5. Following the
announcement that the demo was taken offline
(November 17), overall tweet volume declines sub-
stantially.

ChatGPT exhibits a markedly different pattern.
Although tweet volume increases steadily after
release, reaching substantially higher levels than
Galactica, negative sentiment remains compara-
tively stable throughout. On Day 1, 12.0% of Chat-
GPT tweets are classified as negative, and this share
fluctuates between 17% and 21% across the first
week. Unlike Galactica, ChatGPT does not experi-
ence a comparable escalation in negative sentiment.

As shown in Table 1, differences between the
two models are statistically significant on all days
except on the respective release date (Fisher’s exact
test), particularly from Day 3 onward. Overall, neg-
ative sentiment intensified markedly for Galactica
while remaining stable for ChatGPT.
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Figure 2: Temporal dynamics of Galactica (Figure A) and ChatGPT (Figure B) tweets. Lines show daily sentiment
counts; the dashed line indicates the percentage of negative-sentiment tweets.

Focusing on Galactica alone, potential harm and
risk annotation follows a similar pattern (Table 3).
Harm-related tweets constitute only 8.3% on Day 1,
but this share rises rapidly, reaching 43.9% by
Day 3 and 57% by Day 5. Thus, while criticism
was not dominant at launch, it came to structure
a majority of Galactica discourse within the first
week. Notably, following the model being taken
offline on November 17, discourse shifted further
toward harm- and risk-related concerns, suggest-
ing that the withdrawal itself amplified rather than
resolved the debate.

Figures 3 and 4 show the distribution of topics
identified via zero-shot topic classification. Chat-
GPT discourse is dominated by Innovation, fol-
lowed by Technical Details, Hype/Excitement, and
Criticism. Although Criticism and Misinformation
are present, they do not structure the majority of
the conversation.

In contrast, Galactica-related discourse is led
by Criticism, followed by Scientific Utility and Al
Safety/Risks. Hype-related categories are compara-
tively less dominant. This suggests that Galactica’s
reception became increasingly structured around
concerns about epistemic risk and factual reliabil-
ity, particularly after the first three days following
its release. During the initial three days (marked in
red), however, tweets more frequently focused on
Scientific Utility and technical details, with Criti-
cism becoming more prominent thereafter.

This suggests that while concerns were present
in the discourse around both models, they were
relatively more prominent in the case of Galactica,
particularly regarding misinformation, truthfulness,
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Model Example Tweet

Galactica “Is this really what Al has come to, automat-
ically mixing reality with nonsense so finely
we can no longer recognize the difference?”
“Shocked that it only took a handful of ques-
tions before Meta’s new Galactica model pro-
duced racist garbage when asked about linguis-
tic prejudice.”

“A whole new level of Al-generated academic
misconduct to deal with now.”

Galactica

Galactica

ChatGPT “It boggles my mind how the world keeps spin-
ning like nothing happened despite #ChatGPT.
People don’t understand the danger.”
“#ChatGPT could make it easy to cheat on
written tests and homework. You can no longer
give take-home exams.”

“ChatGPT is down and I'm having an existen-
tial crisis because I can’t paste my code in.
Please come back.”

ChatGPT

ChatGPT

Table 2: Illustrative tweets from the early release period
of Galactica and ChatGPT. Tweets are lightly edited for
clarity and anonymized.

credibility, and scientific legitimacy. ChatGPT
discourse, while not free of criticism, was more
broadly characterized by exploratory and practical
engagement.

5 Discussion

Returning to our research questions, the findings re-
veal differences in the public trajectories of the two
model launches. First, public discourse differed
not only in tone but in temporal dynamics: while
both models were accompanied by early criticism,
Galactica’s reception shifted rapidly toward poten-
tial harm- and risk-centered discourse, which came



Galactica topic annotations: first 3 days vs following days

Criticism

Scientific Utility

Al Safety/Risks
Technical Details
Corporate Strategy/PR
Ethical Concerns
Innovation
Media/Public Perception

Content Generation

Category

Speculation
Hype/Excitement
Humor/Satire
Misinformation
Deplatforming/Removal
Approval
Policy/Regulation
Dataset Issues

Al
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. First 3 days (Nov 15-17)
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Figure 3: Topic distribution in Galactica-related tweets during the first 2 weeks following release, derived from

zero-shot topic classification using Llama 3.3 (70B).

to structure a majority of tweets within days. Chat-
GPT discourse, by contrast, expanded in volume
while maintaining a comparatively stable mix of en-
thusiasm, experimentation, practical engagement,
and critique. Second, these patterns are consis-
tent with the interpretation that domain positioning
shaped public reception (Chartier-Edwards et al.,
2024). Arguably, it is possible that ChatGPT per-
formed better for users, leaving them with a more
positive outlook on the technology. However, Tay-
lor et al. (2022) themselves benchmarked Galactica
against text-davinci-002, a model in the GPT-3
family (Brown et al., 2020) that underpinned the
initial release of ChatGPT, and found that Galactica
outperformed it on scientific knowledge probes and
several bias and toxicity benchmarks. The main
technical difference was the reinforcement learning
from human feedback (Ouyang et al., 2022) ap-
plied in text-davinci-003, the model ChatGPT
used at launch, which was intended in part to make
the model less prone to assert falsehoods with con-
fidence. Yet even this technical difference reflects a
broader strategic divergence that led to the outcome
we observed: Galactica’s framing as a reliable sci-
entific assistant likely heightened epistemic expec-
tations, making hallucinations and factual errors
normatively consequential within a domain where
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credibility is central. ChatGPT’s general-purpose
positioning, in contrast, appears to have allowed
criticism to coexist with hype rather than dominate
the discourse. While our design does not permit
strong causal claims, the comparative evidence sug-
gests that epistemic framing and expectation man-
agement play a critical role in shaping the early
public legitimacy of Al systems.

5.1 Limitations

This study has several limitations. Our dataset com-
prises only original tweets, excluding retweets, and
is restricted to the initial release period of both
models, leaving unexamined longer-term shifts in
discourse. Additionally, topic classification for
ChatGPT was conducted on a random subsample
of 1,640 tweets, which may not capture the full
breadth of discussion around the model.

Furthermore, since the tweets analyzed predate
the release of the Llama 3.3 models, it is possible
that some of this content was included in the mod-
els’ pretraining or fine-tuning data. This could in-
troduce bias, as the model may have been exposed
to content about Galactica and ChatGPT during
training.

Following Galactica’s withdrawal on Novem-
ber 17, discourse necessarily became retrospective,
as users could no longer interact with the model.



This asymmetry with ChatGPT, which remained
live throughout, should be considered when inter-
preting the results.

6 Conclusion

Our analysis reveals differences in public reception
between Galactica and ChatGPT. Galactica faced
substantially more criticism, particularly centered
on concerns about misinformation and the gener-
ation of false or misleading scientific information.
ChatGPT, by contrast, generated more positive dis-
course characterized by hype, experimentation, and
demonstrations of utility, despite being subject to
many of the same technical limitations. This com-
parative case study highlights the role of domain
positioning, epistemic expectations, and expecta-
tion management in shaping public acceptance of
Al technologies.
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A Appendix

Day % Harms/Risks 95% CI
1 8.3 [3.9, 17]
2 21.5 [17.1,26.7]
3 439 [38.2,49.8]
4 45.0 [36.4, 53.9]
5 57.3 [47.6, 66.4]
6 57.6 [47, 67.6]
7 55.7 [47.2, 63.9]
8 54.5 [45.2, 63.4]

Table 3: Potential harms/risks prediction rate (%) for
the first 8 days after Galactica’s launch. 95% ClIs based

on Wilson score interval.
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Figure 4: Topic distribution for ChatGPT tweets during the first eight days following release. Topics are derived
from zero-shot topic classification using Llama 3.3 (70B) applied to a random subsample of 1,640 tweets.
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with shaded band representing the 95% Wilson confidence interval.
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Abstract

Social scientists increasingly use large lan-
guage models (LLMs) to classify text at scale,
raising a key question: when can LLMs re-
place expert human annotation? Prior work
found that earlier generative models failed
on complex social science tasks while fine-
tuned BERT succeeded, but whether current
frontier-scale models close this gap remained
untested. We investigate this question on a
challenging legal reasoning task—classifying
paragraphs from U.S. Supreme Court opinions
as employing formal, grand, or no reasoning.
Testing frontier LLMs including GPT-5.2 and
leading open-weight alternatives, we find that
even the most capable prompted models con-
sistently underperform fine-tuned BERT. Only
when high-parameter-count generative LLMs
are fine-tuned on human-annotated training
data does performance improve, and fine-tuned
BERT remains a cost-effective alternative. Con-
trary to a common view, our results demon-
strate that scaling to frontier-size LLMs does
not eliminate the need for expert annotation
on tasks requiring deep domain expertise—a
finding with important implications for compu-
tational social science measurement.

1 Introduction

Social scientists increasingly rely on LLMs to clas-
sify text at scale, replacing expensive human cod-
ing (Ziems et al., 2024). But for tasks requiring
deep domain expertise, can LLMs replace expert
annotators? This question has direct implications
for measurement validity: if LLM classifications
diverge from expert judgments on complex con-
structs, downstream social science inferences may
be biased (Egami et al., 2023).

Recent work finds that zero-shot LLM perfor-
mance on social science coding tasks can be re-
markably low, and that supervised fine-tuning on
human-labeled data substantially improves smaller
open-weight models (Halterman and Keith, 2025).

However, these studies tested early or small mod-
els; whether frontier-scale LLMs close the gap with
fine-tuned domain models is untested.

We conduct an up-to-date survey of the perfor-
mance of LLMs against a challenging legal reason-
ing benchmark established in Thalken et al. (2023):
classifying United States Supreme Court opinions
as employing “formal” reasoning, “grand” reason-
ing, or no legal reasoning.! This task requires un-
derstanding of jurisprudential philosophy, rather
than merely common or surface-level legal knowl-
edge, making it a strong test for whether LLMs can
match expert human annotators on domain-specific
measurement tasks common to social science re-
search. Similar to Halterman and Keith (2025),
Thalken et al. (2023) found that generative LLMs
perform poorly on their task without human annota-
tion and instead observed strong performance with
lightweight fine-tuned, in-domain BERT models.

Yet results as in Thalken et al. (2023) must be
viewed as a snapshot, and a long-standing view is
that models will outpace humans through scaling
laws and greater application of compute (Kaplan
et al., 2020). We now use this difficult legal bench-
mark to re-evaluate the question of when LLMs
need human experts using more advanced frontier
models, including OpenAI’s most recent “reason-
ing” model.

We find that: (1) more recent in-domain fine-
tuned models perform comparably to the original
in-domain BERT models on this task; (2) prompted
SOTA in-context LLMs continue to under-perform
fine-tuned BERT models; (3) only fine-tuned SOTA
generative LLMs—trained on human annotated
samples—surpass the BERT baseline, with GPT-
4.1 achieving the strongest performance.

Our findings illustrate that in a highly complex
and specialized domain, scaling to frontier-size rea-

The data in Thalken et al. (2023) later became the foun-
dation of several social science papers, including Stiglitz and
Thalken (2026).
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soning LLMs does not obviate the need for human
annotation, and fine-tuned BERT models remain a
competitive and cost-effective alternative for social
scientists.”

2 Related Work

LLMs for Social Science Measurement. A grow-
ing body of work examines whether LLMs can
serve as reliable measurement tools for social sci-
ence. Ziems et al. (2024) find that LLMs generally
fail to outperform fine-tuned models on CSS clas-
sification tasks. Halterman and Keith (2025) report
zero-shot LLM F} as low as 0.21 on political sci-
ence tasks, and show that supervised fine-tuning on
human-labeled data substantially improves 7-12B
parameter open-weight models. They do not com-
pare against BERT-like encoder baselines or exam-
ine frontier reasoning models. Egami et al. (2023)
show that modestly inaccurate LLM labels can pro-
duce biased downstream statistical inference with-
out correction. Chae and Davidson (2025) find that
fine-tuning smaller models is competitive with zero-
shot large models. Pangakis and Wolken (2025)
test GPT-4 on a variety of CSS tasks and conclude
that human annotation is essential. However, on
social media classification, Tornberg (2025) find
that GPT-4 outperforms expert human coders and
supervised classifiers; see also Gilardi et al. (2023).
Combined, LLM performance may turn heavily on
the degree to which the task requires expert domain
knowledge.

Legal NLP and This Task. There has been sig-
nificant recent progress in legal NLP (Siino et al.,
2025), and LLMs show strong performance on both
conventional human benchmarks, such as bar ex-
ams, as well as curated-task benchmarks (Guha
etal., 2023). Classifying legal philosophy, however,
requires deeper expertise than many legal tasks;
even the human experts in Thalken et al. (2023),
which established the benchmark, disagreed some-
times on the correct classification. They found that
prompt-based generative models, including GPT-
4, were out-performed by lightweight fine-tuned
BERT models (Thalken et al., 2023).

Benchmark Validity. On published legal bench-

2Code is available at: https://github.com/carol
ine-y-cheng/llms-legal-reasoning. We do not test
retrieval-augmented generation, large-scale few-shot regimes,
or agentic tool-use approaches, any of which might, in the
right configuration, narrow the gap. Cost, latency, and data-
governance constraints common in applied social science mo-
tivate our focus on lightweight prompting and small-to-mid-
scale fine-tuning.

marks such as LegalBench® and BigLaw Bench,*
SOTA generative LLMs approach perfect perfor-
mance. However, with the capacity for pre-training
LLMs unclear, there is concern that performance is
increasing due to training on the benchmarks (Ni
et al., 2025; Li and Flanigan, 2024). We evaluate
on a recent, specialized, expert-annotated dataset
less likely to have been included in pre-training
corpora.

3 LLMs on Jurisprudential Classification

Dataset. Our dataset, established by Thalken et al.
(2023), consists of paragraphs from U.S. Supreme
Court opinions annotated by domain experts as con-
taining formal reasoning, grand reasoning, or nei-
ther.’ These categories derive from jurisprudential
philosophy (Llewellyn, 1960), requiring annotators
to distinguish between modes of legal reasoning
rather than surface legal features. Inter-annotator
agreement measured by Krippendorff’s o reached
0.65 in annotation sessions, reflecting the genuine
difficulty of this classification task; the original an-
notation procedure used an iteratively-developed
codebook, a decision chart that systematically im-
proved agreement (Thalken et al., 2023, Figs. 1
and 4). This moderate agreement establishes a hu-
man performance ceiling that contextualizes model
results. The annotated corpus contains 2,748 para-
graphs (329 formal, 551 grand, 1,869 none), with
seeds used to sample paragraphs and “none” inten-
tionally oversampled to account for the heterogene-
ity of paragraphs not engaged in legal reasoning
(Thalken et al., 2023).

Several pieces of external evidence support data
and construct validity: predictions from a model
trained on labels for these randomly selected para-
graphs recover the consensus historical periodiza-
tion in legal scholarship (Thalken et al., 2023;
Stiglitz and Thalken, 2026, 2024); the justice-level
aggregations of predictions reflect common views
about justices’ jurisprudence (Stiglitz and Thalken,
2026, 2024); predictions of jurisprudence correlate
with the partisanship of the authoring justice in ex-
pected ways (Thalken and Stiglitz, 2026); famous
historical episodes of changes in jurisprudence of
justices show up in the predictions (Stiglitz and
Thalken, 2024).

Shttps://www.vals.ai/benchmarks/legal_bench

4https ://www.harvey.ai/blog/gemini-3-pro-pub
lic-preview-early-access-evaluation-results

3See Thalken et al. (2023) for full dataset description.
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We test LLMs on the task of distinguishing types
of legal reasoning between formal and grand (or
none) classes.® We compare performance between
sets of in-domain fine-tuned models, a new set of
prompted generative LLMs, and a set of super-
vised fine-tuned generative LLMs. We chose mod-
els based on performance on other legal bench-
marks and accessibility (i.e., open-weight mod-
els and model size), being cognizant of resources
needed for applied researchers to fine-tune and per-
form inference with extremely large and expen-
sive models. In-domain fine-tuned models include
LEGAL-BERT (Chalkidis et al., 2020),” LEGAL-
RoBERTa,® and LEGAL-ModernBERT.” Gener-
ative LLMs prompted to identify legal reasoning
include GPT-OSS (120B) (OpenAl, 2025a), GPT-
4.1 (OpenAl, 2023), GPT-5.2 (OpenAl, 2025b),
Llama-3.1-Instruct (8B and 70B) (Grattafiori et al.,
2024), Qwen3-Instruct-2507 (4B), Qwen3-A3B-
Instruct-2507 (30B), Qwen3-Next-A3B-Instruct
(80B) (Yang et al., 2025), and DeepSeek-V3.1
(DeepSeek-Al, 2025). A subset of these LLMs
was fine-tuned.

We created five stratified splits of the annotated
data with 80% of the data in the training set and
20% of the data in the test segment. The in-domain
fine-tuned and generative in-context models were
evaluated over five splits, while the fine-tuned gen-
erative models were evaluated over one split due to
model size and cost.

3.1 In-Domain BERT Models

For the task of identifying fypes of legal reason-
ing in text, the strongest results in Thalken et al.
(2023) derived from the procedure of fine-tuned
multi-class classification based on hand-labeled an-
notations. BERT can be fine-tuned on the GPU
of a reasonably equipped recent laptop. Follow-
ing this approach, we again observe similar perfor-
mance among LEGAL-BERT, LEGAL-RoBERTa,
and LEGAL-ModernBERT (Table 1).

We also examine performance on a simpler binary task:
classifying whether the passage engages in legal reasoning (of
any form, either formal or grand) or not. The results from this
exercise tend to support those from the more difficult multi-
class problem. We report the results from this binary task in
Table B.2.

"In Thalken et al. (2023), the strongest results derived from
fine-tuning LEGAL-BERT on the annotated dataset.

8https://huggingface.co/Saibo—creator/legal—r
oberta-base

*https://free.law/2025/03/11/semantic-search/

3.2 Prompted Generative LLLMs

To establish a baseline for the more recent gener-
ative LLMs, we test their performance when sim-
ply given instructions equal to those presented to
our human annotators. In our multi-class classi-
fication task, we explore three prompting strate-
gies: descriptions of each legal-reasoning class
(zero-shot); examples, a 3-shot prompt with one
canonical paragraph per class drawn from the code-
book (Appendix D); and chain-of-thought (CoT),
which walks through the annotation decision chart
(Appendix C). The three in-context examples are
fixed across test items. Full prompts appear in Ap-
pendix A.

3.3 Supervised Fine-tuned Generative LLMs

We determined a subset of the new set of generative
LLMs to fine-tune based on their prompt-based per-
formance and accessibility. GPT-4.1 is OpenAl’s
most powerful proprietary model that can be fine-
tuned via the OpenAl API. Qwen3-A3B-Instruct-
2507 (30B) resulted in higher macro-averaged F
scores than Qwen3-Next-A3B-Instruct (80B) in the
multi-class task under each of the prompting strate-
gies (Table B.1; Table 1) and was more feasible to
fine-tune. DeepSeek-V3.1 was consistently outper-
formed by other more feasibly trained models on
the baseline measurements (Table 1).

For fine-tuning, we prepared one split of the
annotated dataset as prompt-completion examples:

* Prompt: Each of the three multi-class prompt-
ing strategies (Appendix A) followed by a
paragraph to classify.

* Completion: Domain-expert classification of
the paragraph.

We fine-tuned GPT-4.1 with the OpenAI API'”
with OpenAl autoconfigs. The Llama (8B and 70B)
and Qwen (4B and 30B) models were fine-tuned us-
ing 4-bit quantized models and parameter-efficient
techniques (Dettmers et al., 2023). They were fine-
tuned in 200 steps, with a 10% warm-up ratio, a
maximum learning rate of 3e-5, with a weight de-
cay of 0.01.

4 LLM Performance

First, we show that more recent in-domain fine-
tuned BERT models have comparable performance
differences on this task to the older LEGAL-BERT
model (Table 1).

Ohttps://openai.com/api/
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Model Strategy Macro F1
Fine-Tuned BERT (5-split avg.)

LEGAL-BERT - 0.71
LEGAL-RoBERTa - 0.71
LEGAL-ModernBERT - 0.70
Prompted (5-split avg., best strategy)

GPT-5.2 Examples 0.68
GPT-4.1 Examples 0.64
GPT-0SS (120B) Examples 0.59
Qwen3-A3B (30B) Examples 0.53
DeepSeek-V3.1 CoT 0.52
Qwen3-Next-A3B (80B) Examples 0.48
Llama-3.1 (8B) CoT 0.43
Qwen3 (4B) Examples 0.40
Llama-3.1 (70B) Desc. 0.36

Fine-Tuned Generative (single split, best strategy)’

GPT-4.1 CoT 0.79
Llama-3.1 (70B) CoT 0.76
Qwen3-A3B (30B) CoT 0.70
Qwen3 (4B) Examples 0.69
Llama-3.1 (8B) CoT 0.65

Table 1: Multi-class macro F; summary. Best prompt-
ing strategy shown per model. fSingle-split results;
see Limitations. Full per-class results in Appendix Ta-
ble B.1.

We then tested the performance of the new set
of LLMs with various prompting strategies on
the same splits of data and find that without fine-
tuning, they all perform worse than the in-domain
fine-tuned BERT models.!! On our multi-class
task, the best performing prompted LLM is GPT-
5.2 when given examples of the legal reasoning
classes, whose macro F; score was 0.68 compared
to LEGAL-BERT’s 0.71. Llama-3.1-Instruct (8B
and 70B) without task-specific fine-tuning very
rarely predicted the “none” class (Table 1).'?> Our
results suggest that without fine-tuning, generative
LLM:s continue to fall short of alignment with hu-
man annotation on highly complex and specialized
classification tasks.

The fine-tuned LLMs all performed better than
their non-fine-tuned versions within the same
prompting strategy. However, SFT gains are scale-
dependent: fine-tuned 8B and 4B models still un-
derperform BERT, while only GPT-4.1 and 70B-
class models surpass it on the evaluated split. On

"'Qur reported results employ a user-role and zero tempera-
ture for classification.

12Some models often return additional text beyond the class
label; we extract the class label (if it occurs) from the text
and use that as the label for evaluation. Also, just prompting
the GPT-OSS and DeepSeek models often generate responses
that do not contain a label in our support; we calculate the
classification reports based only on the predictions within the
set of true labels in our codebook.

the multi-class classification task, fine-tuned GPT-
4.1 consistently outperformed the in-domain fine-
tuned models: the macro Fj for GPT-4.1 with CoT
prompt-completion examples is 0.79, 0.08 higher
than the best macro F for the in-domain fine-tuned
models (Table 1; Table B.1). Fine-tuned Llama-
3.1-Instruct (70B) and Qwen3-A3B-Instruct-2507
(30B) sometimes outperformed the in-domain fine-
tuned models (Table B.1). Because notable perfor-
mance gains require fine-tuned GPT-4.1 or larger
open-weight LLMs trained on expert-annotated
data, fine-tuned BERT remains a competitive and
substantially more cost-effective alternative.

Per-class results (Appendix Table B.1) reveal
that the models have the most trouble with the
Formal and Grand classes; the None class is rela-
tively easy for the models to detect. This may be
because the reasoning classes reflect specialized
domain-specific usage of common terms (Schauer,
1987). Even where aggregate scores converge, error
patterns differ: GPT-5.2 matches BERT’s Formal
F1 (0.56) but with lower precision (0.48 vs. 0.57)
and higher recall (0.70 vs. 0.56), indicating it over-
predicts formal reasoning, likely triggered by sur-
face legal language rather than the underlying con-
cept and method of reasoning. For CSS measure-
ment, such systematic classification errors could
bias downstream inference (Egami et al., 2023).
Fine-tuning produces the largest gains on these dif-
ficult legal reasoning classes: fine-tuned GPT-4.1
CoT improves Formal F} to 0.68 (+0.16 over best
GPT-4.1 without FT), Grand to 0.77 (+0.20), and
None to 0.92 (+0.08), suggesting expert-annotated
training data is most valuable where the classifica-
tion requires the deepest domain knowledge. The
models continue to make errors with fine-tuning,
but at lower rates, and the errors tend to be more
balanced between precision and recall, reducing
systematic over- or under-prediction of any single
class.

5 Conclusion

Extending Thalken et al. (2023) with frontier-scale
models, we find that scaling alone does not solve
this task: even GPT-5.2, a cutting edge reason-
ing model, underperforms fine-tuned BERT when
prompted, and only fine-tuned generative LLMs
surpass the BERT baseline on the evaluated split.
This contrasts with tasks where frontier LLMs
match or exceed human coders (Tornberg, 2025),
suggesting that the need for human annotation turns
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on the depth of domain expertise a task requires.
Fine-tuned BERT remains a competitive and sub-
stantially more cost-effective alternative to fine-
tuned frontier LLMs on this task. For CSS re-
searchers working on tasks requiring deep domain
expertise, our findings add to growing evidence
(Ziems et al., 2024; Halterman and Keith, 2025;
Gu et al., 2025) that investing in high-quality hu-
man annotation yields greater returns than relying
on increasingly capable models alone. We reveal
limitations in SOTA LLMs’ capabilities to align
with human reasoning, emphasizing the continued
importance of domain-expert annotation.

Limitations

The prompting strategies explored for LLM base-
line performance and supervised fine-tuning fol-
lowed those of Thalken et al. (2023), which are
limited to the scope of the instructions provided to
human annotators. We did not evaluate retrieval-
augmented generation, dynamic few-shot exam-
ple selection, self-consistency or majority-vote
schemes, or multi-agent or tool-using setups. Any
of these could in principle narrow or close the gap
to fine-tuned models, and exploring how much
expert supervision can be substituted by stronger
inference-time procedures is a natural next step.

In addition, this up-to-date survey of LLMs was
limited by model size and cost. We prioritize open-
weight models, 4-bit quantized models, and models
that can be fine-tuned on a single H100 GPU due
to resource constraints. Better performance on this
task may be possible with emerging models. For
the same cost-based reasons, we limit our study to
a single split of the fine-tuned generative models;
comparative claims between fine-tuned generative
and BERT models should be interpreted with this
caveat. We also do not vary the labeled-data bud-
get for the same reason of cost. Prior work docu-
ments that prompting can substitute for hundreds of
fine-tuning examples on some classification tasks
(Le Scao and Rush, 2021); scaling the labeled data
budget would allow us to identify the threshold at
which prompted frontier LLMs become competi-
tive with fine-tuning. This would be a productive
next-step in this analysis.

The Krippendorff a = 0.65 inter-annotator
agreement is moderate and bounds the absolute
level of model-human alignment achievable on this
task. This ceiling reflects the genuine difficulty of
distinguishing modes of jurisprudential reasoning.

Though comparisons across models are evaluated
against the same labels, so team-specific annota-
tion conventions cannot drive the relative rankings
reported here, absolute F; values should be read
against the ceiling of human agreement.

Our findings are based on the study of a sin-
gle domain, jurisprudential philosophy in Supreme
Court opinions. Other CSS domains may show
different patterns.
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Appendices
A Prompts

Our approaches to prompting LLMs to identify
legal reasoning and legal reasoning classes in text:

* In Context, Descriptions: An in-context
prompt that provides the model with descrip-
tions of the legal reasoning classes before ask-
ing for inference on a new paragraph.

* In Context, Examples: An in-context prompt
that provides the model with one example of
each of the three legal reasoning classes be-
fore asking for inference on a new paragraph.

* Chain-of-Thought: A CoT prompt that pro-
vides the model with steps of reasoning to
follow in order to determine the class of le-
gal reasoning before asking for inference on a
new paragraph.

These prompts are included in Figure A.1. Each
prompting strategy is derived from our codebook
(Appendix D) or decision chart (Appendix C).

B Full Results

Table B.1 contains the full results for the multi-
class task (formal reasoning versus grand reasoning
versus no interpretation). Table B.2 contains the
results for the simpler binary task (interpretation
versus no interpretation).
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Some paragraphs in court cases interpret statutes. In this type of
paragraph, there is an analysis of a statute and a claim made about its
meaning.

In the following paragraph, determine if legal interpretation occurs
("INTERPRETATION") or not ("NONE").

Nevertheless, respondent urges that the legislative purpose of the
statute is best served by construing it to permit some choice in
determining the length of the penalty period. In respondent's view, the
purpose of the statute is essentially remedial and compensatory, and
thus it should not be interpreted literally to produce a monetary
award that is so far in excess of any equitable remedy as to be
punitive.

INTERPRETATION a

There are three possible labels to describe legal interpretation in the
following passage: FORMAL, GRAND, or NONE.

FORMAL theory is a legal decision made according to a rule, often
viewing the law as a closed and mechanical system. It screens the
decision-maker off from the political, social, and economic choices
involved in the decision.

GRAND theory is legal decision that views law as an open-ended and
on-going enterprise for the production and improvement of decisions
that make sense on their face and in light of political, social, and
economic factors.

NONE is a passage or mode of reasoning that does not reflect either
the Grand or Formal approaches. Note that this coding would include
areas of substantive law outside of statutory interpretation, including
procedural matters.

You must respond in a single word. Your options are either
"GRAND", "FORMAL", or "NONE". What is the one word that
describes this paragraph?

[TEXT FOR CLASSIFICATION]

Completion

FORMAL b.

Determine the legal interpretation used in the following passage.
Return a single choice from FORMAL, GRAND, or NONE. Here are
examples:

H#itt
Text: [FORMAL CODEBOOK EXAMPLE]
FORMAL

H#itt
Text: [GRAND CODEBOOK EXAMPLE]
GRAND

HH#
Text: [NONE CODEBOOK EXAMPLE]
NONE

You must respond in a single word. Your options are either
"GRAND", "FORMAL", or "NONE". What is the one word that

describes this paragraph?

[TEXT FOR CLASSIFICATION]

GRAND

Some paragraphs in court cases interpret statutes. Within
interpretation, there are two types: grand and formal.

Grand interpretation represents a legal decision that views law as an
open-ended and on-going enterprise for the production and
improvement of decisions that make sense on their face and in light of
political, social, and economic factors.

Formal interpretation is a legal decision made according to a rule,
often viewing the law as a closed and mechanical system. It screens
the decision-maker off from the political, social, and economic
choices involved in the decision.

Let's analyze the following passage step-by-step. First, determine if it
interprets a statute. Second, if it interprets a statute, determine
whether the interpretation is grand or formal. The first word in your
response should label the passage with "GRAND", "FORMAL", or
"NONE" and then explain why you chose that label.

You must respond in a single word. Your options are either
"GRAND", "FORMAL", or "NONE". What is the one word that
describes this paragraph?

[TEXT FOR CLASSIFICATION]

NONE d

Figure A.1: Prompt a is the prompt used for identifying whether legal interpretation occurs or not. Prompt b is the
prompt used for description classification of the classes of legal interpretation. Prompt c is the prompt used for
few-shot classification of the classes of legal interpretation. Prompt d is the prompt used for CoT reasoning and the
classes of legal interpretation.

C Decision Chart

Figure C.1 presents the decision chart provided to
the annotation team. It was the basis of the CoT
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Macro Grand Formal None

Model F1 P R \ F1 P R \ F1 P R \ F1 P R
Multi-Class

LEGAL-BERT 0.71 071 072 | 0.69 0.67 0.71 | 0.56 057 0.56 | 0.88 0.89 0.88
LEGAL-RoBERTa 071 0.70 0.72 | 0.69 0.65 0.73 | 0.56 0.55 058 | 0.88 090 0.86
LEGAL-ModernBERT 070 0.72 068 | 0.67 0.70 0.65 | 0.53 058 049 | 0.89 0.87 0091
In-Context, Descriptions

GPT-OSS (120B) 056 057 067 | 057 046 0.74 | 044 031 074 | 0.69 093 0.54
GPT-4.1 046 051 058 | 041 038 044 | 037 023 087 | 059 092 043
GPT-5.2 049 054 062 | 043 041 044 | 040 026 090 | 0.66 094 051
Llama-3.1-Instruct (8§B) 038 043 048 | 0.21 028 0.16 | 0.32 020 082 | 0.60 0.82 047
Llama-3.1-Instruct (70B) 036 045 050|024 029 021|033 020 092 ] 053 087 0.38
Qwen3-Instruct-2507 (4B) 038 046 051|039 027 072 ] 036 027 056|039 085 0.26

Qwen3-A3B-Instruct-2507 (30B)  0.50 0.50 0.58 | 043 035 0.55 | 042 031 0.67 | 0.65 0.84 0.53
Qwen3-Next-A3B-Instruct (80B) 040 0.50 0.54 | 0.34 036 033 | 033 0.20 090 | 0.53 093 0.37

DeepSeek-V3.1 035 048 049 | 023 036 0.17 | 030 0.18 095 | 0.51 090 0.36
In-Context, Examples

GPT-OSS (120B) 059 059 070|059 045 084 | 048 036 0.71 | 0.69 095 0.55
GPT-4.1 0.64 0.68 063 | 057 052 062|052 068 042 | 084 083 0.84
GPT-5.2 0.68 0.66 071 | 0.63 061 065 | 056 048 0.70 | 0.84 0.88 0.79
Llama-3.1-Instruct (8B) 0.17 040 030 | 023 0.14 058 | 024 020 030|005 086 0.02
Llama-3.1-Instruct (70B) 0.18 045 040 | 032 042 026|022 0.13 092 | 000 0.80 0.00
Qwen3-Instruct-2507 (4B) 040 051 050 | 042 027 090 | 032 036 028 | 048 090 0.33

Qwen3-A3B-Instruct-2507 (30B) 0.53 055 052 | 042 045 039|038 044 033|079 076 0.82
Qwen3-Next-A3B-Instruct (80B) 048 053 060 | 0.51 046 056 | 035 023 080 | 059 091 044

DeepSeek-V3.1 0.50 0.62 048 | 024 053 0.15 ] 044 058 036|082 0.73 093
Chain-of-Thought

GPT-0OSS (120B) 0.56 0.56 0.66 | 0.56 048 0.68 | 042 030 0.71 | 0.70 091 0.58
GPT-4.1 051 052 059 | 043 039 047 | 041 028 0.75 | 0.69 0.88 0.56
GPT-5.2 049 055 0.60 | 031 047 023|040 026 091 | 0.77 093 0.65
Llama-3.1-Instruct (8B) 043 044 046 | 036 027 051|025 022 030|067 0.84 0.56
Llama-3.1-Instruct (70B) 033 047 048 | 024 031 0.20 | 0.30 0.18 094 | 046 091 0.31
Qwen3-Instruct-2507 (4B) 034 045 048 | 036 026 0.61 | 031 021 0.62 | 036 090 0.22

Qwen3-A3B-Instruct-2507 (30B) 042 049 054 | 044 032 0.69 | 033 023 0.62 | 048 092 0.33
Qwen3-Next-A3B-Instruct (80B) 041 049 053 | 040 033 052032 021 074|050 092 034

DeepSeek-V3.1 052 056 059|028 050 019 | 049 036 0.79 | 0.80 0.82 0.78
Fine-Tuned, Descriptions

GPT-4.1 073 074 074 | 075 071 080 | 055 059 05109 091 0.9
Llama-3.1-Instruct (8§B) 061 071 059 | 061 058 064 | 035 071 023|087 084 0091
Llama-3.1-Instruct (70B) 0.66 0.81 060 | 0.60 079 049 | 048 085 034 | 0.88 0.80 0.97
Qwen3-Instruct-2507 (4B) 064 066 062|059 061 056|049 054 045|085 082 0.87

Qwen3-A3B-Instruct-2507 (30B)  0.68 0.72 0.66 | 0.70 0.71 0.69 | 0.48 059 040 | 0.88 0.85 0091

Fine-Tuned, Examples

GPT-4.1 076 078 0.75 | 076 075 0.77 | 0.62 0.69 055 | 091 090 093
Llama-3.1-Instruct (8B) 059 074 055|055 068 046 | 037 076 025 | 086 0.78 0.95
Llama-3.1-Instruct (70B) 074 076 0.72 | 0.75 0.75 0.74 | 0.57 0.65 0.51 | 0.90 0.88 0.92
Qwen3-Instruct-2507 (4B) 069 0.71 0.67 | 0.67 0.67 0.67 | 0.54 063 048 | 0.86 0.84 0.87

Qwen3-A3B-Instruct-2507 (30B) 0.73 0.77 0.70 | 0.70 0.74 0.68 | 0.60 0.72 0.51 | 0.88 0.85 0.92
Fine-Tuned, Chain-of-Thought

GPT-4.1 079 081 0.77 | 0.77 0.79 0.75 | 068 073 0.63 | 092 090 094
Llama-3.1-Instruct (8B) 065 0.69 062|059 071 051|047 054 042|088 0.83 0.93
Llama-3.1-Instruct (70B) 076 0.77 076 | 0.75 0.76 0.74 | 0.64 0.65 0.63 | 0.90 090 0091
Qwen3-Instruct-2507 (4B) 0.67 0.70 0.65 | 0.66 0.68 0.64 | 049 0.60 042 | 0.87 0.84 0.90

Qwen3-A3B-Instruct-2507 (30B) 0.70 0.73 0.68 | 0.68 0.71 0.65 | 0.56 0.64 049 | 0.88 0.85 091

Table B.1: Model performance averaged over five train test splits for fine-tuned and generative in-context models.
Model performance on 1 train test split for fine-tuned generative models. Macro averages represent averages
unweighted by class.

prompt for generative LLMs. annotators and was the basis of the in-context de-
scriptions and in-context examples prompts for gen-
D Codebook erative LLMs.

Table D.1 presents the codebook with definitions
and core examples of each class, which guided
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Macro Interpretation None

Model F1 P R \ F1 P R \ F1 P R
Fine-Tuned

LEGAL-BERT 0.82 0.81 083|076 0.72 0.80 | 0.88 0.90 0.86
LEGAL-RoBERTa 082 0.82 083|077 0.73 0.80 | 088 090 0.86
LEGAL-ModernBERT 0.82 0.82 081|075 0.77 073|089 0.88 0.90
Generative In-Context

GPT-0SS (120B) 066 0.69 071 | 062 049 085|070 0.89 0.57
GPT-4.1 0.68 0.69 072 | 063 051 080|074 0.87 0.64
GPT-5.2 071 071 074 | 0.65 054 0.80 | 0.77 0.88 0.68
Llama-3.1-Instruct (8B) 0.60 0.64 065 | 056 044 078 | 0.64 0.84 0.53
Llama-3.1-Instruct (70B) 069 070 073 | 0.63 053 0.79 | 0.75 0.87 0.66
Qwen3-Instruct-2507 (4B) 0.58 0.65 065 | 057 042 086 | 059 0.87 045

Qwen3-A3B-Instruct-2507 (30B) 0.54 0.67 0.65 | 0.57 041 094 | 052 093 0.36
Qwen3-Next-A3B-Instruct (80B) 0.62 0.67 0.69 | 0.59 046 085 | 0.66 0.88 0.52

DeepSeek-V3.1 064 0.67 069 | 059 047 081 | 0.68 086 0.56
Generative Fine-Tuned

GPT-4.1 08 086 086 | 081 082 0801|091 091 092
Llama-3.1-Instruct (8B) 0.78 0.80 0.76 | 0.68 0.75 0.63 | 0.87 0.84 0.90
Llama-3.1-Instruct (70B) 078 0.83 076 | 0.68 0.85 0.56 | 0.88 0.82 0.95
Qwen3-Instruct-2507 (4B) 079 079 079 | 072 0.70 0.73 | 0.86 0.87 0.85

Qwen3-A3B-Instruct-2507 (30B) 0.81 0.81 0.81 | 0.75 0.75 0.74 | 0.88 0.88 0.88

Table B.2: Model performance for binary interpretation averaged over 5 train test splits for fine-tuned and generative
in-context models. Model performance for binary interpretation on 1 train test split for fine-tuned generative models.
Macro averages represent averages unweighted by class.

=/

Does the passage endorse
or employ rules, formal Yes

Yes Yes Yes categories or view the
¢ I i | i law as a closed and/or
i mechanical exercise?
Does it
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Does it Isit appear to Juthor's Yes
involve a engaged in be from the - . —> Interpretive Classes
: viewpoint
statute? reasoning? body of an

Yo o discernible?
CDIIONE Does the passage endorse
or employ an open-ended

No No No No reasoning that considers Yes

work-ability and may refer

to political, economic, or
social factors?

2

Y

None

Figure C.1: The decision chart provided to annotators.
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Class

Definition

Example

Formal

A legal decision
made according to a
rule, often viewing
the law as a closed
and mechanical
system. It screens
the decision-maker
off from the political,
social, and economic
choices involved in
the decision.

Accepting this point, too, for argument’s sake, the question becomes:
What did "discriminate” mean in 19647 As it turns out, it meant then
roughly what it means today: "To make a difference in treatment or
favor (of one as compared with others)." Webster’s New International
Dictionary 745 (2d ed. 1954). To "discriminate against" a person,
then, would seem to mean treating that individual worse than others
who are similarly situated. [CITE]. In so-called "disparate treatment"
cases like today’s, this Court has also held that the difference in
treatment based on sex must be intentional. See, e.g., [CITE]. So,
taken together, an employer who intentionally treats a person worse
because of sex—such as by firing the person for actions or attributes it
would tolerate in an individual of another sex—discriminates against
that person in violation of Title VII. Bostock v. Clayton County

Grand

A legal decision that
views the law as an
open-ended and on-
going enterprise for
the production and
improvement of deci-
sions that make sense
on their face and in
light of political, so-
cial, and economic
factors.

Respondent’s argument is not without force. But it overlooks the
significance of the fact that the Kaiser-USWA plan is an affirmative
action plan voluntarily adopted by private parties to eliminate tra-
ditional patterns of racial segregation. In this context respondent’s
reliance upon a literal construction of §§703 (a) and (d) and upon
McDonald is misplaced. See [CITE]. It is a "familiar rule, that a
thing may be within the letter of the statute and yet not within the
statute, because not within its spirit, nor within the intention of its
makers." [CITE]. The prohibition against racial discrimination in
§§703 (a) and (d) of Title VII must therefore be read against the
background of the legislative history of Title VII and the historical
context from which the Act arose. See [CITE]. Examination of those
sources makes clear that an interpretation of the sections that for-
bade all race-conscious affirmative action would "bring about an end
completely at variance with the purpose of the statute" and must be
rejected. [CITE]. See [CITE]. Steelworkers v. Weber

None

A passage or mode of
reasoning that does
not reflect either the
Grand or Formal ap-
proaches. Note that
this coding would in-
clude areas of sub-
stantive law outside
of statutory interpre-
tation, including pro-
cedural matters.

The questions are, What is the form of an assignment, and how must
it be evidenced? There is no precise form. It may be. by delivery.
Briggs v. Dorr, CITE, citing numerous cases; Onion v. Paul, 1 Har.
& Johns. 114; Dunn v. Snell, CITE; Titcomb v. Thomas, 5 Greenl.
282. True, it is said it must be on a valuable consideration, with
intent to transfer it. But these last are requisites in all assignments, or
transfers of securities, negotiable or not. It may be by writing under
seal, by writing without seal, by oral declarations, accompanied in all
cases by delivery, and on a just consideration. The evidence may be
by proof of handwriting and proof of. possession. It may be proved
by proving the signature of the payee or obligee on the back, and
possession by a third person. 3 Gill & Johns. 218.

Table D.1: Codebook definition and examples of each of the interpretive classes.
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Abstract

The Opioid Industry Documents Archive
(OIDA) provides extensive internal corporate
records that offer valuable insight into the
drivers of the opioid crisis, yet its use in sys-
tematic analysis of corporate strategy remains
limited. In this study, we propose an NLP-
based framework to analyze strategic behavior
in large-scale litigation archives, combining rel-
evance filtering and topic modeling with large
language model (LLM)-assisted interpretation.
Applied to documents from Insys Therapeu-
tics and Mallinckrodt Pharmaceuticals, our ap-
proach uncovers systematic differences in cor-
porate strategies and organizational priorities.
These results highlight the potential of integrat-
ing representation learning and LLMs for large-
scale analysis in public health and corporate
accountability research.

1 Introduction

The opioid crisis constitutes a severe and ongo-
ing public health emergency, characterized by
widespread opioid dependence, high rates of over-
dose mortality, and profound social and economic
consequences. In the wake of extensive litigation
against pharmaceutical manufacturers, distributors,
pharmacy chains, and consulting firms, millions
of internal corporate documents have been made
publicly available. These disclosures provide an
unprecedented window into corporate decision-
making processes and strategic conduct within the
opioid industry.

The Opioid Industry Documents Archive (Uni-
versity of California, San Francisco and Johns Hop-
kins University, n.d.) is a digital repository de-
veloped by the University of California, San Fran-
cisco and Johns Hopkins University. It contains
internal corporate documents, emails, and presen-
tations produced by opioid manufacturers and re-
lated organizations. Given its scope and depth,
OIDA represents a uniquely valuable data source

for research in social science, public health, policy,
and law—particularly for studies aimed at analyz-
ing corporate strategic behavior. However, despite
its substantial research potential, systematic large-
scale computational analyses of corporate strategic
behavior within OIDA remain limited. The unstruc-
tured nature of the textual data, combined with rela-
tively sparse metadata, complicates comprehensive
large-scale analysis.

To address these challenges, this study devel-
ops a multi-stage computational framework for
analyzing corporate strategic behavior in OIDA.
The framework integrates keyword-based retrieval,
transformer-based text embeddings, and a K-
Nearest Neighbors classifier to refine the selec-
tion of strategy-relevant texts. We then apply topic
modeling, augmented by large language model —as-
sisted interpretation, to identify and synthesize re-
curring forms of corporate strategic behavior. We
focus on two organizations—Insys Therapeutics
and Mallinckrodt Pharmaceuticals—by systemat-
ically characterizing and comparing their corpo-
rate strategic behavior during the same historical
period. As a result, we present a computational
framework that integrates large-scale text analysis
with LLM-assisted interpretation to enable scalable
and reproducible analysis of extensive litigation
corpora. Substantively, our findings provide sys-
tematic empirical evidence of recurring corporate
strategic behavior patterns in the opioid industry.

2 Related Work

Computational text analysis has been widely ap-
plied to large-scale corpus exploration, including
topic modeling, semantic clustering, sentiment
analysis, and named entity recognition. These ap-
proaches enable structured analysis of unstructured
textual data across scientific, legal, and corporate
domains.

Prior work has demonstrated the utility of multi-
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stage NLP pipelines for knowledge discovery.
For example, (Polpinij et al., 2026) integrates
transformer-based embeddings, deep clustering,
and relation extraction to construct domain-specific
knowledge representations from agricultural re-
search literature. Similarly, (Azher et al., 2025)
combines BERTopic and large language models
to structure and summarize limitation sections in
scientific articles. Beyond scientific corpora, NLP
methods have been applied to corporate disclosures
and financial documents. Studies such as (Kang
and Kim, 2022) and (Faccia et al., 2024) employ
sentiment analysis and semantic similarity mea-
sures to examine thematic emphasis, disclosure
patterns, and linguistic risk signals in corporate re-
ports. These works illustrate how computational
methods can surface structured patterns within cor-
porate communication.

Such approaches are particularly relevant for
archives like the Opioid Industry Documents
Archive, which contains internal corporate com-
munications documenting strategic planning, mar-
keting activities, and regulatory positioning. While
OIDA has been introduced as a valuable re-
search resource, computational engagement with
the archive remains limited. Existing work, such as
OIDA-QA (Shen et al., 2025), primarily focuses on
benchmark construction. However, an integrated
computational framework explicitly designed to
identify and characterize corporate strategic behav-
ior in large-scale litigation archives remains absent.
This gap motivates the development of the struc-
tured NLP framework proposed in this study.

3 Data Description

The dataset is collected from the Opioid Industry
Documents Archive, a public repository of inter-
nal documents related to the opioid industry. The
archive contains various types of documents, in-
cluding emails, reports, memoranda, and presen-
tation slides. Each document is accompanied by
metadata such as document ID, document type,
date, author, and other descriptive attributes.

The primary source for textual analysis in this
study is the ocr_text field, which contains text
extracted from scanned original documents using
Optical Character Recognition (OCR). This field
serves as the main input for NLP analysis. How-
ever, due to the nature of OCR-based extraction,
the text may contain structural inconsistencies,
formatting irregularities, and noise (e.g., broken

words, misrecognized characters, or misplaced line
breaks). These issues introduce additional prepro-
cessing challenges before conducting downstream
NLP tasks.

4 Methodology

All detailed prompt templates, model configura-
tions, and hyperparameters are provided in the Ap-
pendix B.

4.1 Data Selection and Preprocessing

This study draws on documents from the Opioid
Industry Documents Archive. We selected presen-
tation materials associated with two major opioid
manufacturers, Insys Therapeutics and Mallinck-
rodt Pharmaceuticals, both of which have been cen-
trally implicated in litigation and public investiga-
tions related to the U.S. opioid crisis. Focusing
on these firms enables a concentrated examina-
tion of corporate strategic practices during periods
of heightened commercial activity and regulatory
scrutiny.

To reduce topical noise and focus on high-level
strategic content, we restricted our analysis to pre-
sentation documents. Compared to emails or gen-
eral reports, presentation slides are more likely to
summarize strategic planning, business positioning,
and key corporate initiatives, making them more
suitable for downstream semantic analysis. Af-
ter collecting the presentation files, we performed
text cleaning on the ocr_text field to remove OCR-
related artifacts and malformed characters. To facil-
itate embedding generation, each presentation was
segmented into text chunks of 300 words with a 50-
word overlap between consecutive segments. This
chunking strategy was determined through prelimi-
nary experiments to balance contextual complete-
ness and embedding quality.

4.2 Data Filtering

To enable topic modeling to focus on strategic-
level content, we implemented a two-stage filtering
procedure.

Stage 1: Keyword-based Pre-filtering. We first
constructed a domain-informed keyword list cap-
turing common corporate strategies. Only text seg-
ments containing at least one of these keywords
were retained. This step serves two purposes: (1)
reducing topical noise and (2) lowering computa-
tional costs for subsequent modeling stages.

114



Stage 2: LL.M-assisted Labeling and Similarity-
based Propagation. From each company, we
randomly sampled 150 text segments and used a
large language model with chain-of-thought (Wei
et al., 2022) prompting to infer whether each seg-
ment was strategically relevant. For text repre-
sentation, we employed the embedding model
avsolatorio/GIST-Embedding-v0 (Solatorio, 2024),
selected to balance computational efficiency and
semantic performance.

Using the labeled subset as supervision, we
trained a k-nearest neighbors classifier (k = 5).
The value of k£ was determined through empirical
evaluation, with F1-score used as the primary se-
lection metric. The trained KNN model was subse-
quently applied to the full dataset, where strategic
relevance for each segment was determined via ma-
jority voting among its nearest neighbors in the
embedding space.

4.3 Topic Modeling

We employed BERTopic (Grootendorst, 2022) to
cluster semantically similar text segments into co-
herent and interpretable topics. To ensure method-
ological consistency across stages, the same em-
bedding model used during the filtering phase
(avsolatorio/GIST-Embedding-v0) was retained for
topic modeling.

For topic representation, we applied the Key-
BERTInspired approach to extract representative
keywords for each topic. Prior to generating topic
representations, additional preprocessing steps
were conducted, including stopword removal. This
procedure was intended to reduce lexical noise, im-
prove semantic coherence, and enhance the inter-
pretability of the resulting topics. Recent work by
Yang et al. (2025) demonstrates that large language
models (LLMs) can generate high-quality topical
descriptors that align closely with human judgment
in topic model evaluation. This finding suggests
that LLMs possess substantial potential for extract-
ing structured and meaningful information from
document clusters. Motivated by this insight, we
operationalized a two-stage LLM-assisted analyti-
cal framework by designing the following prompts:

Stage 1: Prompt for Topic-Level Strategy Clas-
sification This prompt was developed to deter-
mine whether a given topic explicitly reflects one of
the predefined corporate strategic categories: Sales
Expansion & Promotion, Influence & Narrative
Management, Regulatory Risk Management & Eva-

sion, or neither. The model was instructed to rely
strictly on explicit textual evidence extracted from
representative document excerpts and to provide a
justification for its classification decision. This step
serves as a filtering mechanism to exclude topics
that do not substantively reflect corporate strate-
gies or strategies, thereby improving the validity of
subsequent interpretation.

Stage 2: Prompt for Topic Interpretation This
prompt was applied exclusively to topics that had
been classified as strategy-related in the preced-
ing stage. Its primary objective was to generate a
structured and analytically coherent interpretation
of each topic, thereby facilitating clearer substan-
tive analysis and supporting subsequent qualitative
examination.

During the prompt design process, we observed
that the inclusion of certain explicitly strategy-
laden terms tended to induce speculative reasoning,
leading the model to produce overextended or in-
ferential claims not firmly grounded in the source
material. To mitigate this tendency, the prompt
was carefully calibrated to constrain interpretive
latitude. Specifically, the model was instructed to
frame the described actions as observable industry
strategies without inferring hidden intentions un-
less such intentions were directly evidenced in the
text. Furthermore, the prompt required that every
substantive claim in the generated explanation be
traceable to the provided textual excerpts. This
evidentiary constraint was intended to reinforce an-
alytical rigor, minimize unwarranted extrapolation,
and ensure that interpretations remained firmly an-
chored in the documentary record.

5 Analysis

After applying the LLM to strategy-classified top-
ics, we obtained the results summarized in Table 1.
To better understand the substantive characteristics
of the identified topics, we now turn to a company-
level qualitative analysis. This allows us to ex-
amine how strategic patterns manifest differently
across organizational contexts rather than relying
solely on aggregate topic counts.

5.1 Insys

Figure 1 presents the yearly distribution of strategy-
related text chunks identified for Insys. The results
show that the majority of documents categorized
under Sales Expansion & Promotion and Influence
& Narrative Management are concentrated in the
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Table 1: Strategy-related topics identified by the LLM.
Sales Exp. = Sales Expansion & Promotion; Influence
= Influence & Narrative Management; Reg. Risk =
Regulatory Risk Management & Evasion; Total = total
number of extracted topic groups.

Strategy Insys Mallinckrodt
Sales Exp. 24 9
Influence 5 1

Reg. Risk 0 5
Total 51 25

Note: A single topic may be assigned to more than one strategy
category.

2011-2015 period. Because most strategy-related
materials fall within this time frame, our subse-
quent analysis focuses primarily on these years.

This temporal concentration overlaps with key
milestones in the commercial trajectory of Sub-
sys, which received approval from the U.S. Food
and Drug Administration (FDA) in January 2012
for the treatment of breakthrough cancer pain in
opioid-tolerant patients. Publicly available records
report substantial revenue growth between 2012
and 2015, with annual revenues reaching approx-
imately $330 million by 2015 (Opioid Industry
Documents Archive, n.d.). However, it is impor-
tant to note that the prominence of strategy-related
content during 2011-2015 may also partly reflect
the larger overall volume of available documents
from this period. In other words, the higher fre-
quency of identified strategies is not necessarily
indicative of a proportional increase in strategic ac-
tivity, but may be influenced by the greater density
of archived materials.

To further examine the internal composition of
these activities, we identified the five strategy-
related topics with the highest number of text docu-
ments within the 2011-2015 period and conducted
qualitative summaries using LL.M-assisted abstrac-
tion of the corresponding documents. Although
automated summarization may introduce minor se-
mantic imprecision, manual inspection of a sub-
set of documents suggests that the extracted sum-
maries preserve their primary thematic content.
Figure 2 displays the quarterly distribution of these
five topics.

Substantively, the five topics capture comple-
mentary dimensions of commercialization strat-
egy. Topic 3 reflects an integrated, multi-channel
marketing framework combining awareness cam-

Figure 1: Number of Document per Strategy Type Over
Years
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paigns, targeted outreach, speaker engagement, and
medical-education initiatives supported by internal
staff and IT infrastructure, oriented toward expand-
ing prescriber adoption and utilization intensity.
Topic 10 centers on a structured speaker-program
system in which promotional events are financially
supported and monitored through prescription-
linked performance metrics. Topic 11 describes
organizational efforts to enhance sales-force effi-
ciency by reallocating logistical responsibilities
to specialized liaisons, thereby increasing repre-
sentatives’ focus on prescriber engagement and
market expansion. Topics 15 and 30 both con-
cern performance-based compensation structures,
including region-specific sales targets, national ad-
justment factors, and layered bonus mechanisms
designed to align managerial incentives with cor-
porate revenue objectives.

The quarterly patterns suggest differentiated tem-
poral dynamics across topics. Topic 3 appears con-
sistently from early 2011 through late 2014, indi-
cating that the activities captured under this topic
were sustained over multiple years rather than con-
fined to a short-term initiative. In contrast, the
remaining topics emerge primarily after January
2012. Topics 10 and 11 become visible relatively
early in the post-approval phase, particularly be-
tween 2012 and early 2013, while Topics 15 and
30 appear more prominently from late 2013 to mid-
2014. These patterns may reflect shifts in strategic
emphasis during Insys’s peak commercialization
period.

Taken together, the visualization suggests that
most identifiable strategy-related documentation
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Figure 2: Number of Document per Topic Over Quarter-
Years

clusters within 2011-2015, a period that also con-
tains a relatively high volume of overall archival
materials. While these observations remain descrip-
tive and do not establish causality, they provide
distributional evidence that may reflect evolving
organizational priorities during a document-dense
phase of product commercialization.

5.2 Mallinckrodt

Similar to the pattern observed for Insys, the major-
ity of strategy-related documents identified in the
Mallinckrodt corpus are concentrated in the 2010—
2014 period. This temporal clustering spans the
years immediately before and after a significant reg-
ulatory event: in 2011, Mallinckrodt came under
investigation by the Drug Enforcement Adminis-
tration (DEA) for failing to meet its obligations to
monitor and report suspicious orders of controlled
substances (Opioid Industry Documents Archive,
n.d.). As with Insys, the concentration of iden-
tified strategies during this period partly reflects
the relatively high volume of available documents
from these years. Accordingly, our analysis fo-
cuses on 2010-2014, while acknowledging that dis-
tributional density may be influenced by archival
coverage.

In contrast to the case of Insys, our analysis of
Mallinckrodt’s corpus reveals the presence of text
chunks categorized under Regulatory Risk Manage-
ment & Evasion. Although these documents do
not constitute the largest share of strategy-related
content, their emergence during a period of height-
ened regulatory scrutiny is analytically noteworthy.
However, a closer qualitative inspection of these
topics reveals that they primarily pertain to standard
corporate legal and regulatory procedures, rather
than explicit strategies for navigating or counter-
ing the concurrent DEA investigation. This pattern
suggests that while the organization was actively

managing its baseline regulatory compliance along-
side commercial expansion, the automated extrac-
tion did not capture direct strategic responses to
the DEA probe within this topic subset. Within the
2010-2014 window, we identified the five strategy-
related topics with the highest document counts
and conducted qualitative abstraction of their rep-
resentative texts.

Substantively, the five topics capture comple-
mentary dimensions of Mallinckrodt’s commercial-
ization strategy during the focal period. Topic 1
reflects sustained efforts to expand prescription vol-
ume through sales-force growth, payer segmenta-
tion and rebate arrangements to secure formulary
access, and the mobilization of key opinion lead-
ers, collectively oriented toward increasing mar-
ket penetration and revenue attainment. Topic 2
centers on coordinated launch campaigns that in-
tegrate sales training, defined performance met-
rics, cross-product promotion, expanded coverage,
and patient-support mechanisms within a struc-
tured commercialization framework. Topic 11 de-
scribes a comprehensive pre-launch strategy that
aligns marketing, medical affairs, and managed-
markets functions around pricing, regulatory posi-
tioning, payer analytics, and unbranded market-
development initiatives. Topic 10 emphasizes
managed-care engagement and contract optimiza-
tion, supported by systematic payer segmentation
and financial modeling to balance coverage, prof-
itability, and market share. Topic 15 concerns or-
ganizational and channel design decisions, includ-
ing territory structuring, sales-force deployment,
and evaluation of internal versus outsourced com-
mercial models, thereby shaping the operational
infrastructure of market entry and expansion.

The temporal distribution of these topics sug-
gests differentiated strategic horizons. Topics 1
and 2 appear over relatively extended intervals, in-
dicating sustained commercial initiatives. Topic 1
spans nearly the entire 2010-2014 period, while
Topic 2 is prominent from early 2011 through ap-
proximately mid-period, suggesting an extended
launch and expansion phase. In contrast, Topics 10,
11, and 15 exhibit more temporally concentrated
patterns, consistent with time-bound planning or
optimization initiatives.

Taken together, the quarterly distributions indi-
cate a combination of long-term commercialization
strategies and shorter-term strategic adjustments
during a period characterized by both market ex-
pansion and increased regulatory scrutiny. While
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these observations remain descriptive and do not
establish causal relationships, they provide distri-
butional evidence of evolving strategic emphases
within Mallinckrodt’s documented activities during
2010-2014.
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Figure 4: Number of Document per Topic Over Quarter-
Years

5.3 Comparative Strategic Emphases

Synthesizing the topic distributions reveals a dis-
tinct divergence in the documented strategic priori-
ties of the two organizations during their respective
periods of peak commercialization. While both
companies focused on market expansion, their op-
erational emphases differed significantly along the
commercialization value chain.

Insys’s corpus reflects a localized, micro-level
strategy heavily oriented toward direct prescriber
engagement. Their strategic documentation indi-
cates a highly proactive direct-to-prescriber out-
reach model, predominantly focusing on prescriber-
level interventions. This is evidenced by the promi-
nence of topics detailing speaker programs linked

to sales volume and performance-based compen-
sation structures designed to monitor prescription
metrics. In essence, Insys’s documented strategy
during this period prioritized prescriber acquisi-
tion, engagement, and utilization intensity. No-
tably, these computationally derived patterns align
closely with the historical record; subsequent fed-
eral investigations documented that Insys heavily
relied on "speaker programs" to drive and reward
prescription volumes (U.S. Department of Justice,
2019).

Conversely, Mallinckrodt demonstrated a macro-
level strategy focused on institutional market ac-
cess and commercial infrastructure. Rather than
concentrating primarily on individual physicians,
Mallinckrodt’s internal discourse prioritized payer
segmentation, pricing strategies, and contract op-
timization. Their emphasis on pre-launch coor-
dination among marketing, medical affairs, and
managed markets, alongside careful considera-
tions of organizational channel design, indicates
a structural approach. The documents suggest that
Mallinckrodt aimed to navigate the broader distri-
bution environment and secure formulary access to
facilitate subsequent sales efforts. Notably, exter-
nal historical records from (Opioid Industry Doc-
uments Archive, n.d.) indicate that Mallinckrodt
became one of the largest suppliers of generic oxy-
codone in the United States during the 2008-2016
period. This expansion temporally overlaps with
the internally documented emphasis on institutional
market access and commercial infrastructure devel-
opment, suggesting compatibility between strategic
orientation and observed distribution scale rather
than implying direct causality.

Ultimately, the computational analysis moves
beyond merely quantifying strategy occurrences;
it illustrates how commercialization strategies can
manifest either as targeted behavioral interventions
at the prescriber level (Insys) or as the structural
optimization of market access and payer dynamics
(Mallinckrodt).

6 Conclusion

In this paper, we proposed a structured NLP frame-
work for analyzing corporate strategic behavior
from large-scale corporate presentation documents.
The framework integrates (i) keyword-based pre-
filtering, (ii) supervised refinement using a KNN
classifier trained on embedding representations
of LLM-labeled text chunks, and (iii) topic mod-
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eling with BERTopic to uncover latent thematic
structures. LLMs were further employed to iden-
tify strategy-relevant topics and generate human-
readable explanations, thereby enhancing inter-
pretability.

Applying this framework to documents from In-
sys Therapeutics and Mallinckrodt Pharmaceuti-
cals, we systematically characterized both shared
and divergent forms of corporate strategic behavior.
The results demonstrate that combining embedding-
based classification, topic modeling, and LLM-
assisted interpretation enables a structured, scal-
able, and reproducible analysis of corporate strate-
gic behavior in large archival corpora. Overall, the
proposed framework reduces manual coding effort,
improves analytical consistency, and accelerates
the extraction of meaningful insights into corpo-
rate strategic behavior from unstructured litigation
documents.
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7 Limitations and Future Work

Several stages of the analysis rely on Large Lan-
guage Models (LLMs) for strategy extraction and
interpretation. While this approach substantially
reduces manual effort and enables scalable process-
ing, the accuracy and interpretive validity of LLM-
generated outputs have not been systematically val-
idated by domain experts. As a result, potential
issues such as misclassification, oversimplification,
or latent bias may persist. Future research should
incorporate structured expert evaluation and inter-
rater validation frameworks to assess the reliability,
consistency, and robustness of extracted strategic
themes.

This study focuses exclusively on presentation
documents within the OIDA dataset. Although pre-
sentations provide structured and strategy-oriented
insights, OIDA contains additional document
types—such as internal communications, reports,
and correspondence—that may offer complemen-
tary or contrasting perspectives. Restricting the
analysis to a single document category may there-
fore limit the comprehensiveness of the findings.
Extending the scope to include multiple document
types would enable a more holistic reconstruction
of organizational behavior.

The approach relies mainly on qualitative inter-
pretation rather than a shared quantitative frame-
work, which limits the rigor of cross-corpus com-
parisons. Future work may explore the design of
standardized quantitative evaluation protocols for
more reliable cross-corpus benchmarking.

Another limitation concerns the uneven temporal
distribution and inherent gaps within the dataset,
which together constrain the longitudinal analysis.
Documentation from certain periods—particularly
prior to 2010—is relatively limited, introducing po-
tential blind spots in the reconstruction of strategic
evolution. Because we use raw document counts to
reflect the intensity of strategic activity, fluctuations
in data availability may partially confound our inter-
pretations. Consequently, observed shifts in topic
prevalence or apparent strategic inflection points
might reflect archival density and data discontinu-
ities rather than genuine, substantive changes in
corporate strategy. To address this, future studies
could employ normalization techniques or weight-
ing schemes to better disentangle true strategic sig-
nals from artifacts of data availability.

In addition, this study attempted to identify
strategies related to mitigating legal and regula-
tory risks within the opioid market. However, such
strategies may not be explicitly articulated in cor-
porate language and are often embedded in indirect
or coded expressions. Consequently, the absence of
clearly identified legal-avoidance strategies should
not be interpreted as definitive evidence of their
nonexistence. Future work may benefit from in-
corporating legal-domain expertise or alternative
analytical frameworks designed to detect implicit
regulatory positioning strategies.

Finally, the prompting framework employed in
this study is designed to extract passages that ex-
plicitly describe strategies. While this improves
precision, it may reduce recall by overlooking seg-
ments that imply strategies indirectly or require
deeper contextual inference. With expert supervi-
sion or hybrid analytical pipelines, future research
could allow LLM systems to flag potentially im-
plicit or strategically sensitive content for subse-
quent human review, thereby enabling a more com-
prehensive and nuanced analysis.

8 Ethical Statement

We emphasize that the strategic categorizations and
thematic summaries presented in this study are
computational artifacts generated by Large Lan-
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guage Models (LLMs) processing an archived text
corpus. The outputs reflect the model’s algorith-
mic abstraction of the text based on our defined
prompts, rather than established legal, economic,
or historical facts. Our framework is designed
as an exploratory computational tool to process
large-scale text data, not as an adjudicative mech-
anism. Consequently, the findings should not be
interpreted as definitive representations of corpo-
rate intent or objective truth. Translating these
computational signals into substantive conclusions
about legal compliance, market manipulation, or
economic strategy requires rigorous, independent
evaluation by domain experts, including legal schol-
ars, economists, and regulatory analysts.
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A Selection of K in KNN

To determine the optimal value of K in the K-
Nearest Neighbors (KNN) classifier, we employed
Repeated Stratified K-Fold Cross-Validation (Pe-
dregosa et al., 2011). Specifically, the evaluation
procedure was configured with 5 folds and repeated
5 times (resulting in 25 total evaluations), in or-
der to reduce variance induced by random data
partitioning and to ensure the robustness of the
performance estimates. The dataset consists of
300 text chunks, with each company contributing
150 randomly sampled chunks from a subset pre-
filtered using domain-specific keywords. These
chunks were subsequently labeled in a binary man-
ner (“yes”/“no”) by a LLM, indicating whether the
chunk is related to the company’s commercializa-
tion strategy.

We evaluated the classifier across values of K
ranging from 1 to 100 and used the Fl-score as
the primary performance metric, given the poten-
tial class imbalance in the dataset. The results are
illustrated in Figure 5.

The model achieved its highest F1-score at K =
5. Compared to the baseline approach—where all
keyword-filtered chunks were directly classified as
“yes” (yielding an F1-score of 0.7277)—the KNN
classifier with K = 5 improved the F1-score by
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K

0.1059. This improvement indicates that incor-
porating a supervised classification step via KNN
effectively reduces noise introduced by keyword-
based filtering and enhances the overall predictive
performance of the system.

B Prompt Design and Model
Configuration

We employed the openai/gpt-oss-120b large
language model to classify document chunks ac-
cording to whether they describe a corporate strat-
egy. To ensure deterministic and reproducible out-
puts, the temperature parameter was set to 0.

B.1 Prompt for Strategy Classification

The following prompt was used to determine
whether a given text chunk describes a coordinated
corporate strategy or strategic action:

"role": "system",

"content”: "You are a research analyst
studying corporate strategic behavior
in the pharmaceutical and opioid
industry.

Your task is to determine whether a given
text chunk describes a COMPANY STRATEGY.

A strategy is defined as a coordinated,
intentional corporate action designed
to achieve commercial, regulatory,
legal, reputational, or market
objectives.

A TRUE strategy must:

- Describe an intentional corporate action
or coordinated effort

- Aim to influence revenue, market share,
regulation, litigation exposure, or
public perception
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- Go beyond neutral reporting or operational
background

Non-strategies include:

- Lists of advisors or experts

- Neutral scientific discussion

- Study design without corporate intent
- Meeting logistics

INSTRUCTIONS:
1. Provide a brief explanation (2-5
sentences).
2. On a new line write exactly one of:
LABEL: YES
LABEL: NO
3. Do not write anything after the LABEL
line.”

"role": "user”,
"content"”: "TEXT CHUNK:
{chunk_text}"

B.2 Prompt for Topic-Level Strategy
Classification

The following prompt was used to classify whether
a topic reflects explicit corporate strategic behavior
in the opioid industry. The model was instructed
to rely strictly on explicit textual evidence and to
avoid inference or interpretation beyond the pro-
vided excerpts.

"role": "system”,

"content”: "You are an independent evaluator
assessing whether a topic explicitly
reflects corporate strategic behavior
related to the opioid industry.

Important:

- The Topic Representation is contextual
only.

The final decision MUST be based strictly
on explicit statements in the Document
Excerpts.

Do NOT infer intent.

Do NOT rely on background knowledge.

Do NOT interpret implications.

- If it is not explicitly stated, it does

NOT count.

Only output the final structured answer.

"role": "user",

"content”: "Your task is to assign ALL
applicable labels based ONLY on
explicit textual evidence in the
Document Excerpts.

LABEL OPTIONS:

- Sales Expansion & Promotion

- Influence & Narrative Management

- Regulatory Risk Management & Evasion



If none apply, return: None
DEFINITIONS:

Sales Expansion & Promotion requires
explicit mention of:

- increasing prescription volume

- extending treatment duration

- revenue maximization

- aggressive sales targeting

- formulary positioning through rebates or
contracting

- expanding into new or higher-risk patient
populations

- undermining competitors through pricing,
contracting, or messaging

Influence & Narrative Management requires
explicit mention of:
- downplaying addiction risks

- shaping scientific evidence or publications

- funding or leveraging key opinion leaders

- sponsoring medical education aligned with
promotion

- supporting advocacy groups to influence
public opinion or healthcare policy

Regulatory Risk Management & Evasion
requires explicit mention of':
- influencing FDA review or regulatory

processes

- lobbying to shape opioid-related laws or
policy

- structuring compliance to reduce legal
exposure

- coordinating litigation defense or
liability reduction

- managing adverse event reporting or safety

data to limit regulatory consequences
STRICT RULES:

- Topic Representation provides context ONLY.
- The decision MUST rely on explicit wording

in the excerpts.

- No inference allowed.

If wording is vague, it does NOT count.

Each assigned label MUST have its own

supporting quote.
If no label is explicitly supported,
return None.

OUTPUT FORMAT:

Evidence:

Sales Expansion & Promotion:

- "<exact quoted sentence>"

Influence & Narrative Management:

- "<exact quoted sentence>"

Regulatory Risk Management & Evasion:

- "<exact quoted sentence>"

Justification:

2-4 sentences grounded ONLY in the quoted
evidence.

Labels:

[comma-separated list of applicable labels
OR "None"]

Topic Representation:
{topic_representation}

Document Excerpts:
{document_excerpts?}

n

B.3 Prompt for Topic Interpretation

The following prompt was used to generate an
analytical explanation of each topic identified by
the topic modeling procedure. The model was
instructed to describe only those promotional or
strategic activities that are explicitly supported by
the provided topic representation and representa-
tive document excerpt.

"role”: "system",

"content”: "You are analyzing the output of
a topic modeling system

for a research project on industry
promotional strategies.

Your task is to identify and explain any
promotional or strategic

activities that are explicitly described or
strongly evidenced

in the provided keywords (Representation)
and representative document excerpt.

Focus strictly on strategies, actions, or
coordinated efforts that are

clearly supported by the text. Do NOT infer
hidden motives or intentions.

Only describe strategic elements that can be
directly traced to

specific wording or content in the document.

Requirements:

- Write in clear, analytical language.

- Limit the response to 3-5 sentences.

- Do not list the keywords.

- Do not copy phrases verbatim from the
document.

- Identify relevant actors (e.g., companies,
clinicians, regulators, payers).

- Describe concrete strategic actions only
if explicitly mentioned.

- Frame these actions as observable industry
strategies without speculation.

- If no clear strategic element is present,
state that the material is primarily
descriptive.

- Ensure that every claim is directly
traceable to the provided text.”

"role”: "user”,
"content”: "
Representation:
{representation}

Representative_Doc:
{representative_docs}

"
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Abstract

Large-scale ASR systems such as Whisper
achieve competitive aggregate Word Error Rate
(WER) on multilingual benchmarks, but this ag-
gregate conceals systematic disparities across
speaker populations. We evaluate Whisper
large-v3 on 276 recordings from the Corpus
Oral y Sonoro del Espaiiol Rural (COSER), a
dialectological archive of elderly rural speak-
ers across all Spanish provinces. WER is
computed separately for Informants and Inter-
viewers within each recording, revealing that
mixed-role evaluation underestimates Infor-
mant WER in the majority of provinces, with
the largest corrections in southern areas. Neg-
ative Binomial regression with cluster-robust
standard errors shows that Andalusia and Ex-
tremadura generate significantly more Infor-
mant errors than the Castilian heartland (An-
dalusia IRR=1.20, p < 0.001; Extremadura
IRR =1.24, p = 0.020), while no geographic
predictor reaches significance for Interview-
ers sharing the same recording environment.
Male Informants generate 12.5% more er-
rors than females after geographic adjustment
(p < 0.001), consistent with differential ver-
nacular retention in traditional rural communi-
ties. The geographic pattern aligns with estab-
lished dialectological classifications of Peninsu-
lar Spanish. These results demonstrate that role-
disaggregated evaluation is a necessary method-
ological prerequisite for fairness audits of ASR
systems applied to sociolinguistically diverse
corpora: aggregate benchmarks systematically
suppress disparities that are borne dispropor-
tionately by the most underrepresented speaker
populations, and their use in isolation consti-
tutes both an allocative harm and a measure-
ment failure.

1 Introduction

The adoption of large-scale ASR systems such as
Whisper (Radford et al., 2023) for transcription of
spoken-language archives has grown rapidly, yet

aggregate performance figures carry an implicit
assumption of demographic neutrality that does
not survive empirical scrutiny. Word Error Rate
(WER)—the proportion of reference words incor-
rectly transcribed, computed as the minimum edit
distance between hypothesis and reference divided
by total reference words—is the dominant evalua-
tion metric for ASR, but its aggregate form masks
population-level disparities. Systematic dispari-
ties have been documented across racial groups
in English (Koenecke et al., 2020), across gender
and dialect in automatic captioning (Tatman, 2017),
across stigmatised regional varieties of British En-
glish (Markl, 2022), and at the intersection of non-
standard phonology and gender (Harris et al., 2024).
For elderly speakers, Vipperla et al. (2010) found
WER increases of approximately 10 percentage
points relative to younger adults. For Spanish, and
for non-English languages more broadly, the sys-
tematic study of ASR bias remains sparse (Kan-
tharuban et al., 2023).

The most relevant antecedent is San Martin et al.
(2024), who evaluated Whisper and SeamlessM4T
on the Corpus Oral y Sonoro del Espariol Rural
(COSER; Fernandez-Ordonez 2005), over 1,700
hours of sociolinguistic interviews with elderly ru-
ral residents across all Spanish provinces. Their
principal finding—Whisper large-v3 achieves a
mean WER of 0.292 largely stable across dialect
regions—Ileads them to conclude that the model is
a viable transcription aid for rural corpus work. We
identify two design limitations. First, WER is com-
puted without separating the rural Informant from
the Interviewer; without role-segregated evaluation,
any disparity attributable to rurality is absorbed into
a global average. Second, no multivariate analysis
simultaneously controls for acoustic quality, geog-
raphy, speaker age, and sex.

Our study provides a role-disaggregated evalu-
ation of a large-scale ASR model on COSER. By
computing WER separately for Informants and In-
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terviewers within the same recordings, we isolate
performance differences associated with rural ver-
nacular speech while holding recording conditions
approximately constant. We then analyse these dif-
ferences using a multivariate Negative Binomial
regression that controls jointly for audio quality,
geography, speaker sex, and age, providing the first
geographically disaggregated account of ASR per-
formance disparity in European rural Spanish.!

2 Background

2.1 The COSER

The Corpus Oral y Sonoro del Espariol Rural
(COSER; Fernandez-Ordoénez, 2005; Fernandez-
Ordéiiez and Pato, 2020) comprises 1,947 hours
of semi-directed sociolinguistic interviews cov-
ering 1,325 rural localities across all 52 Span-
ish provinces, with 2,574 registered Informants
(mean age: 73; 52.4% female). Participants are el-
derly residents of low formal education who were
born and have lived continuously in small rural
communities—the sociolinguistic profile plausibly
absent from the urban, broadcast, and web-sourced
data that dominate ASR training corpora. Infor-
mants account for approximately 81.8% of total
speaking time (SD =7.56; San Martin et al., 2024).
The Interviewer, generally younger and educated,
speaks a variety close to the spoken standard that
grounds Whisper’s language model.

Transcriptions follow a semi-conventional or-
thographic norm (Ferndndez-Ordoéiiez and Pato,
2020) that encodes surface-level phonological re-
duction and morphological dialectal variants in
surface-faithful orthography, but normalises the
most salient phonetic features of southern varieties
to standard orthography. This norm produces two
competing and partially opposing effects on WER
measurement.

Mechanism 1: WER inflation from encoded di-
alectal forms. Segment deletions and morpho-
logical variants are transcribed as produced: forms
such as comprao (standard: comprado), pa (stan-
dard: para), na (standard: nada), td (standard: estd),
and to (standard: todo) appear as reference tokens.
Morphological variants—marcharsen, traiba, tu-
viendo—are preserved verbatim. Whisper, whose
language model is grounded in standard written
Spanish, systematically restores these forms to

'Scripts, per-speaker WER tables, and model code: https:
//github.com/johnatanebonilla/socio-asr-bias/.

their standard equivalents: it hypothesises com-
prado where the reference reads comprao, para
where the reference reads pa. Each such normali-
sation generates a substitution or deletion error in
the WER computation, despite the fact that Whis-
per may have correctly identified the acoustic sig-
nal. The density of these reduced forms is substan-
tially higher in southern and rural speech—where
syllable-final consonant deletion and intervocalic
/-d-/ deletion are most advanced—than in the Castil-
ian heartland, producing a systematic WER gradi-
ent that is partly orthographic in origin rather than
purely acoustic.

Mechanism 2: artificial WER suppression from
normalised forms. Conversely, the most salient
phonological features of southern varieties—seseo
(merger of /s/ and the interdental fricative /0/), ce-
ceo, yeismo (loss of the palatal lateral /4/), and
glotalisation of coda consonants—are explicitly
not transcribed, being normalised to standard or-
thography. The reference always reads caza and
casa with the same sibilant, and pollo regardless of
whether the speaker produces a palatal lateral or a
palatal fricative. When Whisper’s output also de-
faults to standard orthography—whether because it
correctly perceived the acoustic signal or because
its language model overrides a non-standard input—
the two transcriptions agree and no error is regis-
tered, masking what may be a genuine recognition
failure at the acoustic level. The net effect is that
WER underestimates Whisper’s actual difficulty
with southern phonology on normalised features
while overestimating it on the features that COSER
does encode. The WER disparities reported in § 4
therefore represent a conservative lower bound on
the true performance gap for southern varieties.

2.2 Whisper’s Training Distribution

Whisper’s Spanish training data derives from
680,000 hours of weakly supervised web audio
(Radford et al., 2023), filtered by language identifi-
cation but not by speaker demographics. Although
the exact composition is not disclosed, indirect ev-
idence suggests systematic under-representation
of non-standard varieties: Conneau et al. (2022)
showed that multilingual ASR models trained on
web-crawled data consistently underperform on
low-resource language variants relative to high-
resource standard registers; and Pratap et al. (2024)
documented that even Massively Multilingual
Speech models exhibit performance gaps on re-
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Statistic Value
Recordings analysed 276
Provinces covered 50
Total segments (after filtering) 1,321

Informant segments 530

Interviewer segments 791
Informant segments w/ sex metadata 505 (90.0%)
Informant segments w/ age metadata 447 (79.7%)
Informant mean age (COSER) 73 years
Informant % female (COSER) 52.4%
Recording-level mean WER 0.302

Table 1: Summary of the analysed dataset.

gional varieties absent from their training distri-
butions. These findings concern different archi-
tectures (FLEURS, MMS) rather than Whisper di-
rectly, but the shared mechanism—web-crawled
data over-representing standard registers—makes
the inference plausible for Whisper as well. For
Spanish specifically, the bulk of online audio plau-
sibly consists of broadcast media, podcasts, and
video content produced in urban, educated regis-
ters approximating the written norm—precisely
the variety closest to the Interviewer’s speech.
The COSER Informants occupy the opposite pole
of this distribution: elderly, rural, low-education
speakers whose phonological and morphosyntactic
surface forms diverge maximally from the written
standard (§5.2). The performance gap between
Informants and Interviewers, measured within the
same recording environment, operationalises the
distance between Whisper’s training distribution
and the target speech.

3 Methodology

3.1 Data and ASR Model

We use 276 COSER recordings with audio and ver-
ified transcriptions, spanning 50 provinces.” We
evaluate Whisper large-v3 (Radford et al., 2023);
recording-level mean WER is 0.302, closely repli-
cating San Martin et al.’s result (0.292); the 1 pp
difference is attributable to our larger sample (276
vs. 226 recordings), which includes more recently
released files from peripheral and island provinces.

3.2 Speaker Segmentation and WER
Computation

The COSER XML release includes speaker-turn
timestamps, which would in principle allow direct
acoustic segmentation by role: each timestamped

2Downloaded from corpusrural.es, 2025.

interval could be extracted, transcribed indepen-
dently by Whisper, and attributed to the correspond-
ing speaker tag. To assess whether this approach
was viable, we evaluated timestamp reliability by
comparing, for each XML segment, the reference
text falling within the declared boundaries against
the word-level timestamps produced by Whisper’s
own decoder when processing the full recording—
a measure of whether the XML boundary corre-
sponds to the acoustic content Whisper actually
finds there. Levenshtein similarity between the
two text sequences showed substantial and system-
atic inconsistency: even after text normalisation,
only 5,673 of 26,379 segments (21.5%) achieved
a similarity score above 0.9, while over 5,000 seg-
ments fell below 0.5, indicating that the declared
boundaries frequently do not correspond to the ac-
tual acoustic content of the recording at those po-
sitions. Because timestamp-based segmentation
would therefore introduce uncontrolled boundary
errors into the attribution procedure, we discarded
the XML timestamps for acoustic segmentation en-
tirely. Role attribution is instead achieved through
the transcription-level tag system described imme-
diately below, with the full WER computation pro-
cedure detailed in § 3.3.

COSER transcriptions encode speaker role
through a structured tag system at the segment
level. Tags of the form In (I1, I2,...) identify
Informants and map directly to sociodemographic
metadata entries (sex, age, birth year); tags En iden-
tify Interviewers—university-trained fieldworkers
for whom no demographics are recorded. Tags
IEn and IIn mark simultaneous speech involv-
ing at least one Informant and one Interviewer, or
two Informants, respectively. All overlap segments
are excluded from both WER computation and de-
mographic attribution, since overlapping speech
cannot be unambiguously attributed to a single
speaker’s acoustic footprint. Although this strict
filtering reduces the analysed volume, it ensures
that the WER measured for each role reflects ex-
clusively that speaker’s uninterrupted output.

Table 1 summarises the corpus as analysed. Af-
ter filtering, 530 Informant and 791 Interviewer
segments are retained across 276 recordings. The
asymmetry—fewer Informant segments despite In-
formants contributing 81.8% of speaking time—
reflects the interview structure: Informants produce
long, uninterrupted narrative turns while Interview-
ers contribute many short question segments. Sex
metadata is available for 505 segments (90.0%)
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and age for 447 (79.7%); coverage is lower for
higher-numbered Informants (I3-15), who joined
interviews opportunistically, as noted in the table
caption.

3.3 WER Computation and Error Attribution

WER is computed with jiwer following
San Martin et al. (2024): bracketed annotations
are removed, text is lowercased, and punctuation
stripped. Per-speaker attribution traverses the
jiwer.process_words alignment: substitutions
and deletions are attributed to the speaker of the
aligned reference word; insertions to the nearest
preceding reference word. Concretely, Whisper
transcribes the complete audio file as a single
linear text. The full reference word sequence is
constructed by concatenating normalised text from
all non-overlapping segments in order, maintaining
a parallel array of per-word role labels. The
jiwer alignment between Whisper’s output and
the concatenated reference is then traversed word
by word, and each error is assigned to the role
label of the corresponding reference position. This
approach requires that Whisper’s output preserves
the temporal order of speech, which is satisfied by
its autoregressive decoding.

To illustrate, consider a reference sequence of
four words with roles I1: fue, 11: pa, El: para,
I1: comprarlo, against which Whisper hypothe-
sises fue para comprarlo. The alignment produces:
a match on fue, a deletion on pa (charged to I1),
a match on para (E1, no error), and a match on
comprarlo. The single deletion—Whisper’s nor-
malisation of the dialectally reduced form pa to
its standard equivalent—is attributed exclusively
to the Informant counter, not pooled into a global
figure.

All values reported are micro-averages (total er-
rors / total words) unless otherwise noted; this en-
sures that short segments with high WER do not
inflate descriptive statistics relative to the predom-
inant Informant contributions. Because COSER
metadata are not uniformly available for all speak-
ers, sociodemographic analyses are conducted on
the subset of segments with available annotations;
differences in sample size across models therefore
reflect metadata coverage rather than sampling de-
cisions.

3.4 Audio Quality

Three complementary objective metrics charac-
terise acoustic conditions per recording, indepen-

dently of Whisper’s output. SNR (Signal-to-Noise
Ratio, dB) measures the decibel difference between
speech power and background noise power; it is
a low-level signal measure that does not capture
perceptual characteristics such as reverberation or
loudness adequacy. UTMOS (Saeki et al., 2022) is
a neural non-intrusive Mean Opinion Score predic-
tor trained on naturalness judgements from human
listeners (VoiceMOS Challenge 2022); it produces
a scalar quality estimate on a 1-5 scale without
requiring a clean reference signal, making it appli-
cable to field recordings. NISQA-MOS (Mittag
et al., 2021) is a multi-dimensional perceptual qual-
ity model that decomposes overall MOS into four
sub-scores: Noisiness (NOI), Coloration (COL),
Discontinuity (DIS), and Loudness (LOUD), each
on a 1-5 scale.

The choice of quality covariate for multivariate
modelling is determined empirically by Pearson
and Spearman correlations between each metric
and recording-level WER (NN = 276). Contrary to
intuition, raw SNR does not significantly predict
WER (r = —0.081, p = 0.156), while UTMOS
(r = —0.235, p < 0.001) and NISQA-Loudness
(r = —0.233, p < 0.001) do. Noisiness, no-
tably, does not predict WER (p = 0.456). This
pattern indicates that Whisper is not sensitive to
background noise per se but to signal level and per-
ceptual naturalness—a distinction with direct im-
plications for the SNR x dialect interaction reported
in § 4.4. SNR is retained in the multivariate model
given its wider dynamic range (SD = 10.27 dB)
and interpretability. As a robustness check, we re-
estimated all models replacing SNR with UTMOS;
all geographic coefficients retained sign, magni-
tude, and significance, confirming that the choice
of quality covariate does not drive the reported ef-
fects.

3.5 Multivariate Modelling

We model raw error counts using Negative Bino-
mial GLMs (NB2, log link), treating the number
of transcription errors per speaker segment as the
outcome and including log(Nyergs) as an offset to
account for differences in segment length. This
formulation is equivalent to modelling error rate on
the log scale while respecting the count nature of
the data.

Informant predictors entered simultaneously are:

3 Andalusia Informant IRR shifts from 1.201 (SNR model)
to 1.198 (UTMOS model); Sex IRR from 1.125 to 1.122. Full
UTMOS models available in the repository.
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Autonomous Community (16 dummies, Castile and
Leon as reference), centred SNR (continuous), sex
(binary), and age cohort (categorical: 50-70 ref.,
71-85, 86+, residual). Cluster-robust standard er-
rors (sandwich estimator) grouped by recording
(261 clusters) account for within-session correla-
tion among segments from the same file, function-
ally equivalent to random intercepts per recording
without distributional assumptions on the random
effects (Abadie et al., 2022).

Separate but structurally identical models are
estimated for Informants and Interviewers, both
with cluster-robust standard errors. The paral-
lelism of these two models is the central infer-
ential strategy: a geographic coefficient that is
positive and significant for Informants but absent
for Interviewers—who occupy the same physical
recording environment—is consistent with linguis-
tic variety as the primary source rather than record-
ing conditions. Coefficients are reported as inci-
dence rate ratios (IRR = ¢”) with 95% confidence
intervals and both standard and cluster-robust p-
values.

4 Results

Global micro-averaged WER is 0.309 for Infor-
mants and 0.294 for Interviewers—a 1.5 pp gap
that appears modest in aggregate but conceals pro-
nounced geographic and sociodemographic struc-
ture, as the following subsections demonstrate.

4.1 Province-Level Geographic Distribution

Figure 1 presents Informant and Interviewer WER
across all 50 provinces. Table 2 reports the 10
highest and 5 lowest Informant WER provinces.
The nine highest-WER provinces with posi-
tive Informant—Interviewer gaps are all southern
(Andalusian: Almeria, Sevilla, Cadiz, Malaga,
Cérdoba), western peripheral (Galician: Orense,
Lugo), or Extremaduran (Céceres). The excep-
tion is Soria, a northern province with small sam-
ple size. Albacete shows equally high Interviewer
WER, suggesting shared acoustic difficulty rather
than a linguistic effect. Orense shows an exception-
ally high Interviewer WER (0.384), nearly match-
ing its Informant WER, which may reflect shared
recording-quality issues in the Galician sessions
rather than a purely linguistic effect. The five
lowest-WER provinces—all northern—show in-
verted gaps where Interviewers produce higher
WER than Informants, consistent with rural va-

Province Inf. Int. Gap N
Almeria 418 295 +.123 4
Orense 415 384 +.032 5
Sevilla 409 315 4.095 4
Cadiz 407 278 +.129 5
Mailaga 401 295 4106 4
Lugo 382 255 +.127 4
Albacete 381 392 —-011 4
Caceres 380 359 4+.022 5
Cérdoba 372 290 +4.082 5
Soria 371 331 4+.040 5
Alava 236 276 —.040 6
Gerona 231 233 —.002 6
Segovia 227 279 —-.052 6
Valladolid .223 .300 -—-.077 7
Vizcaya 201 282 —.082 7

Table 2: Provinces with the 10 highest and 5 lowest
Informant micro-WER. Gap = Inf. — Int. Of the 50
provinces, 14 show gap > 4-0.05 (all southern or west-
ern); 8 show gap < —0.05 (all northern). Provincial
estimates with N = 4 should be interpreted with cau-
tion given the small number of recordings.

rieties close to the Castilian standard.

4.2 Autonomous Community Aggregation

Table 3 and Figure 2 aggregate the provincial data
to the 17 Autonomous Communities (Comunidades
Autonomas), which serve as geographic predictors
in the multivariate model.

Interviewer WER does not track the Informant
gradient. Andalusia, the community with the
largest sample (/N = 38), shows Informant WER of
0.370 against Interviewer WER of 0.298—a gap of
+0.072. Murcia (0.367 vs. 0.292, gap +0.075) and
Extremadura (0.355 vs. 0.318, gap +0.037) follow
the same pattern. Galicia shows a similar pattern
(0.340 vs. 0.303, gap +0.038). Cantabria shows a
large gap (+0.072) but with only N = 6 record-
ings. Castile and Le6n (0.285), Navarre (0.258),
and Basque Country (0.255) show inverted or near-
zero gaps. In Castile and Ledn the Interviewer
WER (0.292) actually exceeds the Informant WER
(0.285). The Canary Islands represent an inter-
esting case: Informant WER (0.311) is elevated
relative to the best WER peninsular communities
but the gap (40.064) is moderate, a pattern we
discuss in § 5.2. Madrid (N = 4) and La Rioja
(N = 5) show extreme inversions driven by short
recording samples and should not be interpreted in-
ferentially; note that Murcia (/N = 5) similarly has
a small sample, and its high IRR in the regression
model should be interpreted with corresponding
caution. Because both speakers share the same
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Figure 1: Province-level Informant (left) and Interviewer (right) micro-WER.
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Figure 2: Autonomous Community-level Informant (left) and Interviewer (right) micro-WER.

recording environment within each recording, the
systematic dissociation between the Informant gra-
dient and the flat Interviewer pattern is consistent
with linguistic variety as the primary source of the
disparity.

4.3 Sociodemographic Effects

Among 505 Informant segments with sex meta-
data, males show consistently higher WER than
females. The male micro-average is 0.320 ver-
sus 0.299 for females—a 2.1 percentage point gap.
The difference is statistically significant (Mann-
Whitney U = 36,266, p = 0.003, rank-biserial
r = 0.12). The rank-biserial indicates a small ef-
fect size; the amplification to IRR=1.125 (12.5%)
in the multivariate model reflects the redistribution
of variance after geographic adjustment.

Among the 447 Informant segments with age
metadata, 422 correspond to speakers aged 50

or above. Three cohorts were defined: 50-70
(n = 139), 71-85 (n = 237), and 86+ (n = 46).
No significant age difference emerges (Kruskal-
Wallis H = 1.37, p = 0.503; means 0.310, 0.311,
0.303). The male—female gap is stable across all
three cohorts at approximately +0.02, indicating
that sex and age are orthogonal predictors in this
population.

4.4 Multivariate Analysis

Table 4 reports the Negative Binomial GLM with
both standard and cluster-robust p-values.

The Informant model reveals two robustly sig-
nificant communities. Andalusia generates 20.1%
more errors than Castile and Le6n (IRR = 1.201,
Pelust < 0.001), and Extremadura generates 24.0%
more errors (IRR = 1.240, pcuse = 0.020). Galicia
(IRR = 1.199, pest = 0.117) and Murcia (IRR
= 1.294, pest = 0.123) show consistent positive
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Aut. Community Inf. Int. Gap N
Andalusia 370 298 +.072 38
Murcia 367 292 +.075 5
Extremadura 355 318 +.037 10
Galicia 340 303 +.038 20
Castile-La Mancha .314 .319 —.005 27

Canary Islands 311 246 +.064 11

Aragon 307 298 +.009 18
Cantabria 303 231 +.072 6
Castile & Ledn 285 .292 —.007 55
Valencian C. 284 307 —.022 16
Madrid 282 404 —.122 4
Asturias 273 232 +.041 7
Catalonia 272 272 .000 22
Navarre 258 290 —.032 7
Basque Country 255 281 —.026 20
La Rioja 253 373 —.120 5
Balearic Isl. 251 .304 —.054 5
Global 309 .294 +.015 276

Table 3: Micro-WER by Autonomous Community.

effects of similar magnitude that do not survive
the more conservative cluster correction, likely re-
flecting the limited number of recording clusters
in those communities (N = 20 and N = 5 respec-
tively).

No geographic predictor is positive and signif-
icant in the Interviewer model: the largest Inter-
viewer IRR is Extremadura (1.156), which does
not reach significance (p = 0.133). The two sig-
nificant Interviewer coefficients are both negative—
Cantabria (0.739) and Asturias (0.805)—indicating
that Interviewers in those communities generate
fewer errors than the Castile and Ledn reference.

Male Informants generate 12.5% more errors
than females (IRR = 1.125, pquse < 0.001), a
robust effect that survives all geographic specifica-
tions. Neither age cohort reaches significance (71—
85: IRR = 0.971, p = 0.488; 86+: IRR = 0.961,
p = 0.573), confirming the bivariate null result.
SNR is significant for Informants (pcjyst = 0.011)
but not for Interviewers (p = 0.718), indicating
that audio quality affects recognition of vernacular
speech more than standard speech.

The pseudo-R? values (Informant: 0.048, Inter-
viewer: 0.013) indicate that geography, audio qual-
ity, sex, and age together explain a modest share of
total WER variance; unmeasured variables such as
speech rate, lexical density, and individual articu-
latory characteristics likely account for a substan-
tial portion of the remaining variance. Neverthe-
less, the 3.6 ratio between models confirms that
the measured predictors structure Informant per-
formance far more than Interviewer performance—

IRR 95% CI Dstd

Informant model (N=>530 segments, 261 clusters)

Pelust

Andalusia 1.201 [1.07,1.35] .002 .0004%:*
Extremadura 1.240 [1.04,1.48] .019 .020*
Galicia 1.199 [1.05,1.37] .009 117
Murcia 1.294 [1.01,1.66] .041 123
Canary Isl. 1.087 [0.90,1.31] .373 414
SNR (/dB) 0.995 [0.99,1.00] .005 011*
Sex (male) 1.125 [1.05,1.20] .001 .0005%:*
Age 71-85 0.971 [0.90, 1.05] .468 488
Age 86+ 0.961 [0.84,1.09] .541 573

Interviewer model (N="T791 segments, 261 clusters)

Andalusia 1.022  [0.92,1.13] .677 702
Extremadura 1.156 [0.96,1.40] .133 158
Galicia 1.080 [0.95,1.23] .250 289
Murcia 1.001 [0.81,1.23] .995 .996
SNR (/dB) 1.001 [1.00,1.00] .718 134

a: Inf. 0.133, Int. 0.149. Pseudo R?: Inf. 0.048,
Int. 0.013 (3.6 x). Ref.: Castile and Leén (geog.),
50-70 (age).

11 remaining CCAA non-significant (peust >
0.05) in both. Interviewer significant: Cantabria
0.739 (p=.009), Asturias 0.805 (p=.037)—Dboth
negative.

*#*Ep < 0.001; *p < 0.05. Cluster-robust SEs
in both models: sandwich estimator grouped by
recording (261 clusters).

Table 4: Negative Binomial GLM results for the Infor-
mant (top) and Interviewer (bottom) models.

precisely the asymmetry predicted by a linguistic
account of the disparity.

5 Discussion

5.1 The Geographic Disparity is Linguistic

The within-recording Informant/Interviewer con-
trast is the core empirical contribution of this study.
Two speakers sharing the same recording environ-
ment produce divergent WER values that track
geography systematically. This within-recording
contrast substantially reduces the plausibility of
acoustic quality as the primary explanation for the
geographic gradient, although we note that micro-
phone distance and angle may vary between speak-
ers within a session (§ 6).

The finding extends San Martin et al. (2024),
who documented geographic variation in overall
WER but could not isolate its source because their
evaluation conflated Informant and Interviewer
speech. Our role-disaggregated analysis reveals
that the geographic gradient is entirely concen-
trated in the Informant channel: the Interviewer
channel is geographically flat. The pseudo-R? ratio
(3.6 x for Informants vs. Interviewers) quantifies
this asymmetry.
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This pattern converges with findings across ty-
pologically distinct contexts. Koenecke et al.
(2020) showed roughly double the error rate for
African American English relative to white Ameri-
can English across five commercial ASR systems,
attributing the gap to training-data composition.
Markl (2022) extended this analysis to stigmatised
British English varieties, arguing that performance
gaps constitute both allocative and representational
harms: speakers of non-standard varieties receive
worse service from ASR and are implicitly posi-
tioned as deviations from a norm. Harris et al.
(2024) showed that the interaction of gender and
dialect is the primary driver of ASR error in non-
standard American English. Our contribution ex-
tends this framework to a Romance language con-
text where the relevant axis is not race but the rural—
urban, vernacular—standard continuum structuring
Peninsular Spanish dialectology.

5.2 Alignment with Peninsular Spanish
Dialectology

The communities and provinces with the highest
Informant WER correspond to what established di-
alectological frameworks identify as the varieties
most distant from the Castilian standard. We briefly
describe the two classifications used and report
auxiliary Negative Binomial models that replace
the CCAA dummies with these classifications (Ta-
ble 5).

Garcia Mouton (1994) organises Peninsular
Spanish along a phonetic axis, distinguishing a
conservative Northern area characterised by main-
tenance of the distincion (contrast between alveolar
/s/ and interdental fricative) and strong articulation
of coda consonants, from an innovative Southern
area—encompassing Andalusia, Canary Islands,
Murcia, Extremadura, and the Valencian and Al-
bacete transition zones—where three convergent
phonological changes produce surface forms max-
imally distant from orthographic norms: yeismo
(loss of the palatal lateral), deletion of intervocalic
/-d-/, and the progressive assimilation, neutralisa-
tion, and loss of coronal consonants in syllable
coda. As Garcia Mouton notes, the epicentre of
these changes is western Andalusia, from which
they radiate in successive stages northward and to
the Canary Islands.

Ferndndez-Ordéiiez (2016) departs from pho-
netic criteria by grounding the classification in
grammatical evidence from the ALPI and the
COSER itself. Her division identifies a West-

Group Inf. Int. IRR
Garcia Mouton (phonetic)
Inf. Northern 290 .290 ref.
Southern 340 301 1.131%%**
Int. Northern — .290 ref.
Southern — 301 1.026™*

Ferndndez-Ordoriez (morphosyntactic)

Inf. North-Central .296 .299 ref.
Western 330 299  1.169%*
Southern 346 289 1.108*
Eastern 277 290 0.974™

Int. North-Central — .299 ref.
Western — 299  1.071™*
Southern — 289 0.981™*
Eastern — 290 1.027**

Table 5: Auxiliary NB GLMs with dialectological
classifications. Micro-WER (Inf./Int.) and Infor-
mant/Interviewer IRRs. All Informant models include
SNR, sex, and age. ***p < 0.001; **p < 0.01;
*p < 0.05; n.s. not significant.

ern area (Cantabria, both Castiles, Asturias, and
Galician-Portuguese contact provinces) defined by
the mass/count pronominal system (neutro de ma-
teria), leismo, laismo, and loismo; an Eastern
area characterised by inflected infinitives (-sen)
and subjunctive-to-conditional displacement; and a
Southern area where the etymological pronominal
system predominates. The Western area—shaped
by contact with Galician-Portuguese—cuts across
the phonological north—south divide, capturing a
morphosyntactic dimension that purely phonetic
classifications miss.

Under Garcia Mouton, Southern Informants gen-
erate 13.1% more errors than Northern Informants
(IRR = 1.131, p < 0.001); the Interviewer con-
trast is 2.6% and non-significant (p = 0.435). Un-
der Fernandez-Ordéiiez, both the Southern (IRR
= 1.108, p = 0.029) and the Western area (IRR
= 1.169, p = 0.002) show significant Informant
effects.

A notable exception is the Canary Islands (In-
formant WER = 0.311, IRR = 1.087, pcyst =
0.414), classified as Southern yet showing no sig-
nificant disparity. Canarian Spanish occupies a
well-documented position as an interdialect be-
tween Peninsular and Latin American varieties
(Garcia Mouton, 1994): it shares with Caribbean
Spanish generalised seseo and /-s/ aspiration—
features plausibly well represented in Whisper’s
web-sourced training data given the large volume
of Latin American audio online. This hypothesis—
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that Canarian speech enjoys proximity to Whisper’s
training distribution that mainland Southern vari-
eties do not share—is consistent with the observed
pattern but remains speculative without access to
the training composition.

5.3 The Sex Effect

The male—female disparity is robust across all
specifications (Mann-Whitney p = 0.003; NB
Petust < 0.001 in the CCAA model; p = 0.001 un-
der both Garcia Mouton and Fernandez-Ordéiiez).
Male Informants generate 12—-13% more errors
after geographic, acoustic, and age adjustment.
The direction reverses the English pattern (Tatman,
2017; Feng et al., 2024)—a difference explained
by the operative axis of variation. In English audits,
the disparity is attributed to over-representation of
male broadcast speech; in rural Spanish, the oper-
ative axis is variety proximity to the standard. In
traditional rural communities, women adopt pres-
tige phonological features at higher rates while men
retain local vernacular phonology (Labov, 2001),
producing speech further from Whisper’s standard-
oriented language model. This is consistent with
Harris et al. (2024), who show that the gender—
dialect interaction is the primary driver of ASR
error in non-standard American English. We ac-
knowledge that this interpretation is post-hoc: the
same WER difference could partially reflect sex-
linked differences in speech rate or articulatory pre-
cision, and direct evidence of the mediating mech-
anism (differential adoption of prestige features)
would require a phonological error analysis that the
current design does not provide.

6 Conclusions

This study demonstrates that aggregate WER
conceals systematic sociolinguistic disparities in
Whisper’s performance on rural Spanish. Role-
segregated evaluation reveals that mixed-role
benchmarks underestimate the Informant WER in
the majority of provinces, with the largest correc-
tions in southern communities where dialectal di-
vergence from the standard is greatest. Negative
Binomial regression with cluster-robust standard
errors identifies Andalusia and Extremadura as ro-
bustly generating 20—24% more Informant errors
than the Castilian heartland, while no geographic
predictor reaches significance for Interviewers shar-
ing the same recording environment. Male Infor-
mants generate 12.5% more errors than females—a

pattern consistent with differential vernacular re-
tention and opposite to English audits. The dispar-
ity aligns with established dialectological classifi-
cations: both Garcia Mouton’s phonetic axis and
Ferndndez-Ordéiiez’s morphosyntactic framework
predict the geographic gradient, with the latter re-
vealing a Western (Galician-Portuguese contact)
effect invisible to administrative boundaries.

Limitations and Future Work

The within-recording design assumes approxi-
mately shared acoustic conditions for Informant
and Interviewer. In practice, microphone distance
and angle may vary: the Informant is typically
seated facing the recorder while the Interviewer
may move, consult notes, or sit at a different dis-
tance. This potential asymmetry cannot be mea-
sured from the audio alone and represents a residual
confound.

Speaker attribution relies on transcription-level
segmentation rather than time-aligned diarisation.
In segments with very high WER—where align-
ment between Whisper’s output and the refer-
ence degrades—error attribution to roles becomes
less precise. This limitation affects Southern In-
formants disproportionately, since they exhibit
the highest WER. Time-aligned diarisation of the
COSER audio would strengthen the attribution pro-
cedure and enable fine-grained acoustic analyses at
the speaker level.

All evaluations use Whisper large-v3; generali-
sation to wav2vec 2.0, MMS, or fine-tuned models
requires further work. Galicia and Murcia show
consistent positive effects that do not survive clus-
ter correction (both p ~ 0.12); for Murcia (N = 5
clusters), the asymptotic properties of the sand-
wich estimator may not hold, and the cluster-robust
p-value should be interpreted cautiously (Abadie
et al., 2022).

Acknowledgments

This research was carried out within the Collab-
orative Research Centre SFB/CRC 1412 Regis-
ter: Language Users’ Knowledge of Situational-
Functional Variation, funded by the Deutsche
Forschungsgemeinschaft (DFG, German Research
Foundation) — Project Number 416591334.

References

Alberto Abadie, Susan Athey, Guido W Imbens, and
Jeffrey M Wooldridge. 2022. When should you ad-

131


https://doi.org/10.1093/qje/qjac038

just standard errors for clustering?*. The Quarterly
Journal of Economics, 138(1):1-35.

Alexis Conneau, Min Ma, Simran Khanuja, Yu Zhang,
Vera Axelrod, Siddharth Dalmia, Jason Riesa, Clara
Rivera, and Ankur Bapna. 2022. Fleurs: Few-shot
learning evaluation of universal representations of
speech. Preprint, arXiv:2205.12446.

Siyuan Feng, Bence Mark Halpern, Olya Kudina, and
Odette Scharenborg. 2024. Towards inclusive au-
tomatic speech recognition. Computer Speech and
Language, 84:101567.

Inés Ferndndez-Ordéiiez. 2005. COSER: Corpus oral y
sonoro del espaiiol rural. Universidad Auténoma de
Madrid.

Inés Ferndndez-Ordéfiez. 2016. Dialectos del espaiiol
peninsular. In Javier Gutiérrez Rexach, editor, En-
ciclopedia lingiiistica hispdnica, volume 2, pages
387-404. Routledge, London and New York.

Inés Ferndndez-Ordéiiez and Enrique Pato. 2020. El
COSER (Corpus Oral y Sonoro del Espaiiol Rural) y
su contribucidn al estudio de la variacién gramatical
del espaiiol. In Angel J. Gallego and Francesc Roca,
editors, Dialectologia digital del espaiiol, number 80
in Verba. Anexo, pages 71-100. Universidade de
Santiago de Compostela, Santiago de Compostela.

Pilar Garcia Mouton. 1994. Lenguas y dialectos de
Espaiia. Arco Libros, Madrid.

Camille Harris, Chijioke Mgbahurike, Neha Kumar, and
Diyi Yang. 2024. Modeling gender and dialect bias
in automatic speech recognition. In Findings of the
Association for Computational Linguistics: EMNLP
2024, pages 15166-15184, Miami, Florida, USA.
Association for Computational Linguistics.

Anjali Kantharuban, Ivan Vuli¢, and Anna Korhonen.
2023. Quantifying the dialect gap and its correlates
across languages. In Findings of the Association
for Computational Linguistics: EMNLP 2023, pages
7226-7245, Singapore. Association for Computa-
tional Linguistics.

Allison Koenecke, Andrew Nam, Emily Lake, Joe
Nudell, Minnie Quartey, Zion Mengesha, Connor
Toups, John R. Rickford, Dan Jurafsky, and Sharad
Goel. 2020. Racial disparities in automated speech
recognition. Proceedings of the National Academy
of Sciences, 117(14):7684-7689.

William Labov. 2001. Principles of Linguistic Change,
Volume 2: Social Factors. Blackwell, Oxford.

Nina Markl. 2022. Language variation and algorith-
mic bias: Understanding algorithmic bias in British
English automatic speech recognition. In Proceed-
ings of the 2022 ACM Conference on Fairness, Ac-
countability, and Transparency, FAccT ’22, pages
521-534, Seoul, Republic of Korea. ACM.

Gabriel Mittag, Babak Naderi, Assmaa Chehadi, and
Sebastian Moller. 2021. NISQA: A deep CNN-Self-
Attention model for multidimensional speech quality
prediction with crowdsourced datasets. In Proceed-
ings of the 22nd Annual Conference of the Interna-
tional Speech Communication Association (INTER-
SPEECH 2021), pages 2127-2131, Brno, Czechia.

Vineel Pratap, Andros Tjandra, Bowen Shi, Paden
Tomasello, Arun Babu, Sayani Kundu, Ali Elkahky,
Zhaoheng Ni, Apoorv Vyas, Maryam Fazel-Zarandi,
Alexei Baevski, Yossi Adi, Xiaohui Zhang, Wei-Ning
Hsu, Alexis Conneau, and Michael Auli. 2024. Scal-
ing speech technology to 1,000+ languages. Journal
of Machine Learning Research, 25(97):1-52.

Alec Radford, Jong Wook Kim, Tao Xu, Greg Brock-
man, Christine McLeavey, and Ilya Sutskever. 2023.
Robust speech recognition via large-scale weak su-
pervision. In Proceedings of the 40th International
Conference on Machine Learning, volume 202 of
Proceedings of Machine Learning Research, pages
28492-28518. PMLR.

Takaaki Saeki, Detai Xin, Wataru Nakata, Tomoki
Koriyama, Shinnosuke Takamichi, and Hiroshi
Saruwatari. 2022. UTMOS: UTokyo-SaruLab Sys-
tem for VoiceMOS Challenge 2022. In Interspeech
2022, pages 4521-4525.

Mirari San Martin, Jonathan Heras, Gadea Mata, and
Sara Gémez. 2024. Is ASR the right tool for the
construction of spoken corpus linguistics in Euro-
pean Spanish? Procesamiento del Lenguaje Natural,
73:165-176.

Rachael Tatman. 2017. Gender and dialect bias in
YouTube’s automatic captions. In Proceedings of the
First ACL Workshop on Ethics in Natural Language
Processing, pages 53—59, Valencia, Spain. Associa-
tion for Computational Linguistics.

Ravichander Vipperla, Steve Renals, and Joe Frankel.
2010. Ageing voices: The effect of changes in voice
parameters on ASR performance. EURASIP J. Audio
Speech Music. Process., 2010.

132


https://doi.org/10.1093/qje/qjac038
https://arxiv.org/abs/2205.12446
https://arxiv.org/abs/2205.12446
https://arxiv.org/abs/2205.12446
https://doi.org/10.1016/j.csl.2023.101567
https://doi.org/10.1016/j.csl.2023.101567
http://www.corpusrural.es/
http://www.corpusrural.es/
https://doi.org/10.18653/v1/2024.findings-emnlp.890
https://doi.org/10.18653/v1/2024.findings-emnlp.890
https://doi.org/10.18653/v1/2023.findings-emnlp.481
https://doi.org/10.18653/v1/2023.findings-emnlp.481
https://doi.org/10.1073/pnas.1915768117
https://doi.org/10.1073/pnas.1915768117
https://doi.org/10.1145/3531146.3533117
https://doi.org/10.1145/3531146.3533117
https://doi.org/10.1145/3531146.3533117
https://doi.org/10.21437/Interspeech.2021-299
https://doi.org/10.21437/Interspeech.2021-299
https://doi.org/10.21437/Interspeech.2021-299
http://jmlr.org/papers/v25/23-1318.html
http://jmlr.org/papers/v25/23-1318.html
https://proceedings.mlr.press/v202/radford23a.html
https://proceedings.mlr.press/v202/radford23a.html
https://doi.org/10.21437/Interspeech.2022-439
https://doi.org/10.21437/Interspeech.2022-439
http://journal.sepln.org/sepln/ojs/ojs/index.php/pln/article/view/6608
http://journal.sepln.org/sepln/ojs/ojs/index.php/pln/article/view/6608
http://journal.sepln.org/sepln/ojs/ojs/index.php/pln/article/view/6608
https://aclanthology.org/W17-1606/
https://aclanthology.org/W17-1606/
https://doi.org/10.1155/2010/525783
https://doi.org/10.1155/2010/525783

Who Speaks for Whom? LLM-Generated Survey Data as a Proxy for
Public Opinion

Radhakrishnan Venkatakrishnan!, Travis Brodbeck!?, Michael D. Young',
'University at Albany, 2Siena University,

Correspondence: rvenkatakrishnan@albany.edu

Abstract

Technological advancements, such as Large
Language Models (LLMs), offer a potential so-
lution to the two-faceted problem facing social
science researchers: rising costs and declining
response rates. The use of artificial personas
is a budding practice, where chatbots are given
the demographic characteristics of the person
they are supposed to role-play as and answer
questions for researchers. Before scholars and
practitioners augment or replace the data cre-
ated by interviewing humans, it is essential to
understand how well models perform in gener-
ating accurate, reliable, and robust data, with
concerns that the training of LLMs results in
a bias towards the norms of WEIRD cultures.
We present a procedure for practitioners to use
to evaluate the quality of their synthetic data
by measuring Intra Class Correlation (ICC),
Earth Mover Distance (EMD), Variance, Hedg-
ing, and demographic drivers of LLM output.
We find that the models may generate plausi-
ble results in the aggregate, but these synthetic
data do not exhibit the depth or nuance of hu-
man respondents. Secondarily, we find that
despite having generated definitive answers on
a ten-point scale, the reasoning provided by
the LLM exhibited varying degrees of hedging
that do not consistently align with the LLM’s
answer. The distortion of the results was not
uniformly distributed; instead, the effects were
more extreme for some demographic groups.
Our findings suggest that the technology gener-
ating synthetic survey data may not be mature
enough to address the increasing challenges
of interviewing humans for public opinion re-
search. Code and data are available in Github.'

1 Introduction

The evolution of LLMs underlying Artificial Intel-
ligence (AI) tools suggests that the technology may
be approaching the limits of the Turing Test (Rein-
bold, 2020; Bhatnagar, 2026), moving from sim-

'rvenka3 1/llm-proxy-public-opinion-surveys

ple imitation to sophisticated impersonation. Re-
searchers face the question of how Al will change
social science research, specifically in how it is
conducted. Recent scholarship indicates that hu-
mans are already struggling to distinguish between
human-authored and LLM-generated text (Kreps
et al., 2022). This blurring of lines presents a fun-
damental challenge for social science researchers:
if general audiences cannot discern the origin of
content - human or Al, researchers may soon face
an increasingly difficult task in distinguishing syn-
thetic and authentic data. Before social science
researchers embark on the utilization of synthetic
or manufactured data, it must be reliably compara-
ble to human responses, and we must understand
how those results are generated.

Research budgets are stretched due to declining
survey response rates (Eggleston, 2024) attributed
to a variety of technological changes, such as the
adoption of answering machines (Oldendick and
Link, 1994), caller ID (Link and Oldendick, 1999),
cell phones (Brick et al., 2007), and call screening
conducted by Al agents on modern smartphones
(Markus, 2025). Technological change is not the
only cause for declining response rates as non-
researchers, such as telemarketers, contributed to
public’s aversion to answering the phone (Link
et al., 2006). These factors combined with the
public’s eroding trust in institutions like pollsters
(Johnson et al., 2024) create an environment where
conducting the “gold standard” of probabilistic tele-
phone research is both more difficult and more ex-
pensive. As researchers moved to online surveys,
they faced challenges in data quality between col-
lection modes (Couper and Miller, 2008), similar to
the differences in data between self-administered
paper interviews and telephone interviews (Van-
nieuwenhuyze et al., 2010). Against the backdrop
of rising costs and the ubiquity of internet access,
non-probability panels and opt-in surveys are more
commonly used for survey experiments and data
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Human responses include only their Final choice, marked on a Likert scale from 1 to 10. LLM responses also

include inference-time tokens called reasoning traces.

collection (Callegaro and DiSogra, 2008). Due
to the costs of probability sampling designs, non-
probability panels are increasingly used, especially
when trying to interview hard-to-reach populations,
often young people, men, and people of color (Py-
rooz et al., 2025).

Just as widespread internet access once made
online and non-probability sampling more com-
mon, the release of ChatGPT 3.5, along with other
similar models, has given researchers the oppor-
tunity to leverage new means to answer questions
in new ways (Hayashi, 2024). This opportunity
puts researchers in a tough position: between the
rock of methodological rigor and the hard place
of rising costs fueled by declining response rates.
Like online surveys, a method for collecting data
more cheaply and quickly is tempting. Given this
temptation, this paper investigates the viability of
using synthetic responses generated by LLMs to
measure public opinion.

Synthetic data are manufactured data designed
to mimic real-world data by using techniques like
deep learning and generative Al (Joshi et al., 2024).
It is also referred to as “silicone samples”, when
tasked to mimic human participants in public opin-
ion surveys (Argyle et al., 2023). Using synthetic
data is appealing for several reasons. Unlike hu-
mans, LLMs are unlikely to suffer from interview
fatigue where interpreting and answering a few
dozen questions weighs on one’s cognitive abil-
ity, potentially biasing future answers in the sur-
vey (Ghafourifard, 2024). Related to fatigue, hu-
mans satisfice by skipping optional questions, say-
ing they don’t know, or providing incomplete an-
swers to finish the interview faster (Krosnick, 1991;
Krosnick et al., 2002). LLMs are programmed to

complete interviews as instructed, whereas humans
may be interrupted, uninterested, skeptical of the
prompts, and decide to terminate mid-interview.
Humans can be difficult to reach at certain times
of day or the week (Weeks et al., 1987), whereas
LLMs can be summoned at any time. With the
exception of computational costs, LLMs do not ask
for financial incentives to participate in research,
providing ample opportunity for experimentation.
Humans can experience difficulty reading or hear-
ing, whereas LLMs are not restricted by the senses.
Humans either decide to participate in an interview
out of their own personal motivations, whether that
is to help the researcher, to advance research, or to
receive an incentive (Hjortskov et al., 2023). LLMs,
on the other hand, are programmed to follow in-
structions and act upon demand.

LLMs exhibit similar problematic behaviors to
humans. As humans will lie, LLMs lie or halluci-
nate the facts (Farquhar et al., 2024). As humans
may experience acquiescence bias, being more
agreeable to minimize conflict (Davis et al., 2019),
LLMs have shown affirmative or positivity bias,
saying yes or agreeing with the human prompting
the tool (Fanous et al., 2025). LLM outputs are
subject to multiple sources of variability: prompt
formulation, chain-of-thought instructions, and in-
ference parameters such as temperature, top_p, and
top_k — all of which control output randomness
and can reduce reliability (Li et al., 2025; Wei et al.,
2022). Similarly to noticing social cues and norms,
LLMs often gravitate to the mean and can show
less variation than would be observed with real
data (Xie and Xie, 2025). Like humans having
blind spots, the training data for underrepresented
groups could bias output and lead to inaccurate syn-
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thetic data that could harm research of marginalized
groups (Foka et al., 2025; Santurkar et al., 2023).
As humans learn throughout the day, obtaining new
information, LLMs gain new information to up-
date their foundational model and training data, or
through fine-tuning and prompting, creating pos-
sible knowledge gaps or incomplete datasets that
result in less accurate output.

Incorporating synthetic samples creates many
opportunities for cost savings and experimentation,
but also introduces significant risks regarding data
quality and representativeness. This paper seeks to
navigate this “new world” of survey methodology,
specifically exploring the rise of using LLMs to
create synthetic or artificial data to measure public
opinion. Looking to elicit values and morals em-
bedded in an LLM to compare against human re-
spondents is an evolving research direction (Pistilli
et al., 2024; Jiang et al., 2024). The World Values
Survey (Haerpfer et al., 2022) collects responses
from human participants worldwide and has been
adapted for LLM evaluation in works such as (Zhao
et al., 2024), which evaluated LLMs on the implicit
and explicit values they express across different
test settings. The OpinionQA dataset captures mis-
alignment in steering LLMs with given persona
on ATP questionnaires. (Santurkar et al., 2023)
While there is growing evidence that LLMs exhibit
WEIRD (Western, Educated, Industrialized, Rich,
and Democratic) alignment (Zhou et al., 2025),
very few works (Santurkar et al., 2023) have looked
into this alignment. Yet the focus of these works
was broad and not solely on American values, de-
spite their centrality to the Western dimension of
WEIRD. Since LLMs tools offer the potential for
richer, conversational data collection, they require
a rigorous framework for measurement and evalu-
ation. For synthetic data to be viable, we must be
able to: (1) Quantify Model Behavior: Develop
metrics to measure the tendency of models to pro-
vide cautious, non-committal answers—and other
stylistic artifacts. (2) Define Appropriateness: Es-
tablish benchmarks for when synthetic data is an
acceptable proxy for human opinion and when it
introduces unacceptable error. (3) Assess Output:
Apply established metrics to ensure the validity
of social science research without compromising
quality.

Ultimately, while LLMs offer innovative paths
for pre-testing and imputing missing data, their role
in representing the collective “voice” of the public
must be scrutinized. We must determine if we are

accurately measuring opinion or simply reflecting a
distorted version of the past. Therefore, before syn-
thetic data can be considered a valid proxy, we must
develop strict frameworks to measure its failures,
focusing on its demographic stereotyping and artifi-
cial confidence. To that end, this research critically
evaluates model behavior through the following
questions

RQI1: To what extent do LLM responses
align with human respondents across demographic
groups?

RQ2: To what extent do demographic variables
influence LLM responses relative to human re-
sponses?

RQ3: How does model selection, scale, prompt-
ing, and reasoning influence LLM performance?

We will analyze LLM responses across different
demographic inputs to identify patterns of stereo-
typing and misrepresentation, establishing when
synthetic data serves as an acceptable proxy for
human opinion and when it does not. By systemati-
cally mapping failure points, we intend to help with
the adoption decision of these tools in survey-based
social science research.

2 Methodology

2.1 Data

To answer these questions, we simulate synthetic re-
sponses for individual human profiles based on the
actual survey. Our source dataset is the American
Values Survey (N = 6,077), comprising 34 ten-
point Likert-scale value statements aggregated into
three subscales: Liberty, Equality, and Progress
(Gibson and Lipinski, 2021). The survey was con-
ducted in 2021 by Sienna University 2 and it is de-
tailed in Appendix §A.1. Among the demographic
information captured, we select 9 demographic
variables (Age, Race, Ethnicity, Gender, Employ-
ment, Education, Political Affiliation, State, and
Voter Registration) for our experiment.

2.2 Models

We evaluate four open-access instruction-tuned
models: Llama-3.1-8B-Instruct, Llama-3.3-70B-
Instruct (Grattafiori et al., 2024), Olmo-3-7B-
Instruct, and Olmo-3.1-32B-Instruct (Olmo et al.,
2025). They were selected to explain two effects:
parameter count (8B/7B vs 32B/70B) to test if
size increases demographic sensitivity, and model

“https://sri.siena.edu/the-american-values-study/
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family (Llama vs Olmo) to assess the generaliza-
tion within open-access US-based models across
architectures. For each human respondent h; in
the dataset, we construct a persona-based system
prompt P(h;) that includes all 9 demographic at-
tributes and generate k = 5 responses using a tem-
perature of 7 = 0.1, which introduces minimal
stochastic variation. Detailed prompt and hyperpa-
rameter settings are provided in the Appendix §A.2.

2.3 Prompts

We experiment with two prompt variants to as-
sess the impact of “chain-of-thought” (CoT), which
prompts the model to think step-by-step (Wei et al.,
2022; Kojima et al., 2023).

Final Choice First (FCF): Prompting the model to
provide a numerical score for each value question
before articulating its reasoning trace.

Reasoning First (RF): Prompting the model to
first generate a detailed reasoning trace before ar-
riving at a numerical score for the value question.
This design allows us to quantify the effects of CoT
and its order on the model’s behavior. The lan-
guage of the two prompts is identical, except for
the order of the reasoning and final choice. The
complete prompt is provided in the appendix Table
4.

2.4 Evaluation

We define three complementary metrics to quantify
the model’s performance in survey simulation.

1. Behavioral Consistency: Using Variance o2

and Intra Class Correlation(ICC), we capture
the consistency of the model’s score across
iterations and for the same demographic pro-
file. We use ICC(1,1) to assess the reliability
of individual iterations and ICC(1,k) to assess
consistency across the full set (Shrout and
Fleiss, 1979).

2. Alignment Quality: We use a combination
of Wasserstein Distance/Earth Mover Dis-
tance (EMD) and Variance ratio to assess
how LLM scores align with human respon-
dents and whether they vary in a similar vein
to the human respondents for a given ques-
tion. Using EMD, we measure the model’s
simulated score distribution against human
ground truth for value constructs, thereby cap-
turing representational distortion, as in (Zhao
et al., 2024). Variance ratio, unlike iteration
variance (captured by ICC), assesses whether

the LLM differentiates between demographic
groups to the extent that human respondents
naturally differ on a value question. Together,
these two measures characterize each ques-
tion along two dimensions: how far the LLM
deviates from human responses (EMD) and
whether it responds to demographic variation
proportionally (variance ratio).

3. Hedging% (H%): Quantifies the model’s
epistemic uncertainty by analyzing the fre-
quency of hedging language in the reasoning
traces for the simulated scores. We quantify
the model’s uncertainty by analyzing the rea-
soning trace. Using a verified lexicon of hedg-
ing markers Lpcqge (€.2., “assume”, “even
though”, “appears to”) from (Islam et al.,
2020), we calculate the Hedging% H% as
the proportion of words that are hedging
words across the k iterations. There are 657
unique hedging markers grouped into three
categories: hedge words, booster words, and
hedging phrases. For this analysis, we group
the three categories into a single category, i.e.,
hedging. Using Spacy’s tokenization, we iden-
tify hedging in the reasoning trace by group-
ing words and phrases.

Together with the three dimensions, we can as-
sess the model’s behavioral rigidity, representa-
tional distortion, and epistemic amplification or
suppression across different demographic profiles.
The first two dimensions (consistency and align-
ment) capture the model’s rigidity, ensuring that
LLMs are sufficiently replicative, and explain rep-
resentational distortion by focusing on the score
distributions and their divergence from human re-
sponses. The third metric (Hedging%) captures the
model’s reasoning uncertainty during generation,
which may reflect its confidence in the assigned
scores and its awareness of potential biases or limi-
tations in its knowledge.

2.5 Regression

Using metrics derived from the evaluations and ad-
ditional targets, we specify LLM score, Absolute
Error (ILLM score - human scorel), Signed Error
(LLM score - human score), and Hedging% as de-
pendent variables in the Ordinary Least Squares
(OLS) regression analysis to identify the demo-
graphic drivers of the above dependent variables.
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Figure 2: Score distribution between 4 LLMs in 2 Prompt Styles (FC and RF) and Human scores with metrics
ICC(1,1), ICC(1,k), Wasserstian distance (EMD) and variance ratio

The regression model is specified as follows:

D
Yig=B0+ Y baXida+ g +€ig
d=1

where Y; 4 is the dependent variable (either LLM
score, Abs. Error, Sign. Error or H%) for respon-
dent 7 and the question g pair. X; 4 represents the
d" demographic feature for the respondent i, b is
the corresponding unstandardized coefficient, oy is
the fixed effect of the value questions and ¢; 4 is the
error term. Categorical variables are encoded using
one-hot encoding. Age and State are aggregated
into groups for reducing dimensionality. Age is
categorized into age_groups (18-29, 30-44, 45-64,
65+), and States are converted into regions (North-
east, Midwest, South, West). We report partial R?
and coefficients (b) to quantify the explained vari-
ance in the outcome attributable to demographics
after accounting for question fixed effects, and to
quantify the magnitude and direction of the effects
of demographic characteristics on the outcome. Ad-
ditionally, we include the LLM’s numeric output
(final_choice) as a predictor of the dependent vari-
able H% to assess whether the model’s language
correlates with its internal certainty. A significant
effect would suggest the LLM’s persona maintains

(D

stylistic consistency with its scores; specifically,
a negative coefficient would indicate the model
hedges less as its assigned scores increase.

3 Results

3.1 Behavioral Rigidity

ICC(1,1), ICC(1,k) that captures the single run
and iterative reliability are shown in the Figure
3. The FCF strategy demonstrates high reliabil-
ity overall. Llama-3.1-8B achieved the highest
consistency, with ICC(1,1) = 0.94 and ICC(1,k)
= 0.99, indicating near-perfect agreement across
runs. Olmo-3-7B and Olmo-3.1-32B also showed
strong reliability (ICC(1,1) = 0.96 and 0.93, respec-
tively). Examining individual dimensions, relia-
bility varied considerably. For the Liberty dimen-
sion, Llama-3.1-8B showed very low reliability
(ICC(1,1) = 0.03). For the Equality dimension,
most models performed well, with Llama-3.3-70B
reaching ICC(1,1) = 0.96. The Progress dimension
was more variable: Llama-3.3-70B yielded a near-
zero ICC(1,1), indicating no reliable agreement,
while Olmo-3-7B and Olmo-3.1-32B maintained
good reliability (ICC(1,1) of 0.88 and 0.85, respec-
tively). Under the RF strategy, overall reliability
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was generally lower than in the FCF condition.
Dimension-level patterns echoed those observed
in the FCF condition. Overall, results indicate that
the FCF prompting strategy yields higher inter-rater
reliability than the RF strategy across models and
dimensions. Larger models (Llama-3.3-70B, Olmo-
3.1-32B) tend to produce more consistent scores
regardless of strategy.

EMD, and variance ratio for each model, prompt
style, and value dimension are shown in Figure
2. The prompt style affects the LLama and Olmo
models differently. With FCF Llama-3.1-8B and
Llama-3.3-70B has the highest EMD of 1.12 and
1.04. In contrast, Olmo-3.1-32B (EMD = 1.01) and
Olmo-3-7B (EMD = 0.0.92) showed considerably
lower overall deviation. With RF, the pattern is par-
tially reversed. Llama-3.3-70B showed a marked
30% reduction in overall EMD (EMD = 0.72) com-
pared to its FCF value. The Olmo models, however,
increased with RF: Olmo-3-7B (EMD = 1.18) and
Olmo-3.1-32B (EMD = 1.03) both rose substan-
tially from their FCF values. For a breakdown by
model family, construct, and prompt style, refer to
the Appendix Tables 6 to 10.

Final Choice

pame? 188

8 18 8
I Qo Qo3>

Dimension 1 Metric type

== Overall Liberty ~WWM Equality WEE Progress MM ICC(1,1) 1CC(1,k) gain

Figure 3: ICC(1,1) and ICC(1,k) where k=5 showing
the overall and invidual dimension reliability

3.2 Regression

The regression analysis in Table 1 reveals that de-
mographic variables explain LLM score outcomes
at an average of 68% (range: 38%-91% across
models and prompt combinations), compared to
just 9% for human responses. For the outcome
H%, demographic variables explain on average
71% of the variation (range: 48%—89%). Absolute
Error (15%) and Signed Error (21%) are more mod-
estly explained by demographics alone. Across all
models and prompt styles, predictors that appear in
the top 20 in at least 6 out of 8 models and prompt
combinations are included in 1. Political affiliation

emerged as a consistent and substantively mean-
ingful predictor across all four outcomes. Com-
pared to Democrats, Republicans received lower
LLM Scores, higher Hedge%, and greater Abs. Er-
ror, suggesting that LLMs assign less favorable
scores, hedge more frequently, and deviate more
from human scores when evaluating for a repub-
lican persona. Being a registered voter was asso-
ciated with higher LLM Scores (5 = .23, 100%),
lower Hedge%, and lower Abs. Error (8 = —.13,
100%). Employment status showed consistent ef-
fects. Unemployed respondents received substan-
tially lower LLM Scores (6 = —.24, 100%), higher
Hedge%, and greater Abs. Error (8 = .14, 100%).
Part-time employed respondents similarly received
lower LLM Scores. Education effects were no-
tably uneven. Notably, respondents with only a
grade-school education exhibited the largest co-
efficient Abs. Error and Sign. Error (8 = .45,
100%;5 = .31, 100%), despite not appearing to
be consistent predictors of LLM Score or Hedge%.
High-school educated demographic received lower
LLM Scores and greater Absolute Error, but neg-
ative Signed Error (6 = —.22, 100%), indicat-
ing systematic underestimation relative to human
scores. Non-binary respondents showed substan-
tially higher Abs. Error and Sign. Error (8 = .26,
100%;5 = .33, 100%), suggesting more distribu-
tional deviation in model responses, while trans-
gender respondents were associated with notably
over estimation in Sign. Error (8 = .53, 100%)
and lower Hedge% (8 = —.16, 100%). Com-
pared to the reference youngest age group (18-29),
older respondents (30-44, 45-64, 65+) received
lower Sign. Error scores indicating under esti-

mation (8 = —.34, 100%; 8 = —.43, 100%;
8 = —.57, 100%). Age was not a consistent pre-
dictor of Hedge%.

4 Discussion

4.1 Demographic Influence on Model Size and
Prompt Style

Model size and prompt style interact — larger mod-
els (Llama-3.3-70B, OLMo variants) achieve good
reliability (ICC(1,1) and ICC(1,k)) under FCEF, but
only larger models maintain acceptable reliability
under RF. Llama-3.1-8B fails the reliability thresh-
old under RF on most dimensions and should be
treated as unsuitable for consistent scoring regard-
less of prompt style. Both OLMo-3-7B and OLMo-
3.1-32B sit above 0.75 on most dimensions under
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Table 1: Consistent significant demographic predictors
of LLM response outcomes and their average coefficients

Predictor LLM Score Abs. Error Sign. Error Hedge %
R [min,max] .68 [.38,.91] 15[.04,.22] .21[.06,.33] .71 [.48,.89]
Political affiliation (ref: Democrat)

Republican —.12% (88%) .13™ (100%) .01* (100%) .01* (100%)
Independent —.08* (100%) .09™ (100%) — .05™ (75%)
Other —.10%* (100%) .22* (100%) .13™ (88%) —
Voter registration

Registered (Yes)  .23* (100%) —.13* (100%) — —.04* (88%)
Employment (ref: Full-time)

Unemployed —.24% (100%) .14 (100%) — .05™ (75%)
Part-time —.11%* (100%) — — .03™ (100%)
Other — — — —
Education (ref: Bachelor’s)

Grade school — .45™ (100%) .31 (88%) —
High school —.00% (88%) .12* (100%) —.22* (100%) .01* (75%)
Some coll/trade — .06™ (88%) —.15% (100%) .04™ (100%)
Graduate/Prof. .07* (100%) — — .03* (88%)
Race (ref: Other/non-listed)

‘White/Cauc. .08 (88%) — — .07* (88%)
Asian L01* (88%) — 26% (100%) .06 (75%)
Native American —.09™ (88%) .22™ (100%) — —
Black/Afr. Amer. — — .20 (100%) —

Age group (ref: 18-29)

3044 years — —.06™* (88%) —.34™ (100%) —
45-64 years —.01% (100%) —.12* (100%) —.43™ (100%) —

65+ years —.01% (100%) —.16™ (100%) —.57* (100%) —
Gender (ref: Female)

Male —.01* (88%) — — .01* (88%)
Non-binary — .26™ (100%) .33* (715%) —
Transgender — — .53% (100%) —.16™* (100%)

Hispanic ethnicity

Hispanic (Yes) — — —.14% (100%) —.04* (75%)

p<.00l. p<.0L
indicates occurance of the predictor in top 20 significant predictor for the 8 cases (4
Models and 2 Prompt types).

" not in top 20 in <75% or 6 out of the 8 cases.

Positive coefficients, Negative coefficients

(%)

FCF, and largely above 0.75 on Overall under RF
2. They’re the most reliable scorers across both
prompt styles.

Forcing the model to generate a “Chain of
Thought” introduces additional context beyond the
direct lookup of stereotypes and lowers the artifi-
cially high R?. However, even with context, the
LLM R? remains roughly 7x higher than the hu-
man baseline (See Appendix Table 2), indicating
the bias is deep-seated.

LLaMA models exhibit a clear scaling effect,
with the larger 70B model showing lower R? val-
ues than the smaller 8B model across both prompt
styles, suggesting that larger models allow for
greater response variance. The smaller OLMo
7B shows an extremely high R? (0.86-0.96), in-
dicating responses are almost entirely driven by
demographic inputs. While the larger OLMo 32B
reduces this determinism under the FCF prompt
style, it does not do so consistently under the
RF prompt, suggesting that chain-of-thought style
prompting may lead models to construct explicit
demographic rationales, reinforcing rather than
moderating stereotype-driven responses. Taken to-
gether, these patterns suggest that LLMs broadly
simulate demographic archetypes rather than in-
dividual variation, with model size offering only
partial mitigation. This tendency is most pro-

nounced for specific constructs: for the Liberty
scale, LLaMA-3.1-8B reached an R? of 0.96 (Re-
fer Appendix Table 2), indicating that for ques-
tions involving freedom and government constraint,
smaller models collapse almost entirely into stereo-
typical responses, leaving virtually no room for
within-group variance.

4.2 Dimension effect

Liberty emerged as the most divergent dimension
between human respondents and LL.Ms, with EMD
values peaking at 1.17 and the highest variance ra-
tio of 1.67 (Figure 2). Equality generally yielded
the lowest EMD values (0.89) and variance ratio
(0.96), particularly for larger models within the
same family. Progress showed intermediate EMD
(1.02) and variance ratio (1.05), though notable
spikes were observed for Llama-3.1-8B (EMD =
1.30 under RF), suggesting that reasoning strate-
gies do not uniformly reduce distributional bias and
may amplify it for certain model-dimension com-
binations. While Llama-3.3-70B demonstrated the
highest overall alignment under RF (EMD = 0.72),
models such as Olmo-3.1-32B showed that reason-
ing can exacerbate divergence in specific dimen-
sions, particularly Liberty and Progress. The lack
of inferential variation across dimensions raises
concerns about adopting a single model family or
prompt style with confidence.

4.3 Hedging

Hedging is a known LLM tendency to avoid com-
mitment, which would naturally distort survey sim-
ulation. The variation in hedging across demo-
graphics was an unexpected result, yet has sem-
blance to the findings from (Santurkar et al., 2023).
The bias was most pronounced across a few demo-
graphics and select questions. Whenever the model
is prompted with “Non-binary” or “Transgender,” it
immediately enters a “Safety Mode” characterized
by high hedging. This is evident from the strong
negative coefficients for these predictors in the
hedging regression. This could be due to the post-
training safety fine-tuning that penalizes the model
for making strong statements about marginalized
identities, leading to a default response of hedg-
ing when these identities are present in the input.
This could highlight the cautionary process, which
differs from typical model behavior arising from
under-representation in the training data or confu-
sion about the topic. Instead, it reflects a deviant
behavior often associated with sensitive topics in
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fairness and safety research. The model’s response
is not necessarily driven by confusion about the
topic itself, but rather by a learned behavior to
avoid making definitive statements about certain
identities, which results in increased hedging. The
quality of synthetic data is distorted when LLM
output is influenced by functions such as “Safety
Mode”.

Liberty Equality Progress

o
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Figure 4: Hedging predictors by demographics. Includ-
ing significant (p<0.05) predictors excluding states.

4.4 Demographic Caricature

LLMs act as mean-finders, generalizing toward the
average member of the population. Our results
from Table 1 suggest the WEIRD claim is only
partially justified for educated individuals . Sim-
ilar to (Santurkar et al., 2023), the response cari-
catures are aligned well with liberal and educated.
Additionally, the LLM does not follow the edges
of opinion but consistently seeks the center. De-
spite the inclusion of demographic context in the
artificial persona, LLMs remain fixated on certain
perceived monoliths (Unemployed, Grade School,
Non-binary, and Transgender). The models mostly
ignore the other demographic traits that make up
the intersectionality of the individual, thereby re-
stricting potential variation in synthetic output.
The results suggest that the LLM treats “Regis-
tered Voter” as a proxy for “Good/High Value Citi-
zen,” mechanically boosting the scores across the
board. LLMs underweight the environmental and
longitudinal factors like geography and age, opt-
ing instead to amplify “identity signals” like voter
registration or employment status that align with
the most frequent and often most biased patterns
in their training sets. Individual constructs show

pronounced stereotypes. Regarding the Progress
construct, the demographic indicator educ_Grade
school emerges as a substantial negative driver (co-
efficients ranging from -0.43 to -0.50). The model
appears to use “low education” as a heuristic, ef-
fectively decreasing scores on complex topics such
as economics and infrastructure. Similarly, par-
tyid_Republican serves as a dominant negative pre-
dictor for Equality (8 = —0.40)). While empirical
human data often show lower scores for this group,
the model fails to replicate the substantial internal
variance found in human populations. Instead, the
LLM flattens the diverse spectrum of Republican
thought—from Libertarianism to Populism—into a
monolithic “Anti-Equality” coefficient. This high-
lights a critical failure in representational fidelity:
the model lacks the granular capacity to distinguish
between specific ideological motivations, such as
fiscal opposition to taxes versus social opposition
to equity programs, reinforcing the findings of
(Gonzalez Barman et al., 2025) in an experimental
setting focused on eliciting diverse opinions.

5 Conclusion

This study provides both a procedure and substan-
tive results of evaluating the performance of select
open-source LLMs as synthetic respondents in sur-
vey research. While LLMs offer ample experimen-
tal opportunities and methods for generating hy-
potheses, the results of this study suggest that they
are currently inadequate substitutes for data col-
lected from human respondents. On the one hand,
the results generated by the different models and
prompting strategies were highly consistent across
iterations, whereas the substantive output from the
artificial data was less robust. The synthetic data
from the models and prompting styles used resulted
in extremely narrow variances in the data that fail
to capture the gradation of actual human responses.
Beyond the numerical results, the reasoning pro-
vided by the LLMs constituted a noncommittal,
unclear rationale that did not consistently support
their answers to the question. We approach the
adoption of LLM respondents in public opinion sur-
vey data with deep skepticism, positing that what
appears to be human-like opinion is often just a
highly probable text completion, stripped of gen-
uine human nuance. If researchers indiscriminately
adopt these tools and incorporate synthetic data in
published results, we risk measuring a distorted
version of training data and other noise rather than
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dynamic public sentiment.

Limitations

The aggregate results and questions associated with
this study were made publicly available in 2021
and may have been included in the models’ train-
ing data, potentially contaminating the synthetic
data and confounding its quality. This risk could
not be directly measured or controlled for in our
analysis. Furthermore, our prompt does not explic-
itly account for the effect of this 2021 data, which
was not included in the replication survey. The use
of a ten-point integer scale (0—10) is another limita-
tion, as it differs from more conventional response
formats such as binary, four-point, or three-point
scales, which may limit the generalizability of our
evaluation metrics. Another limitation identified
during the analysis was the conversion of respon-
dents’ age values from integers to age groups for
regression analysis, which limits the specificity for
making claims. Additionally, we don’t isolate the
post-training effect by comparing our Instruct mod-
els with their base-model counterparts, which in-
duces a noticeable performance shift, as noted by
(Santurkar et al., 2023). We encourage researchers
to consider these elements in future replications of
this study.
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A Appendix

A.1 American Values Survey Data

The American Values Survey was conducted by
Siena College Research Institute (SCRI) in 2021.
The respondents were from 50 states and the Dis-
trict of Columbia. Respondents were asked how
much they agree with 34 value statements cover-
ing core American values on Liberty, Equality, and
Progress. For our experiment we only kept ques-
tions related to the three value constructs and re-
moved questions not relevant to the values. The
survey was administered online, and initial atten-
tion checks were conducted to ensure high-quality
responses. Irrespective of demographics and incli-
nations, human respondents express a core sense
of embodying American values. This dataset offers
a unique opportunity to evaluate LL.Ms, as it com-
bines rich demographic information with clearly
demarcated group identities that, despite strong
internal affiliations, are united by a shared commit-
ment to a nation’s core values. The actual value
statements are shown in the Table 3.

A.2 Prompting LLMs

The LLM responses were forced to be in a struc-
tured format JSON to facilitate downstream anal-
ysis of the reasoning traces and final scores. The

detailed prompts are provided in Table 4. The
prompts are also similar to the actual survey ques-
tions, with only the input and output instructions
appended at the beginning and end of the survey
text for validity. The actual survey did not col-
lect reasoning traces, so we do not have human
ground truth for the reasoning component. Since
our experiment requires large-scale inference, we
use the VLLM library (Kwon et al., 2023). To gen-
erate multiple responses to the same prompt, we
use a temperature of 7 = 0.1, since the ideal deter-
ministic temperature 7 = 0 doesn’t conveniently
allow multiple iterations for the same input prompt
through the VLLM library. We dont limit the num-
ber of tokens generated by model. Apart from the
temperature £ = 5 i.e. number of samples per in-
put is the only hyperparameter we modified. Rest
of the values were kept default. All four LLMs are
loaded from Hugging Face’s official model weight
collection. We don’t use any quantization. All the
models are run on NVIDIA A100 GPUs. We use 2
GPUs for the smaller 7B and 8B models and use 4
GPUs for the larger 32B and 70B models.

A.3 Evaluation Metrics

We tabulate the metrics used to compare the LLM
responses with human responses. The ideal and
poor values for each metric and their resultant in-
terpretations are tabulated for easier understanding
in Table 5. Behavioral consistency is a prerequi-
site for alignment evaluation — only models with
sufficient ICC reliability are meaningfully assessed
on alignment quality metrics. They could indicate
consistent distortion or consistent alignment. A
high ICC, alongside a low o2, is a signature of con-
sistency and confidence, treating the demographic
profile as a fixed caricature rather than an opinion
distribution. We include a summary of the 5 met-
rics (ICC(1,1), ICC(1,k), variance ratio, EMD, and
Hedging%) used in the experiment, broken down
by Model, Construct, and prompt styles.

Table 2: Mean R? [min, max] by scope.

Scope LLM Abs.Error Sign.Error Hedge % Human
Overall .68 [.38,.91]  .15[.04,.22] .21[.06,.33] .71[.48,.89] .09
By value construct:
Liberty 76 [.22,.96]  .21[.03,.38] .26[.04, .46] .61[.28, .87] .06
Equality .68 [45,.91] .08 [.03,.16] .12[.06,.30] .72[.39,.93] 12
Progress .67 [.00,.90]  .10[.02,.21] .17[.05,.38] .62 [.45,.83] .07

Note. Mean R? across dimensions; [min, max] in brackets. Abs.Error is Ab-
solute Error and Sign.Error is Signed Error. Hedge% is where the average
hedging token present in the reasoning text is the target. Human R? has zero
variance within each construct. Bold indicates RZ > 0.70.

143



Label

Value Statement

Equality_1

Equality_2
Equality_3
Equality_5
Equality_6
Equality_7

Equality_8
Equality_9
Equality_10
Equality_11
Equality_12

Equality_13
Equality_14
Equality_15
Equality_16

All people are equal, regardless of race, ethnicity, gender, physical appearance, or any other
personal characteristic.

Treat others as you would like them to treat you.

No one is above the law.

The religious beliefs and practices of all people should be both protected and respected.
Any injustice to a single person is an injustice to all.

We are all, all of us, in this life together and we should look out for the well-being of
everyone else.

People may disagree but that is no excuse for being disagreeable.

No person is complete if they do not give of themselves in service to others.

Before making a judgement about someone else, try to walk a mile in their shoes.

In order for us all to live together, each of us has to make concessions.

Not everyone starts off with the same set of tools or skills, sometimes we need to level the
playing field by giving some people a head start.

Because we only have one planet, protecting our environment is a priority.

Steps must be taken to protect people from those who lie and cheat.

Each of us should have an equal chance to be successful.

Every American has the right and responsibility to vote.

Liberty_1 No one, not even the government, should be able to restrict another’s pursuit of happiness.

Liberty_4 The benefits of investing capital and hard work rightfully belong to the entrepreneur that
accepted the risk.

Liberty_5 You only live once: seek to experience all that life has to offer.

Liberty_6 No one should tell me how to live, how to love or what to think.

Liberty_11 Each of us has the power to pull ourselves up by our bootstraps, that is, to take control of our
own destiny.

Liberty_12 ~ What you know is more important than who you know.

Liberty 13 Each of us is free to follow our own unique path in life.

Liberty_14 Stand on your own two feet without reliance on other people, organizations or the govern-
ment.

Liberty_15 Owe nothing and expect nothing in return.

Liberty_16  Everyone can speak their mind in public regardless of the viewpoint without fear of punish-
ment.

Progress_1 Success comes to those that dedicate themselves to making the most of their abilities.

Progress_2 Advances in areas like health, technology, business, or personal development, rely on the
careful application of science.

Progress_3 Give a person a fish, and you’ll feed them for a day. Teach a person to fish, and you’ve fed
them for a lifetime.

Progress_ 4 A penny saved is a penny earned.

Progress_5 Having specific goals, whether those goals involve personal, economic, artistic or societal
achievements, is the best way to proceed in life.

Progress_6  Itis important to achieve something specific and measurable each and every day.

Progress_7 Every problem has a solution.

Progress_8 Tomorrow always holds the possibility of being a better day.

Progress_ 9  Time is money.

Table 3: Survey constructs and full value statements used in the evaluation.
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Final Choice First (FCF) Prompt Template

Your demographic information is given in JSON format

{’state’: 'Rhode Island’, ’gender’: 'Female’, ’age’: 60.0, ’hispanic’: ’No’, ’race’:
’Caucasian/White’, "education’: ’Graduate or Professional degree’, ’registered to vote’:
"Yes’, ’party id’: 'Democrat’, 'employment’: ’Employed full-time’}

First, you will see a statement that may be familiar to you. Take a moment and consider
it in terms of how you live your life. Are these words that you live by? All the time?
Or some of the time? Would others say that you embody these statements, that your
actions, or that the things you say are a reflection of these words often, sometimes, not
very often, or perhaps not at all? We are all different people. Some statements may be
completely us, others partially, and some not us at all. Try as best as you can to evaluate
yourself, your thoughts, your actions, as well as your beliefs on each statement. As you
evaluate yourself on each statement, you can score yourself anywhere between 0 and 10.

0: You disagree with the statement, are not guided by it, and no one would ever say that
the statement reflects how you live your life.

5: The statement may be one that you endorse, but you don’t always live your life with
it in mind.

10: You believe the statement, and not only aspire to live that way, but you do.

STATEMENT:
Each of us is free to follow our own unique path in life.

INSTRUCTION:

Return ONLY valid JSON with exactly these keys:

- “final_choice”: integer (0-10)

- “reasoning”: a first-person justification for how you arrived at your score. Do NOT

T3]

write placeholders like “...” or “[insert reasoning here]”.

OUTPUT:

Reasoning First (RF) Prompt Template

Your demographic information is given in JSON format

{’state’: 'Rhode Island’, ’gender’: ’Female’, ’age’: 60.0, ’hispanic’: ’No’, ’race’:
*Caucasian/White’, "education’: ’Graduate or Professional degree’, ’registered to vote’:
"Yes’, ’party id’: 'Democrat’, 'employment’: ’Employed full-time’}

First, you will see a statement that may be familiar to you. Take a moment and consider
it in terms of how you live your life. Are these words that you live by? All the time?
Or some of the time? Would others say that you embody these statements, that your
actions, or that the things you say are a reflection of these words often, sometimes, not
very often, or perhaps not at all? We are all different people. Some statements may be
completely us, others partially, and some not us at all. Try as best as you can to evaluate
yourself, your thoughts, your actions, as well as your beliefs on each statement. As you
evaluate yourself on each statement, you can score yourself anywhere between 0 and 10.

0: You disagree with the statement, are not guided by it, and no one would ever say that
the statement reflects how you live your life.

5: The statement may be one that you endorse, but you don’t always live your life with
it in mind.

10: You believe the statement, and not only aspire to live that way, but you do.

STATEMENT:
Each of us is free to follow our own unique path in life.

INSTRUCTION:
Return ONLY valid JSON with exactly these keys:
- “reasoning”: a first-person justification for how you arrived at your score. Do NOT

write placeholders like “...” or “[insert reasoning here]”.
- “final_choice”: integer (0-10)
OUTPUT:

Table 4: FCF and RF prompt templates. Italicised text denotes the demographic precursor prepended to the prompt.
The only difference between the two styles is the order of the JSON keys in the instruction.
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Metric Range / Value

Interpretation

Ideal: Closer to 1

The model’s responses demonstrate high stability and are consistent and

ICC reliable for that specific persona.
Poor: Values below 0.5 The model is generating inconsistent responses and appears to be sensitive
to random noise in the prompt.
EMD Ideal: Closer to 0 The model’s score distribution shows high representational accuracy and

Poor: Higher values

closely matches human score distributions.

The model score distribution is significantly distorted from that of the
human group’s actual recorded values.

Variance Ratio Ideal: Near 1.0

Poor: Below 1 or Above 1

The model differentiates between personas to the same natural extent that
humans do in real-world data.

The model either gives similar scores regardless of demographics or
exaggerates differences across those demographics.

Hedging % (H%) Ideal: Lower (Contextual)

Poor: High percentages

The model provides a clear and decisive stance with very little ambiguity
regarding its reasoning.

The model displays high uncertainty and is playing it safe to avoid taking
a firm stance on the topic.

Table 5: LLM Evaluation Metrics for demographic consistency and alignment with human respondents on public

opinion survey

Table 6: Intraclass Correlation Coefficient (ICC(1,1)) Reliability Summary
Higher ICC(1,1) values indicate greater single-run reliability across simulated responses. Values near 1.0 suggest highly uniform
(potentially homogenized) outputs across individual ratings. Highest and Lowest values for every category are highlighted.

Main Effects Overview

Avg. ICC(1,1)

By Model

Olmo-3.1-32B

Llama-3.3-70B 0.76

Olmo-3-7B 0.69

Llama-3.1-8B
By Construct

Equality m

Liberty 0.58

Progress 0.52
By Reasoning Style

Final Choice

ols
(o)) E=))
N | oo

Reasoning First

Interactions Overview

Model x Reasoning Style

Model FC Style RF Style
Llama-3.3-70B 0.67 0.86
Olmo-3.1-32B 0.85 0.83
Olmo-3-7B 090
Llama-3.1-8B 0.30 0.31

Model x Construct

Model Equality Liberty Progress
Llama-3.3-708  [XZ} 0.80 0.41
Olmo-3.1-32B 0.80 0.82 0.81
Olmo-3-7B 0.65 0.62 0.63
Llama-3.1-8B 0.24 0.06 | 0.20
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Table 7: Intraclass Correlation Coefficient (ICC(1,k)) Reliability Summary
Higher ICC(1,k) values denote greater internal consistency and reliability among profiles for average simulated responses.
Highest and Lowest values for every category are highlighted.

Main Effects Overview Interactions Overview
Avg. ICC(1,k) Model x Reasoning Style
* b
Model FC Style RF Style
By Model
Olmo-3.1-32B m Llama-3.3-70B 0.73
Olmo-3-7B 0.89 Olmo-3.1-32B 0.96 0.96
Llama-3.3-70B 0.85 Olmo-3-7B 0.98 0.81
Llama-3.1-8B Llama-3.1-8B 0.59
By Construct
Model x Construct
Equality . .
Liberty 0.75 Model Equality Liberty Progress
Progress Llama-3.3-708 XX 0.95 0.48
. Olmo-3.1-32B 0.95 0.96 0.96
By R Styl
y Reasoning Svie YT Olmo-3-7B 0.88 0.86 0.86

Reasoning First

Final Choice Llama-3.1-8B 0.57 0.53

<
[
S

Table 8: Variance Ratio Summary
Variance Ratio of the LLM responses to human baseline. Highest and Lowest values for every category are highlighted.

Main Effects Overview Interactions Overview
Avg. Var Ratio Model x Reasoning Style
Model FC Style RF Style
By Model
Llama-3.1-8B 1.83 Llama-3.1-8B 0.89
Olmo-3-7B 1.42 Olmo-3-7B 1.47 1.36
Olmo-3.1-32B 1.05 Olmo-3.1-32B 1.13 0.97
Llama-3.3-70B 0.73 Llama-3.3-70B 127
ByLC"gnsttruct 1.67 Model x Construct
iberty d . .
Progress 1.05 Model Equality Liberty Progress
Equality 0.96 Llama-3.1-8B 1.26 1.76
. Olmo-3-7B 0.82 2.19 1.13
ByR Styl
g ¢ Olmo-3.1-32B  0.66 147 080
8 ' Llama-3.3-70B  1.08 0.57

Final Choice

<
\O
S
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Table 9: EMD Summary
EMD between LLM responses and reference human distribution. Highest and Lowest values for every category are highlighted.

Main Effects Overview Interactions Overview
Avg. EMD Model x Reasoning Style
Model FC Style REF Style
By Model
Llama-3.1-8B Llama-3.1-8B 1.12
Olmo-3-7B 1.09 Llama-3.3-70B  1.04
Olmo-3.1-32B 0.98 Olmo-3-7B 1.01 1.18
Llama-3.3-70B Olmo-3.1-32B 092 1.03
By Construct
Model x Construct
Liberty - -
Progress 1.02 Model Equality Liberty Progress
Equality 0.89 Llama-3.1-8B 0.99 1.14
. Olmo-3-7B 1.00 1.27 1.01
By R Styl
Y R;iii’:;';gﬂzte Olmo-3.1-32B  0.83 L1l 099
- Llama-3.3-70B 1 : 92
Final Choice 1.02 ama-3.3-70 097 09

Table 10: Hedging Percentage Summary
Hedging % measures the proportion of hedging tokens in the generated reasoning traces indicating uncertain or non-committal
language. Highest and Lowest values for every category are highlighted.

Main Effects Overview Interactions Overview

Model x Reasoning Style

Avg. Hedging %

Model FC Style REF Style
By Model
Llama-3.1-8B Llama-3.1-8B X2} 6.52
Llama-3.3-70B 6.51 Llama-3.3-70B 6.94 6.08
Olmo-3-7B 6.50 Olmo-3-7B 6.23 6.77
Olmo-3.1-32B 5.22 Olmo-3.1-32B  6.82
ByECOni.t:uct Model x Construct
quality . .
Liberty 614 Model Equality Liberty Progress
Progress 5.94 Llama-3.1-8B 7.10 5.77
. Llama-3.3-70B 7.09 6.07 6.30
By R Styl
s S Olmo-3-7B 681 634 632
- Imo-3.1-32B 4. 4. ,
Reasoning First 5.75 Olmo-3.1-3 89 536
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Abstract

This paper presents a method for modeling
change in the possibility space of actors over
time as represented in the Opioid Industry Doc-
ument Archive (OIDA). The approach treats
documents as a structured field of actor—action
relations and models these relations as seman-
tic action trajectories across time. Semantic
role labeling (SRL) using the Emory Language
and Information Toolkit (ELIT) is applied to ex-
tract subject—predicate structures from a corpus
of internal industry documents. Subjects are
normalized and grouped into actor categories
using a combination of rule-based heuristics
and constrained language model adjudication.
Predicate vocabularies associated with these ac-
tors are mapped to psycholinguistic categories
using the LIWC lexicon, and random forest fea-
ture selection with principal component analy-
sis is used to construct a low-dimensional repre-
sentation of discourse structure across periods.

The resulting discourse space reveals system-
atic shifts in how corporate actors, regulators,
clinicians, and patients are positioned over time.
In particular, corporate entities and the opioid
products they produce follow nearly identical
semantic trajectories, suggesting that compa-
nies and drugs occupy interchangeable roles in
the archive’s discourse. This method provides
a way to analyze changing institutional behav-
ior at scale across heterogeneous litigation and
historical archives.

1 Introduction

Large litigation archives provide an unusually de-
tailed record of institutional communication and
practice. The Opioid Industry Document Archive
(OIDA) contains millions of previously undis-
closed corporate documents produced during lit-
igation concerning the opioid crisis. An additional,
larger Public Document Repository, mandated by
orders issued in the Purdue Pharma bankruptcy
proceedings in the United States Bankruptcy Court

for the Southern District of New York promises to
expand these holdings related to one of the most
significant breaches of the public trust in US history
(Vadivelu et al., 2018). These documents describe
the marketing, sales, research and development,
compliance, and regulatory details, along with call
notes, procedural descriptions, and trial material
that underlie a crisis that nearly tripled the reported
drug overdose death rate in the US (Vadivelu et al.,
2018). In scope, the court order describes more
than 100 million pages of material to be added to a
public repository. The OIDA materials and this yet
to be released repository provide an important evi-
dentiary record describing an institutional project
that contributed to a global health crisis. However,
their scale and heterogeneity make systematic anal-
ysis difficult.

This paper introduces a computational method
for analyzing changes in actor behavior over time
as represented by discourse in the OIDA corpus.
The central premise is that a heterogeneous corpus
like OIDA can be modeled as a set of structured
relations linking actors and actions at times. By
extracting subject—predicate structures at time from
text and aggregating them into subject groups, it
becomes possible to model the changing possibility
space of actor groups. Following (Mehran et al.,
2025), a possibility space refers to the set of allow-
able actions associated with a subject. In this study,
that space is operationalized as the predicates at-
tached to a subject group.

The method builds on prior work applying com-
putational analysis of subject—predicate relations
to ideological and institutional discourse (Mehran
et al., 2025). More broadly, computational ap-
proaches have been used to model narrative and
discourse structure across large document collec-
tions (Miller et al., 2015). Here we extend those
approaches in two directions. First, we model dis-
course diachronically by associating actor—action
relations with historical periods. Second, we intro-
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Histogram of Year Mentions 1990-2020

Figure 1: Distribution of year mentions extracted from
the corpus. The sample is heavily concentrated in the
litigation period of the opioid crisis, with a mean refer-
enced year of 2011.5 and a modal year of 2014.

duce an automated actor grouping procedure com-
bining rule-based classification with constrained
large language model adjudication.

The result is a representation of institutional dis-
course as a set of semantic action trajectories that
describe how actors move through a conceptual
discourse space over time.

2 Task and Data

The NLP+CSS shared task focuses on computa-
tional analysis of the Opioid Industry Document
Archive. The archive includes internal corporate
communications, regulatory materials, litigation
documents, and investigative records produced dur-
ing the development of the opioid crisis.

For this study, a corpus of 10,000 OCR doc-
uments was randomly sampled from the public
Opioid Industry Documents Archive (OIDA), a
repository of corporate documents released through
opioid-related litigation (Alexander et al., 2022).
This sampled sub-corpus contains approximately
238 million tokens and includes heterogeneous doc-
ument types such as emails, reports, legal tran-
scripts, and regulatory submissions. The sample
was constructed through repeated random traversal
of the archive structure, with each traversal yielding
one document. The resulting sub-corpus reflects
the temporal, topical, and source distributions in-
herent in OIDA.

Temporal references extracted from documents
show a strong concentration in the later years of
the archive. Figure 1 shows the distribution of year
mentions across the corpus.

Documents were grouped into six temporal peri-
ods spanning 1980-2019.

3 Method

After sampling, analysis proceeds in four stages:
predicate extraction, actor grouping, semantic fea-

Statistic Value
Predicate instances 246,073
Subject—predicate pairs 184,831
Normalized subject expressions 52,305
Unique predicates 4,548

Table 1: Summary statistics from the SRL predicate
extraction stage.

ture construction, and discourse space modeling.

3.1 Predicate Extraction

Semantic role labeling (SRL) has long been used
to extract predicate—argument structures from text
(Gildea and Jurafsky, 2002). For this project, SRL
was applied using the Emory Language and In-
formation Toolkit (ELIT) (He et al., 2021). The
pipeline performs tokenization, part-of-speech tag-
ging, dependency parsing, and semantic role ex-
traction.

While recent work increasingly relies on
transformer-based representations, the present ap-
proach intentionally uses a non-neural SRL im-
plementation to produce explicitly structured ac-
tor—action relations. This choice prioritizes in-
terpretability and analytical transparency: sub-
ject—predicate structures can be directly aggregated
into actor-level distributions and inspected without
post hoc probing or attribution methods. At the
same time, recent work shows that SRL remains a
challenging task for large language models, partic-
ularly in settings without pre-identified predicates,
where performance degrades substantially relative
to structured approaches (Li et al., 2025). In such
settings, even strong LLLM-based methods require
retrieval augmentation and task-specific scaffold-
ing to achieve competitive performance.

This motivates the use of a structured SRL
pipeline in the present study, where the goal is not
maximal benchmark accuracy but a stable and in-
terpretable representation of actor—action relations
in noisy, heterogeneous archival data. Table 1 sum-
marizes the resulting predicate extraction statistics.

The corpus contains 5.0 million year mentions,
246,073 SRL predicates, approximately 215k valid
predicates, and roughly 185k rows containing
subject—predicate pairs. The resulting subject ex-
traction rate is approximately 75%, with a parser er-
ror rate of 1.6%. After preprocessing and filtering,
the final dataset contains 86,414 subject—predicate—
year triples distributed across six temporal periods.

Because many OCR-derived sentences contain

150



Period Observations
1980-1994 165
1995-1999 291
2000-2004 3,930
2005-2009 20,074
20102014 49,488
2015-2019 12,466

Table 2: Number of cleaned subject—predicate observa-
tions by time period.

copular or auxiliary constructions, a subject recov-
ery procedure was applied to identify fallback sub-
jects in otherwise incomplete parses. This process
yielded an additional 13.9% subject recoveries, pro-
ducing a final inventory of 52,305 unique normal-
ized subjects and 4,548 unique predicates across
60,451 sentences.

Year mentions were extracted to associate actor—
action relations with the historical periods refer-
enced within documents rather than relying solely
on document creation dates(Pustejovsky et al.,
2003). Because litigation archives frequently con-
tain retrospective discussion of earlier events, this
approach enables temporal indexing of discourse
about past regulatory actions, marketing practices,
and clinical developments.

Subjects were grouped into a controlled ac-
tor ontology consisting of 17 groups that fall
broadly into the categories of organizational ac-
tors, individual actors, discourse artifacts, and
referential placeholders. Table 3 shows the dis-
tribution of subject groups after normalization
and cleaning. The distribution follows a typi-
cal long-tailed pattern, with a small number of
high-frequency discourse roles accounting for a
large share of predicate instances. Subject groups
are defined as follows: clausal_or_artifact_subject
(non-agentive linguistic or document artifacts, e.g.,
clauses, sections), addressee (second-person or re-
cipient roles), individual_actor (named or generic
persons), corporate_self (first-person corporate
voice, e.g., “we”), information (abstract infor-
mational entities, e.g., data, reports), referen-
tial (pronouns and discourse placeholders), com-
mercial_products (drug or product names), exter-
nal_actor (third-party organizations or actors out-
side the focal firm), patients_consumers (patients
or end-users), medical_status (conditions or di-
agnoses), medical_professionals (clinicians and
healthcare providers), corporate_entities (named
firms), regulators_government (regulatory or state

Subject Group Count
clausal_or_artifact_subject 19,226
addressee 15,751
individual_actor 13,250
corporate_self 12,602
information 6,554
referential 5,109
commercial_products 3,359
external_actor 3,303
patients_consumers 1,640
medical_status 1,407
medical_professionals 1,306
corporate_entities 1,194
regulators_government 515
commercial_partners 430
other_actor 334
indefinite_actor 325
interrogative_actor 109

Table 3: Distribution of normalized subject groups after
cleaning and actor grouping.

Predicate Zipf Distribution Subject Group Distribution

I I 10 10 0 5000

1000 15000 20000 25000
Predicate rank (log) Count

Figure 2: Zipf distribution of predicate frequencies ex-
tracted from SRL. The heavy-tailed distribution con-
firms typical lexical structure and suggests the extrac-
tion pipeline preserved natural predicate usage patterns.

actors), commercial_partners (distributors or busi-
ness partners), other_actor (miscellaneous actors),
indefinite_actor (non-specific agents, e.g., “some-
one”), and interrogative_actor (questioned or un-
known agents).

Predicate frequency follows a heavy-tailed Zipf
distribution typical of natural language corpora
(Zipt, 1949).

Each extracted predicate instance forms a min-
imal actor—action relation that can be associated
with document metadata and temporal references.

3.2 Actor Grouping

Raw subject expressions exhibit substantial lexi-
cal variation. Subjects were therefore normalized
through a multi-stage procedure consisting of lex-
ical normalization, rule-based classification, and
language-model adjudication of ambiguous cases.

The rule-based stage captures high-frequency
actors and organizational references. Residual sub-
jects were evaluated using a constrained language
model prompt designed for closed-set categoriza-
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Figure 3: Zipf distribution of normalized subject expres-
sions. The high-frequency head is largely captured by
rule-based grouping, while mid-frequency subjects are
resolved through LLM-assisted adjudication. The re-
maining long tail consists primarily of rare expressions
and OCR artifacts.

tion. For each of the 267 candidate subjects, the
model was shown the subject string, its corpus
frequency, and eight example sentence contexts,
optionally including the extracted predicate. The
model was instructed to assign the subject to the
single best label from the predefined actor ontol-
ogy, to avoid inventing new labels, and to prefer
No Group Found when evidence was weak or the
extraction appeared malformed. Outputs were re-
turned in a structured JSON format including a rec-
ommended group, confidence score, optional sec-
ondary group, mixed-use flag, and short rationale.
A confidence cutoff of 0.9 was used. This stage
recovered 267 subject types, including branded
opioid products such as Kadian and Eluxadoline,
and yielded 10,086 additional predicate—argument—
time triples.

Approximately 15% of previously ungrouped
subjects were recovered through this procedure.

Figure 3 shows the frequency distribution of sub-
ject expressions, which follows a heavy-tailed Zipf
distribution typical of natural language. A small
number of high-frequency subjects account for a
large share of instances, while the majority occur
only once or twice.

After removing high-frequency auxiliary pred-
icates and boilerplate discourse markers, 86,414
predicate instances remained.

These distributions provide a semantic represen-
tation of actor discourse.

3.3 Semantic Feature Construction

For each actor group and time period, predicate
vocabularies were mapped to meaningful psycho-
logical and social conceptual categories using the
Linguistic Inquiry and Word Count (LIWC) lexicon
(Pennebaker et al., 2015; Tausczik and Pennebaker,
2010).

3.4 Discourse Space Modeling

Random forest classification was used to identify
semantic features that distinguish actor groups. A
one-versus-rest classification setup was used for
each actor group, using LIWC category frequen-
cies as input features. Permutation importance
was estimated across 200 bootstrap samples, and
features exceeding one standard deviation above
the mean feature importance were retained for dis-
course space analysis. 13 features remained from
the initial 118 provided by LIWC.

Principal component analysis (PCA) was applied
to the resulting feature matrix. The first two prin-
cipal components explain 38.0% of the variance
in the semantic feature space (PC1: 21.6%, PC2:
16.4%). A third component explains an additional
12.8% of variance but was not included in the anal-
ysis in order to preserve a two-dimensional dis-
course space suitable for visualizing actor trajecto-
ries. While 3D visualization is a natural extension,
we prioritize a 2D projection for interpretability
and leave higher-dimensional visualization as fu-
ture work.

4 Results

The result of the pipeline is a time-indexed
mapping from actor groups to distributions over
predicate-linked semantic categories, which can be
interpreted as an empirical approximation of each
group’s "possibility space," or the set of actions
attributed to that group within the archive.

Before modeling actor movement in semantic
discourse space, we first examine the temporal dis-
tribution of subject groups in the corpus. Figure 4
shows period-wise deviations in subject-group fre-
quency relative to each group’s overall mean, ex-
pressed as z-scores. Positive values shown in red
indicate periods in which a subject group is over-
represented relative to its overall distribution, while
negative values shown in blue indicate underrepre-
sentation.

The figure suggests three broad phases. First,
early periods are characterized by product-,
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Feature PC1 PC2
Cognition 0472 0317
cogproc 0.449  0.380
insight 0.391  0.128
perception 0.284  -0.445
allure 0.278  -0.205
motion 0.235 -0.346
attention 0.232  -0.253
focuspresent  0.097 -0.296
cause 0.001  0.358
acquire -0.079 -0.121
reward -0.092  -0.242
need -0.160 -0.016
work -0.326  0.162

Table 4: Top LIWC feature loadings for the first two
principal components of the discourse space. Positive
and negative values indicate opposing semantic poles
along each component.

medical-, and patient-centered discourse. Second,
a middle period shows increasing prominence of
corporate entities and external actors, suggestive
of branding, distribution, and marketing activity.
Third, later periods emphasize corporate, regula-
tory, and addressee-centered discourse, reflecting
both increasing regulatory scrutiny and a greater
prevalence of directive communication (e.g., “you
will”).

Our findings suggest that actor groups occupy
distinct regions of the resulting discourse space,
and their trajectories across periods reveal system-
atic changes in their possibility spaces.

Figure 5 plots the positions of selected actor
groups from the first period (1980-1994) to the
final period (2015-2019). Movement in this space
reflects shifts in the semantic framing of actor dis-
course as captured by LIWC feature distributions.

Two principal semantic dimensions structure this
space. Table 4 lists the LIWC features with the
highest loadings on the first two principal compo-
nents.

The first component along the x-axis (PC1) con-
trasts cognitive and perceptual processing language
(Cognition, cogproc, insight) with goal-oriented
organizational discourse (work). The second com-
ponent along the y-axis (PC2) contrasts causal an-
alytic reasoning (cogproc, cause) with experien-
tial and perceptual language (Perception, motion,
focuspresent). Together these axes differentiate
discourse oriented toward explanation and reason-
ing from discourse oriented toward operational co-
ordination, experiential language, and immediate
activity.

No subject group remains semantically stable

across the full temporal span of the archive.
Several groups—including patients_consumers,
regulators_government,
commercial_partners, and most dramatically
medical_professionals—shift  substantially
within the discourse space. Across these groups,
discourse moves away from causal and analytic
reasoning toward greater emphasis on experiential
and perceptual language.

The medical_professionals group exhibits
the largest displacement. This suggests a substan-
tial shift in how clinicians are positioned within
internal corporate communication across the peri-
ods represented in the archive.

Two additional groups display a particu-
larly striking pattern: corporate_entities and
commercial_products. The first includes firms
such as Cephalon, McKesson, Endo, Insys, and
Teva, while the second includes drug entities such
as Exalgo, Opana, and Xartemis XR. The trajecto-
ries of these two groups move almost identically
through the discourse space. Predicates associated
with the companies change in the same direction,
and to nearly the same degree, as predicates associ-
ated with the drugs themselves.

This parallel movement suggests that corporate
actors and the pharmaceutical products they pro-
duce are treated almost interchangeably within the
predicate structures of the archive. In effect, the
companies producing these drugs and the drugs
themselves occupy nearly identical semantic roles
in the discourse.

Across both groups, discourse shifts away from
goal-directed action language toward perceptual
processing, while also moving slightly from expe-
riential language toward explanatory reasoning. In
practical terms, this corresponds to a reduction in
action-oriented framing and a greater emphasis on
explanation and interpretation.

This coupling suggests that corporate responsi-
bility and product behavior are linguistically co-
constructed within the archive, with actions at-
tributed to drugs mirroring those attributed to the
firms that manufacture them.

The only group that moves in the opposite di-
rection is corporate_self. Over time this group
shifts away from experiential and perceptual lan-
guage and toward more goal-directed discourse,
accompanied by a modest increase in reasoning-
oriented language.

To clarify the behavior
pal institutional actors,

of the princi-
Figure 6 shows
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Temporal Deviation of Subject Groups (Z-scored)
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Figure 4: Temporal deviation of subject groups across periods, shown as within-group z-scores relative to each
group’s mean frequency. Positive values indicate periods in which a subject group is overrepresented relative to
its overall distribution; negative values indicate underrepresentation. The figure highlights a temporal shift from
product- and patient-centered discourse in earlier periods toward corporate, regulatory, and interactional subject

positions in later periods.

the trajectories of five key subject
groups across periods: corporate_self,
patients_consumers, commercial_partners,
medical_professionals, and
regulators_government. Focusing on these
actors highlights the most substantial movements
in the discourse space and reveals that semantic
change across the archive is not uniform across
time.

The trajectories support the earlier interpreta-
tion that the corpus reflects three broad discursive
phases: an early period oriented toward medical dis-
cussion, a middle period emphasizing distribution
and commercial coordination, and a later period
dominated by regulatory scrutiny and investigative
discourse.

For example, the corporate_self group begins
in a region of the discourse space associated with
experiential and cognitive language. During the
second period (1995-1999) it shifts further toward
experiential framing, before moving sharply away
from this modality in later periods. This later move-
ment corresponds to the increasing prevalence of
corporate email communication and the transition
toward distribution and regulatory investigation.

By contrast, the patients_consumers group-
ing initially moves toward more experiential ac-
tion language during the 1995-1999 period, before
shifting toward more cognitive and perceptual dis-
course. This pattern is consistent with the later
emphasis on retrospective patient testimony and
the collection of investigative evidence.

The commercial_partners group exhibits the
greatest overall movement, though not the greatest
displacement from its starting position. This group
undergoes the most pronounced shifts in discourse
framing as its institutional role changes across the
periods represented in the archive.

Taken together, these trajectories illustrate how
actor positions within the discourse space evolve
and drift across time, revealing which institutional
actors occupy the most unstable or rapidly chang-
ing semantic roles. In this sense, trajectory insta-
bility provides a quantitative indicator of shifting
institutional roles within the evolving discourse of
the opioid crisis.

4.1 Feature Trajectories

Finally, temporal feature trajectories across peri-
ods by group highlight which semantic dimensions
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Actor Identity Map: Net Discourse Displacement
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Figure 5: Actor trajectories in discourse space across historical periods.

drive actor movement in the discourse space. For
example, reward language drove early variation
in the 1995-1999 period for the corporate_self
grouping, while need did the same in the 2000—
2004 period for the medical_status group.
Some features reveal relatively little change over
time despite notable early spikes, such as at-
tention, while others reveal interesting colinear
pairings, such as medical_professionals and
patients_consumers in the 2010-2014 and 2015-
2019 periods relative to actions LIWC labeled as
acquire. In effect, this figure provides a quantita-
tive perspective on the actions ascribed to and un-
dertaken by broad classes of subjects, people, and
institutions as they navigated a developing catas-
trophic public health crisis.

5 Analysis

The results suggest a gradual reorientation of dis-
course across the archive. Earlier documents tend
to situate discussion around products and patients,
while later communication increasingly centers on
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corporate entities and regulatory actors.

This shift corresponds partly to changes in docu-
ment type, particularly the emergence of internal
corporate email around 2000. However, the seman-
tic structure of discourse also changes, suggesting
a broader transition in institutional communication
as the crisis developed.

Within the discourse space, corporate ac-
tors exhibit comparatively stable positioning,
while medical and regulatory actors show
larger movement across periods. The near-
identical trajectories of corporate_entities and
commercial_products suggest that firms and the
drugs they produce occupy closely aligned seman-
tic roles within the archive. In practice, similar
types of actions are attributed to both companies
and their products across time. One interpretation
is that product behavior and corporate behavior
are linguistically co-constructed in the documents,
such that actions described in relation to drugs (e.g.,
efficacy, risk, usage) mirror those attributed to the
firms themselves (e.g., development, marketing,
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Figure 6: Trajectories of selected actor groups across periods in the PCA discourse space. Each line traces the
movement of an actor group’s semantic position across six temporal periods.

distribution). This pattern suggests that responsi-
bility, agency, and outcomes are distributed across
both entities and products, rather than sharply dis-
tinguished between them. Further work could dis-
aggregate these subject positions into individual
actors, clarifying which actors are foregrounded or
backgrounded in the attribution of responsibility.

A key interpretive caveat is the shift in corpo-
rate communication associated with the adoption
of email. To assess whether the observed discourse
shifts could be driven primarily by communication
medium, we approximate the prevalence of email-
style documents using synonym-based detection
of header markers. Table 5 summarizes opioid-
term frequency and the estimated prevalence of
email markers. The results show a sharp increase
in email-style communication after 2000, indicat-
ing that part of the observed shift reflects changes
in archival composition. However, the persistence
of structural changes in actor—action relations sug-
gests that the trajectories capture more than a sim-

Opioid Share of Email
Period Mentions Documents Markers
1980-1994 72 14-19% 0.0%
1995-1999 196 ~24% 3.3%
2000-2004 796 ~9% 9.7%
2005-2009 7,041 ~17% 11.5%
20102014 9,632 ~10% 18.8%
2015-2019 2,159 ~8% 15.3%

Table 5: Temporal distribution of opioid-term mentions
and email markers across periods.

Email markers include header elements such as From, To,
Subject, and timestamp fields.

ple medium effect.

The sharp shift after 2000 partly reflects the in-
creasing presence of internal communication such
as email, but the change in subject roles cannot be
explained solely by communication medium. In-
stead, the corpus reveals a broader transition from
product- and patient-centered discourse toward or-
ganizational coordination, corporate entities, and
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Feature Trajectories Across Periods by Subject Group
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Figure 7: Temporal trajectories of selected LIWC features across actor groups.

regulatory actors.

As a second validation test, the frequency of
mentions of opioids as a category was also mea-
sured. Early periods contain a higher proportional
share of direct references to opioid products and
medical conditions, but later periods increasingly
center on corporate actors, regulatory institutions,
and directive communication among organizational
members. This suggests a shift in the archival
record from product- and patient-focused discourse
toward internal coordination and regulatory engage-
ment.

Taken together, these results and tests indi-
cate that the observed semantic trajectories reflect
changes in what actions are attributed to actor
groups, rather than shifts in latent topic or doc-
ument similarity alone.

6 Conclusion

This paper introduced a computational pipeline for
modeling actor discourse trajectories in the Opioid
Industry Document Archive. By extracting predi-
cate structures, grouping actors, and constructing a

semantic discourse space, the method produces in-
terpretable representations of institutional commu-
nication and semantic change of subject groupings
over time.

The resulting actor trajectories reveal system-
atic differences in how corporate actors, regulators,
clinicians, and patients are positioned within inter-
nal communication and how these positions evolve
across historical periods.

These results demonstrate how structured actor—
action representations can reveal shifts in insti-
tutional discourse that are not captured by topic-
based or document-level analyses alone, and pro-
vide a foundation for more granular analysis of
responsibility, agency, and role attribution within
corporate structures.

Limitations

A key limitation is the uneven temporal distribu-
tion of documents in the archive. Early periods
(pre-2000) contain substantially fewer documents
than later periods, which are dominated by internal
corporate email. The archive also contains hetero-
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geneous document types, including reports, emails,
and legal transcripts, as would be normal for any
comprehensive corporate archive. As a result, the
observed diachronic shifts cannot be interpreted
purely as changes in that underlying corporate be-
havior; they also reflect changes in document pro-
duction, preservation, and legal disclosure. The
analysis and signal therefore also captures changes
in the archival representation of institutional dis-
course, rather than a fully controlled sample of
communication across time.

To mitigate the effects of temporal imbalance,
actor—action relations are indexed using within-
period normalization, and analysis focuses on rel-
ative deviations (z-scores) rather than raw counts.
However, comparisons between early and late peri-
ods should be interpreted cautiously, with greater
confidence placed on within-period structure and
post-2000 trends where document density is higher.

Explicit modeling of semantic action trajectories
in pre- and post-email corporate regimes could help
disentangle the effects of communication medium
from underlying institutional change. Addition-
ally, early periods remain relatively sparse despite
targeted sampling. A supplemental sampling strat-
egy for pre-1990 documents was explored, but the
combination of OCR noise, data sparsity, and devi-
ations from the random sampling design led to its
exclusion. Future work could focus on improving
SRL robustness for noisy OCR data.
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Abstract

In Conceptual Metaphor Theory (CMT), a
metaphor is a systematic mapping from a con-
crete source domain (e.g., physical load) to a
more abstract target domain (e.g., taxes), so that
reasoning about concepts in the target domain
is guided by inferences from the source do-
main (Lakoff, 1993). In this work, we propose
that since different source domains can frame
the same target in starkly different ways, the
conceptual mappings evidenced by metaphori-
cal expressions can guide computational polit-
ical discourse analysis. We present a proof-
of-concept for an unsupervised method that
uncovers salient conceptual mappings from a
corpus. Prior work in computational political
metaphor analysis has drawn on CMT, but it
typically requires a predetermined inventory of
focused source and target domains. In contrast,
we introduce a simple LLM-based method that
detects metaphorical expressions from a corpus
with strong performance, then clusters them
to approximate source domain categories. We
demonstrate its utility through a case study on
online immigration discourse, showing that the
resulting metaphor clusters provide context for
frame analysis. We conclude by outlining fu-
ture work needed to develop a robust frame-
work for conceptual metaphor discovery in po-
litical discourse.

) Code

1 Introduction

In Conceptual Metaphor Theory (CMT), a theoret-
ical framework in cognitive linguistics that origi-
nated with Lakoff and Johnson (1980), metaphors
are viewed as a fundamental structure of human
thought. They allow us to understand abstract or
unfamiliar concepts (the target domain) in terms of
more concrete or familiar ones (the source domain).
For example, in the metaphorical expression “Taxes
burden the middle class,” the source word “burden”
invokes the physical load source domain (Figure 1).

Maria Leonor Pacheco
University of Colorado Boulder
maria.pacheco@colorado.edu

source domain: physical load
i

source word

{Taxes] [burden}the middle class.

target word

target domain: taxes

Figure 1: Example of a metaphorical expression in-
spired by Lakoff (2004).

Correspondences between concepts in the source
domain and concepts in the target domain, referred
to as conceptual metaphors or conceptual mappings
(Lakoff, 1993), are thus formed: taxes are a physi-
cal load and the middle class is the carrier.

The implications of these mappings provide an
understanding of how authors frame an issue, de-
fined as “selecting some aspects of a perceived
reality and making them more salient in a com-
municating text, in such a way as to promote a
particular problem definition, causal interpretation,
moral evaluation, and/or treatment recommenda-
tion” (Entman, 1993). In our example, the problem
definition is the economic “burden” that the middle
class is “carrying,” with the implied solution being
to “lift” it through reduced taxation. Conceptual
metaphors therefore offer a useful lens for politi-
cal framing analysis. In this work, we propose an
unsupervised framework for discovering them in
a corpus, recovering the metaphorical expressions
used and the conceptual mappings they are drawn
from.

While prior frameworks have used CMT as the
scaffolding for large-scale discourse analyses, they
require a pre-defined list of expected source con-
cepts (Mendelsohn et al., 2020; Card et al., 2022;
Mendelsohn and Budak, 2025). The source con-
cepts explored are generally focused on a relatively
narrow view of metaphor, honing in on “dehuman-
izing” metaphors, in which a person or group of
people is the target concept, and the source concept
(such as “vermin” or “animals”) serves to strip the
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group of human qualities. Additionally, the target
is often fixed to a particular group such as “im-
migrants” (Wang, 2024), precluding the discovery
of other targets that may be equally relevant. For
example, in immigration discourse, one might also
be interested in how politicians, law enforcement,
or immigration policy are metaphorically framed.

Our framework, in contrast, is more flexible than
prior approaches, enabling the discovery of concep-
tual metaphors in novel datasets or discourse types
for which no established inventory of conceptual
mappings exists. This paper serves as a proof of
concept for its feasibility and usefulness in politi-
cal framing analysis. Below, we outline our main
contributions.

1. An unsupervised method for discovering con-
ceptual metaphors that first extracts candidate
word pairs with grammatical relationships asso-
ciated with metaphor use, identifies which pairs
invoke a metaphor, generates rich textual de-
scriptions for the resulting (source word, target
word) pairs, and then clusters these descriptions
so that expressions sharing a conceptual map-
ping are grouped together.

2. A case study demonstrating that the discov-
ered conceptual mappings provide signal for
frame prediction and reveal how immigration is
framed in in online political discourse.

These contributions constitute a proof-of-
concept toward an automated conceptual mapping
discovery framework for frame analysis. We close
with a discussion of the main challenges and oppor-
tunities for fully realizing this vision.

2 Background

Metaphor In their book Metaphors We Live By,
Lakoff and Johnson (1980) introduced CMT, ar-
guing that metaphor is not limited to figurative
language, but is instead a fundamental structure
undergirding our conceptual system. Metaphors,
also referred to as conceptual metaphors or concep-
tual mappings, are a sets of ontological correspon-
dences between concepts in a target domain and
concepts in a source domain, allowing patterns of
inference in the source domain to be applied to the
target (Lakoff, 1993). The theory spurred an influx
of work that, over the years, built on, criticized, and
altered the original theory (Grady, 1997; Charteris-
Black, 2016; Kovecses, 2017, 2000, 2020).

With this growing volume of metaphor work
in linguistics, Group (2007) noted a resulting

“[v]ariability in intuitions, and lack of precision
about what counts as a metaphor.” In response,
they developed the Metaphor Identification Proce-
dure (MIP), a step-by-step guide for identifying
metaphorical lexical unit in text. In MIP, an an-
notator first establishes a lexical unit’s meaning
in the given context, then determines whether the
unit has an alternative “basic” meaning (one that
is more concrete, embodied, precise or historically
older) in other contexts. If it does, the lexical unit
is metaphorical. We adopt the operationalization of
Lakoff and Johnson (1980)’s conceptual metaphors
from the Language Computer Corporation (LCC)
dataset (Mohler et al., 2016). In LCC, a metaphori-
cal expression is a two-term unit within a sentence
consisting of a lexical unit invoking a target domain
and another invoking a source domain, and both
novel and conventionalized metaphors are included.
We also use LCC to benchmark our metaphor ex-
pression identification component.

Computational Metaphor Detection and In-
terpretation Early computational work for de-
tecting and interpreting metaphors (Fass, 1991;
Martin, 1990; Narayanan, 1999; Feldman and
Narayanan, 2004; Agerri et al., 2007) relied
domain-specific, hand-annotated metaphor knowl-
edge bases such as the Master Metaphor List
(Lakoff et al., 1991), MetaBank (Martin, 1994),
and the Mental Metaphor Databank (Agerri et al.,
2007), among others. While these hard-coded ap-
proaches were powerful, they lacked broad cov-
erage (Shutova, 2010). As a result, practitioners
turned to unsupervised methods for metaphor pro-
cessing such as clustering (Mason, 2004; Shutova,
2010; Shutova and Sun, 2013; Mohler et al., 2013;
Shutova et al., 2017) and topic modeling (Heintz
et al., 2013), sometimes supplementing these ap-
proaches with knowledge from broader lexical re-
sources such as WordNet (Miller, 1994).

Since, practitioners have approached metaphor
analysis using supervised neural network and
BERT-based models (Do Dinh and Gurevych,
2016; Swarnkar and Singh, 2018; Pedinotti et al.,
2021; Li et al., 2024). However these approaches,
like early work, tend to require large hand-labeled
datasets for training and do not necessarily general-
ize well to out-of-domain data (Yang et al., 2023).

More recently, Large Language Models (LLMs)
have been assessed for their ability to detect
metaphors in an unsupervised setting (Dankin
et al., 2022; Ichien et al., 2024; Tong et al., 2024;
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Sanchez-Bayona and Agerri, 2025). For example,
Puraivan et al. (2024) evaluate a set of prompts
for obtaining a binary metaphorical classification
for a single Spanish verb, yielding high accuracy
on their test set. Tian et al. (2024) propose an ex-
plainable approach to word-level binary metaphor
detection, in which they guide the LLM’s reasoning
with CMT-based “scaffolding.” Fuoli et al. (2025)
formulate the task at the phrase level, prompting
LLMs to identify metaphorical phrases in movie re-
views. They evaluate a range of methods, including
Retrieval Augmented Generation (RAG), prompt
engineering, and model fine-tuning for their ability
to improve performance. This body of work shows
that LLLMs represent a promising avenue for unsu-
pervised metaphor detection. We follow this line
of work, using an LLM to identify metaphorical ex-
pressions and generate rich descriptions for them,
then cluster these descriptions to recover concep-
tual mappings from a corpus.

Political Metaphor and Frame Analysis
Metaphor is a powerful tool for framing political
issues, as the source domain chosen emphasizes
certain aspects of a target while backgrounding
others (Entman, 1993; Lakoft, 2004). For example,
when immigrants are described as “flooding” the
border, the evoked water source domain casts them
as an uncontrollable natural force, foregrounding
threat and overwhelm. When the same target is
described as “seeking refuge,” a very different
source domain (one of vulnerability and safety) is
evoked, inviting sympathy instead.

A substantial body of computational work has
operationalized this insight. Mendelsohn et al.
(2020) and Card et al. (2022) each include “de-
humanizing metaphor dimensions” in their respec-
tive large-scale framing analyses. Wang (2024)
presents a method for extracting metaphors from
politically-charged news articles by filtering word
pairs which can grammatically invoke a metaphor,
then using a fine-tuned RoBERTa classifier to pre-
dict a “metaphor score.” Most recently, Mendel-
sohn and Budak (2025) released a framework for
obtaining scores for seven metaphor categories as-
sociated with immigration (including “water” and
“war”). However, most of these approaches rely on
a predetermined set of source and target concepts
(Mendelsohn et al., 2020; Card et al., 2022; Mendel-
sohn and Budak, 2025), restricting their analyses to
metaphors that are already well-documented for a
particular topic. While Wang (2024) addresses this
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with an unsupervised method designed to uncover
new source concepts from metaphorical verbs, they
limit their consideration to target nouns referencing
immigrants. We present a first step toward address-
ing these limitations with an unsupervised, auto-
mated framework that generalizes to new topics
without a pre-conceived notion of expected target
or source concepts.

3 Inducing Metaphors

In CMT, metaphorical expressions in natural lan-
guage serve as evidence for the conceptual map-
pings which underlie them. Building on this, we
present an unsupervised method for identifying
metaphorical expressions, paired with a clustering
approach to group those that share a conceptual
mappings. Following Mohler et al. (2016), we
treat metaphorical expressions as within-sentence
(source word, target word) pairs that gram-
matically invoke a metaphor, where the source
word has an alternative “basic” meaning (one that
is more concrete, embodied, precise or historically
older) in other contexts (Group, 2007).

Although other parts of speech can grammat-
ically invoke a metaphor, we follow prior work
(Shutova et al., 2010) in limiting our scope to
metaphors composed of a source verb and a target
noun. This choice serves three purposes. First,
it makes our framework more computationally
tractable. Second, focusing on target nouns aligns
our work with prior work on politically-charged de-
humanizing metaphors (whose targets are typically
nouns), giving us a meaningful point of compar-
ison. Third, limiting source words to verbs lets
us take advantage of recent work demonstrating
high LLM performance on identifying metaphori-
cal verbs (Puraivan et al., 2024).

3.1 Extracting Candidate Metaphorical
Expressions

Prior work shows that metaphors occur in a limited
set of grammatical patterns (Petruck and Dodge,
2016). We use this knowledge to extract a set of
candidate (source verb, target noun) pairs
from each sentence in a given corpus. We fol-
low the procedure in Wang (2024), identifying all
(verb, noun) pairs in each sentence, then use
the spaCy python library' to determine the short-
est dependency path (SDP) between each pair. If
the SDP matches one of the pre-defined metaphor-
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ical construction patterns (shown in Table 7), the
corresponding target and source word pair are con-
sidered a metaphor candidate.

3.2 Metaphorical Expression Detection

To confirm whether a target and source word pair
are in fact metaphorical, we prompt an LLM
in a zero-shot setting to generate a “metaphor
salience score” between 0 and 1, representing how
likely a human would be to recognize the source
verb as metaphorical in its sentence context. Be-
cause LLMs have been shown to over-classify
metaphors in binary classification settings (Hicke
and Kristensen-McLachlan, 2024), the continuous
scores let us calibrate predictions to the task. We
also prompt the LLM to generate a rich natural-
language explanation for each identified metaphor,
which we later use to cluster expressions with simi-
lar conceptual mappings. The prompts for this step
are adapted from Puraivan et al. (2024) and can be
found in the Appendix, Figure A.1.

3.3 Grouping Metaphors of Similar Domains

Source Domain Groups To identify groups of
metaphors likely to invoke the same source do-
main, we cluster the LLM-generated explanations
of each metaphorical expression (Table 1) using
the K-means algorithm with cosine similarity. We
embed each metaphor explanation with SBERT us-
ing the all-MiniLM-L6-v2 model (Reimers and
Gurevych, 2019). While this model was originally
designed to produce sentence-level embeddings, it
has been successfully used to produce document-
level embeddings (Zhang et al., 2025). We test a
variety of cluster counts, incrementing by 25 where
the minimum is 25 and the maximum is 300.

Target Domain Groups To identify metaphors
that map to the same target domain, we first es-
tablish a set of canonical target domains through
a human-in-the-loop process. We begin by catego-
rizing each metaphorical target noun as a “Person,”
“Place,” or “Thing” using a zero-shot LLM prompt.
Within each category, we embed target nouns using
SBERT (all-MinilLM-L6-v2) and apply K-means
to cluster semantically similar nouns, selecting k
using the elbow method. We then hand-annotate
the resulting groups to arrive at a canonical set
of target domains per noun category, producing a
hierarchical set of canonical target families such
as those shown in Table 4. Finally, we prompt
an LLM in a zero-shot setting to map each target

noun in context to its canonical target domain. All
prompts are provided in Appendix A.4.

4 Evaluation

In this section, we introduce the datasets used
for evaluation and assess the quality of each
pipeline component, including candidate extrac-
tion, metaphor detection, and source and target
grouping.

4.1 Datasets

We evaluate our metaphor detection component
(Section 3.2) using a portion of the English LCC
dataset (Mohler et al., 2016). The LCC is a col-
lection of general-domain excerpts annotated with
source and target span tags and a metaphoricity
score between 0 and 3 (inclusive). Each excerpt
is also associated with target domains spanning a
wide range of topics such as “guns,” “migration,”
and “abortion”. The full dataset contains ~ 78, 000
annotated excerpts. However, because our method
centers on identifying metaphorical (source verb,
target noun) pairs, we focus on instances where
the target and source spans include only a single
word and where the source span is a verb, and
the target span a noun. This results in a set of
~ 10, 000 excerpts, with 5, 733 postive and 4, 285
negative examples. The distribution of metaphor
scores for this set is shown in Figure 6. We include
additional information, including a full list of target
domains and the metaphoricity score distribution,
in Appendix A.2.

To evaluate the quality of the resulting metaphor
groups (Section 3.3), we use a dataset of English
tweets about immigration released by Mendelsohn
and Budak (2025). This dataset has two splits;
the first split contains ~ 1,600 tweets annotated
with tweet-level metaphoricity scores between 0
and 1 and a label mapping it to one of eight source
domains (animal, commodity, parasite, pressure,
vermin, war, water, and domain-agnostic). The
second split contains ~ 35, 000 tweets that do not
include labels for metaphoricity.

4.2 Quality of Candidate Pairs

We recruit three graduate students to annotate 100
metaphor (source verb, target noun) pairs au-
tomatically extracted from the LCC dataset to eval-
uate the quality of our candidate extraction. Two
are computer scientists and the third is a linguist.
Annotators were instructed to determine whether
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Score Explanation

0.0 enslaved is used literally. It refers to the historical reality of African slaves in European Colonies.
0.7 used is applied metaphorically to the concept of anti-blackness, framing it as a tool.

1.0 support is applied metaphorically, framing a political stance as structural reinforcement.

Table 1: Examples of Qwen 3 metaphoricity scores and explanations.

LCC Score Thresholds

1 2 3

Random 0.495 0.496 0.499
Llama3.2 0.590 0.603 0.619
Qwen3 0.794 0.783 0.781

Table 2: ROC-AUC scores for our metaphoricity scores
with different LCC metaphoricity score thresholds used
to determine positive samples.

‘ precision recall f1

Random thresh = 0.2 0.570 0.792 0.663
thresh = 0.3 0.568 0.690 0.623

RoBERTa 5-fold 0.817 0.809 0.812
generalize 0.780 0.785 0.781

Llama3.2  binary prompt 0.580 0.991 0.732
score prompt 0.588 0975 0.733

Qwen3 binary prompt 0.828 0.752 0.788
score prompt 0.802 0.782 0.792

Table 3: Results of baseline and our models on the
LCC dataset. Our metaphor score prompt with Qwen3
outperforms all other models.

each pair constitutes a valid metaphor candidate.
Pairs were doubly-annotated with a third annotator
breaking ties. We obtained a Krippendorf’s « of
0.893 and determined an accuracy of 0.891.

4.3 Quality of Metaphor Identification

We evaluate the quality of our metaphor identifica-
tion component using the LCC dataset. We assess
both the correlation of our continuous metaphoric-
ity scores with human annotations and the perfor-
mance of our method on a binary classification
task, comparing against supervised methods and a
random baseline.

Metaphoricity Thresholds A key advantage of
our continuous metaphoricity score is its flexibility.
By adjusting the threshold, practitioners can tune
the system toward capturing subtle metaphorical
language or restricting it to only the most salient
instances. We evaluate this claim by computing
the Spearman correlation between our continuous
metaphoricity scores and the hand-annotated four-

point scores provided with the LCC dataset. We
find that Qwen3-8B (Team, 2025) produces scores
that correlate moderately well with human judge-
ments (p = 0.564), while L1ama3.2-3B (Dubey et
al, 2024) shows only weak correlation (p = 0.211).
This suggests that our continuous score is informa-
tive when paired with a capable model.

We also report ROC-AUC scores at various
LCC metaphoricity score thresholds (Table 2). We
find that Qwen3 salience scores are moderately
predictive of the binary metaphor label at every
LCC threshold, significantly outperforming both
Llama3. 2 and the random baseline. This supports
our claim that practitioners can set a threshold
suited to their task.

Binary Classification Since our scores are on a
different scale from the LCC annotations (a contin-
uous score from O to 1 versus a four-point scale),
evaluation is not straightforward. Following Wang
(2024), we reframe evaluation as a binary classifi-
cation task, assigning negative labels to excerpts
with a metaphoricity score of 0 and positive labels
to those with a score of 1 or greater. Because we
are interested in capturing even subtle metaphor-
ical instances, this mapping aligns well with our
goals. We report results at the threshold achieving
the highest F1 score in Table 3. A full analysis with
various thresholds is included in Appendix A.4.

We compare our prompting method against two
alternative methods: a random baseline that assigns
uniform random scores and a supervised RoOBERTa
classifier following Wang (2024), which fine-tunes
the model on the LCC dataset using source span
embeddings as input to the classification layer. For
RoBERTa, we use 5-fold cross-validation and re-
port micro-averaged results. To assess generaliza-
tion across domains, we also evaluate RoBERTa in
a leave-one-domain-out setting, fine-tuning on all
but one target domain and testing on the held-out
domain, and micro-averaged across all 32 domains.

The results are shown in Table 3. As expected,
the supervised model achieves the highest macro
F1, benefiting from in-domain training data. Our
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Category
Person Groups

Canonical Groups

<

“immigrants”, “non-immigrant u.s. citi-
» o«

zens”, “politicians”, “law enforcement”,
“government”, “other”

Place Groups ~ “U.S Country”, “U.S. State”, “U.S. City”,
“Non-U.S.”, “unclear”
Thing Groups  “immigration”, “money”, “idea/opinion”,

9

“abstract concept”, “other”

Table 4: Canonical target domains identified in hand-
annotated set of tweets about immigration.

prompting method with Llama3.2 significantly
over-classifies metaphor, achieving high recall at
the cost of precision. However, our binary and
score-based prompting methods with Qwen3 per-
form competitively, and given that our approach
requires no labeled data, we expect it to generalize
more reliably to new domains and corpora.

To account for the possibility that the LCC
dataset appeared in the pretraining data for Qwen3
and inflated our results through data leakage, we
additionally evaluate on a held-out set of exam-
ples with no publicly-available metaphor labels.
We sample 100 (source verb, target noun)
pairs from the unlabeled corpus of immigration-
related tweets, balanced across LLM-generated
metaphoricity scores, and have an author of the
paper independently annotate each as “Metaphor-
ical” or “Literal” using MIP (Group, 2007). We
obtain an F1 score of 0.696 for this set, confirm-
ing the relatively high performance of the Qwen3
score-based prompting method.

4.4 Quality of Domain Groups

We assess our target and source domain grouping
methods using the immigration dataset. For the
source domains, we measure the predictive signal
of our induced groups for Mendelsohn and Budak
(2025)’s source domain labels, accompanied by an
intrusion test and qualitative analysis of the result-
ing groups. For the target domains, we conduct
an annotation study to evaluate the quality of the
group assignments.

4.4.1 Source Domain Groups

Predictive Signal Analysis To assess whether
our induced source domain groups capture mean-
ingful information, we frame the evaluation as a
classification task—given a metaphorical tweet,
predict the source domain labels of Mendelsohn
and Budak (2025). To isolate the signal contributed
by the groups themselves, we represent each tweet

Metaphor Source Domain Prediction with Various Cluster Sizes

Macro F1

50 100 150 200 250 300
k

Best Combination Model
---- Random Baseline

—— Source Group Cluster Model
—— Tweet Cluster Model

Figure 2: Performance of logistic regression models
trained with various feature vectors. Best performance is
achieved when metaphor source group cluster (k = 50)
and tweet cluster (K = 75) information is combined
(yellow).

solely by its source domain group memberships,
without incorporating any textual information, and
train a logistic regression classifier on this repre-
sentation, restricting to tweets with a metaphoricity
score exceeding 0.3. To do this, we construct fea-
ture vectors of length k, where k is the number of
clusters used to group LLM-generated metaphor
explanations. All values of the feature vector are
initialized to 0. If the tweet contains a metaphorical
(source verb, target noun) pair that belongs
to a given cluster ¢, the feature at index i is set to
the metaphor salience score for the pair. If a sin-
gle tweet has multiple pairs belonging to the same
cluster, we take a mean of the metaphor scores.
We note that our source domain groups, induced
at the verb level from general metaphorical lan-
guage, are not directly comparable to Mendelsohn
and Budak (2025)’s tweet-level labels, which are
assigned from a pre-defined set of dehumanization-
focused domains. We therefore expect a perfor-
mance ceiling, and instead focus on whether our
induced groups carry meaningful predictive signal
independent of the underlying text.

We compare against two baselines: a random
baseline, and a Tweet Cluster Model, a logistic re-
gression classifier using the same feature vector
approach but clustering tweet context embeddings
directly rather than metaphor explanations, serving
as a metaphor-agnostic point of comparison. We
also report the best performance obtained by com-
bining the Source Domain Cluster and the Tweet
Cluster feature vectors for all values of k.

Macro F1 scores for this predictive signal anal-
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Source Domain Metaphor Explanations

“physical object” (1) exhibited is used metaphorically, framing patriotism as a tangible object that can be displayed.
(2) shows is used metaphorically, framing madness as something that can be physically displayed.
(3) expose is used metaphorically, framing the political intentions as the physical act of uncovering.

“money” (1) paying is used metaphorically, framing the act of allocating attention as a financial transfer.
(2) fund is used metaphorically, framing policy support for immigration as financial backing.
(3) cost is used metaphorically, framing losing lives as a monetary expenditure.
“war” (1) won is used metaphorically, framing a political struggle as a physical battle with a clear victor.

(2) fought is used metaphorically, framing the struggle for sovereignty as physical combat.

(3) win is used metaphorically, framing a political or strategic struggle as a physical battle to be won.

Table 5: Qualitative analysis of source group clusters from online immigration discourse.

ysis are shown in Figure 2. The results show that
the models trained on the metaphor and tweet clus-
ter feature vectors each outperform the random
baseline across various values of k. Maximum per-
formance is achieved by combining the two feature
vectors, suggesting that the verb-level metaphor
groups and text-based tweet groups capture comple-
mentary information for identifying Mendelsohn
and Budak (2025)’s tweet-level source domains.

Intrusion Test We also evaluate the resulting
source domain groups with an intrusion test. We
evaluate the Metaphor Level clusters with k£ = 50
(see Figure 2). We construct triplets of LLM-
generated metaphor explanations where two sam-
ples are from a given cluster and the third is from
a different cluster. Annotators are asked to iden-
tify the intruder, i.e., the sample that does not fit
with the others. We construct 100 triplets under
three difficulty settings by ranking samples within
each cluster by proximity to the centroid. In the
“easy” setting (33 triplets), the two matching sam-
ples are drawn from the top 25% of the cluster,
making them more semantically similar and easier
to distinguish from the intruder. In the “medium”
setting (33 triplets), they are drawn from the top
50%, and in the “hard” setting (34 triplets), from
the top 75%. Each triplet is annotated by two an-
notators. We obtain a Krippendorff’s o of 0.939,
indicating high agreement and suggesting that the
clusters are cohesive across difficulty levels.

Qualitative Analysis We inspect clusters for co-
hesiveness and identify source domains that are
well documented CMT. Table 5 shows three ex-
amples: “physical object,” “money,” and “war”
(Lakoff and Johnson, 2024).

4.4.2 Target Domain Groups

We identify 16 canonical target domains, shown in
Table 4. To evaluate the quality of the target do-
main assignments, we recruit three students (same
as Section 4.2) to annotate 100 randomly selected
(source noun, target group) pairs with a
metaphoricity score greater than 0.3. For each pair,
annotators determine whether the example maps to
the specified target noun and domain groups.

The annotators achieve a Krippendorff’s o of
0.728 on noun group membership and 0.849 on
target domain membership. Qwen3 assigns noun
groups with an accuracy of 0.913 and target do-
mains with an accuracy of 0.717.

5 Case Study on Immigration Discourse

In this section, we outline our case study on im-
migration discourse. We use the larger split of
~ 35,000 immigration tweets, which include in-
duced general policy frame, issue-specific frame,
and narrative frame labels. These frames represent
media frames, i.e., interpretive lenses used to em-
phasize particular aspects of an issue and shape
how it is understood in public discourse. Our anal-
ysis is designed to ascertain whether the metaphor
source domain clusters contribute signal for predict-
ing frame labels. A detailed explanation for each
frame can be found in Mendelsohn et al. (2021).

Predictive Signal We train and evaluate three
logistic regression classifiers for frame label pre-
diction: (1) Source Group Cluster Model (2) Tiveet
Cluster Model and (3) Best Combination Model.
Features for these models are described in Section
4. We select k, the number of clusters for each
model, based on the results shown in Figure 2,
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Predictive Signal for Issue Specific Frames
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Figure 3: Performance of logistic regression models
trained with various feature vectors to detect Issue Spe-
cific Frames in a dataset of tweets about immigration.

Predictive Signal for Narrative Frames
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Figure 4: Performance of logistic regression models
trained with various feature vectors to detect Narrative
Frames in a dataset of tweets about immigration.

where maximum performance is achieved when
metaphors are clustered with k¥ = 50 and tweets
are clustered with k¥ = 75. Macro F1 results for
predicting issue-specific frames are shown in Fig-
ure 3, narrative frames are shown in Figure 4, and
general frames are shown in Figure 5.

We find that each of the three models typically
outperforms the random baseline in predicting
frame labels. An exception is that the Source Group
Cluster Model fails to outperform the random base-
line to predict “Episodic,” “Security and Defense,”
and “Crime and Punishment” frames. The Tweet
Cluster Model outperforms the Source Group Clus-
ter Model for all frames. Consistently, the Best
Combination Model achieves the best Macro Fl1,
outperforming the Tweet Cluster Model in predict-
ing the “Hero,” “Thematic,” “Health and Safety,”
“Policy Prescription and Evaluation,” and “Crime
and Punishment” frames. This shows that while our

induced metaphors do not provide more signal for
frame labels than the tweet context, they enhance
it, suggesting that metaphors provide complemen-
tary information beyond the tweet text. These re-
sults are statistically significant at p = 0.05 af-
ter Nadeau-Bengio corrections, calculated with a
paired t-test.

Qualitative Analysis We identify and describe
source domain clusters with high feature impor-
tance for predicting a selection of frames in Table
6. This analysis shows relatively intuitive links be-
tween frames and clusters. For example, a cluster
encompassing metaphorical uses of “build” is asso-
ciated with the “Hero” frame, while metaphorical
uses of “kill” are associated with both the “Health
and Safety” and “Crime and Punishment” frames.
However, this analysis also reveals some weak-
nesses in our clustering process. For example, clus-
ter (14), associated with “make” is not cohesive.
The physical act of creating something is applied
to a wide range of abstract processes.

Qualitative analysis of Dehumanizing
Metaphors We examine the resulting clusters for
evidence of the dehumanizing metaphorical source
domains widely studied in immigration discourse
(Card et al., 2022; Mendelsohn and Budak, 2025).
We find that metaphorical expressions which
link to common dehumanizing source domains
were not sorted cleanly into individual clusters.
Instead, many of the dehumanizing metaphors
congregated in the same “dehumanization” cluster,
encompassing verbs such as “flooding” and
“drowning” which maps to the “natural disaster
domain” as well as “caged,” which maps to the
“animal” source domain. Prior work shows that
these two source domains tend to be used by
speakers with opposing stances on immigration
issues, with the “natural disaster’” domain favored
by the right, and the “animal” domain favored by
the left (Mendelsohn and Budak, 2025). Conflating
them in a single cluster therefore obscures
politically meaningful distinctions, motivating a
more sophisticated grouping process for frame
analysis in politically charged discourse.

6 Conclusion and Future Work

In this work, we developed an unsupervised method
informed by CMT for identifying metaphorical ex-
pressions and grouping them to surface concep-
tual mappings that produce similar framings of
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Figure 5: Performance of logistic regression models trained with various feature vectors to detect General Frames.

Frame

Important Cluster Descriptions

Hero

(34) Vote, count, elect and cast applied to contexts where literal voting is impossible. It is extended
metaphorically to imply influence, endorsement, support, or removal.

(24) Build, create, construct, and manufacture applied to abstract outcomes (e.g., nations, crises,
policies) Physically bringing something into existence is mapped onto causing or establishing.

(14) Make across a wide range of constructions applied to abstract outcomes. The physical act of
making something is mapped onto a sprawling set of non-physical processes.

Health and Safety

(16) Kill and murder applied to people, groups, policies, institutions. Causing physical death is
mapped onto the abstract processes of damaging, undermining, endangering, etc.

(25) Hit, attack, target, shoot, blast (physical violence verbs) are mapped onto criticism, opposition,
and strategic effort directed against people, policies, and institutions.

(6) Hurt applied to countries, economies, communities, etc. Physical suffering is mapped onto being
adversely affected by policies, economic forces, social conditions, or interpersonal actions.

Crime and Punishment

(16) described above

(21) Fix applied to immigration systems, laws, crises, policies. Mending an object is mapped onto
addressing, reforming, or resolving systemic dysfunction in laws, institutions, and social conditions.

(45) Break, cut, tear, and rip applied to laws, systems, families, promises, countries. Destroying
objects is mapped onto transgressing rules, dismantling relationships, and reducing resources.

Table 6: Descriptions of clusters important for predicting various frames.

an issue. Our framework achieves strong perfor-
mance on unsupervised metaphorical expression
detection, and the induced conceptual mappings
are both quantitatively coherent (as measured by an
expression-intrusion task) and qualitatively mean-
ingful, capturing several well-documented source
domains from the CMT literature. A case study on
online immigration tweets demonstrates that the
induced conceptual mappings provide predictive
signal for frame labels and offer an interpretable
way to study the relationship between conceptual
metaphors and framing.

These results constitute a proof-of-concept for
an automated conceptual mapping discovery frame-
work. We identify three main directions for fully
realizing this vision. First, we require a more thor-

ough evaluation to conclude that our framework
is domain-agnostic. Here we present a case study
on immigration discourse, a domain where polar-
ized metaphor usage is well-documented. In future
efforts, we must determine if we can uncover in-
teresting insights for other contentious domains
where metaphor is understudied, such abortion or
gun control. Second, we must develop and evalu-
ate a method for mapping source words to distinct,
named source concepts (rather than unnamed clus-
ters) for more explicit conceptual mapping discov-
ery. Third, for richer frame analysis, we must de-
velop a method to induce Entman (1993)’s frame el-
ements from the discovered conceptual mappings.
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Limitations

This work has two main limitations. First, further
evaluation is needed to determine how well our
metaphorical phrase detection component general-
izes to new domains and types of documents. In
addition, we present only one case study on immi-
gration discourse, which offers a limited view of
the broader applicability of our approach.

Second, while we use a clustering approach to
approximate source domain groups, we do not ex-
plicitly map metaphorical source words to distinct
source concepts. Similarly, we do not explicitly
explore the connection between the induced source
and target concepts, which could provide additional
insights and potentially guide improvements in
metaphor induction.

Ethical Considerations

We recognize that using an LLM-based approach
in a politically-charged domain may necessarily re-
sult in some biases and thus acknowledge a degree
of uncertainty in reporting all results. We leave ex-
ploration of the specific biases of the Qwen3 model
in this area to important future work. Additionally,
while one goal of this paper is to call attention to
and condemn the use of dehumanizing metaphors,
we recognize the potential for this line of work to
reinforce such biases or for it to be utilized by bad
actors.
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A Appendix
A.1 Additional Metaphor Induction Details

In Table 7 we present the five constructional pat-
terns used to filter (verb, noun) pairs which can
grammatically induce a metaphor. In Table 7 we
show a sample of LLM metaphor salience score ex-
planations, which are clustered to group metaphors
with similar source domains.

A.2 Additional Dataset Details

Table 8 and Figure 6 shows the distribution of hand-
annotated metaphoricity scores for the 10,018 doc-
uments from the LCC dataset used to evaluate our
metaphor classification method. Table 9 shows the
hand-annotated target domains for this set.

A.3 Additional Binary Metaphor
Classification Results

Table 10 shows a detailed classification report of
our implementation of the supervised metaphor
classification component presented in (Wang,
2024). Our classifier achieves an F1 score of 0.809
on all positive classes (metaphor score greater than
0), resulting in a macro F1 score of 0.810 when
the task is viewed from the binary classification
perspective. These results are very similar to those
achieved by (Wang, 2024), who presented an F1
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Construction Pattern

Example

S_VERB-dobj-T_NOUN
T_NOUN-nsubj-S_VERB

S_VERB-agent-ADP-pobj-T_NOUN

S_VERB-amod-T_NOUN
T_NOUN-nsubjpass-S_VERB

“I gave you that idea.”
“@travel quickly.”

“That idea gnaws at my mind.”
“That idea sings.”

“My idea was shot down.”

Table 7: Constructional patterns used to filter SDPs which may invoke a metaphor. Italics in the “Construction
Pattern” column represent relation types between tokens. Source verbs and target nouns are underlined in the

“Example” column.

LCC Score Count
0 4,285
1 1,671
2 1,677
3 2,385
1< 5,733
total 10,018

Table 8: Distribution of metaphor scores for the portion
of the LCC dataset used for evaluation.
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Figure 7: Llama 3.2-generated metaphor salience scores
for (source verb, target noun) pairs extracted from
the LCC dataset.

score of 0.86 on samples with a metaphor score of
0 and 0.83 on those with a score greater than 0.

A4 Additional Metaphoricity Threshold
Analysis

Tables 7 and 8 show the distribution metaphor
salience scores for (source verb, target noun)
pairs in the LCC dataset. Table 11 shows the per-
formance of the scores on the LCC dataset for
metaphor classification at various thresholds.

171

LCC Target Domain Count

guns 2013
mental concepts 1577
government 1025
democracy 673
elections 613
bureaucracy 603
poverty 581
taxation 498
wealth 430
religion 409
money 313
disease 231
migration 152
intellectual property 125
taxpayers 104
taxes 99
islamic 86
terrorism 85
gun debate groups 79
gun rights 78
politicians 78
marriage 45
drug trafficking 40
welfare 23
debt 16
climate change 15
abortion 13
demographics 11
control of guns 3
total 10018

Table 9: Hand-annotated target domains for all excerpts
in the English LCC dataset used for evaluation. The
dataset spans a wide variety of topics, making it an
optimal resource for evaluating computational methods
for general metaphor detection.



precision recall fl-score support

0 0.778 0.848 0.812 2403
1 0.438 0.347 0.387 654
2 0.399 0.403 0.401 705
3 0.718 0.668 0.692 1218
accuracy 0.675 0.675 0.675 0.675
macro avg 0.583 0.566 0.573 4980
weighted avg 0.665 0.675 0.669 4980

Table 10: RoBERTa classifier performance trained and
tested on the complete LCC dataset. Here the task is
formulated as a multi-class classication task to predict
metaphor scores 0-3.

Distribution of Qwen 3 Metaphor Scores

3000
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Figure 8: Qwen 3-generated metaphor salience scores
for (source verb, target noun) pairs extracted from
the LCC dataset.
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Threshold 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Random Baseline 0.699 0.663 0.623 0.579 0.525 0.462 0.386 0.291 0.158 0
Llama 3.2 0.732 0.733 0.732 0.732 0.731 0.731 0.725 0.705 0.333 0.027
Qwen 3 0.787 0.790 0.792 0.791 0.791 0.786 0.778 0.733 0.613 0.426

Table 11: Macro F1 performance of our method on the LCC dataset at different score thresholds. LCC documents
with a metaphorical score of 1 or higher are considered metaphorical. Documents with an LLM score above the
threshold are predicted to be metaphorical.
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System Prompt

You are an annotator who is developing a dataset for measuring metaphors. Your response
should be in JSON format with the key ‘metaphor_salience_score’ and a value between @ and
1 that indicates how salient the metaphor invoked by the specified verb is. Additionally,
in the JSON, you should indicate with the key ‘explanation’ the justifications for your decision.

Desired JSON: {‘metaphor_salience_score’: float, ‘explanation’: ‘your reasoning for
the answer’}.

Do not generate anything else.

User Prompt

Analyze the use of the specified verb in the sentence provided. Focus only on determining
whether this verb, in its specific use within the sentence, is used literally, that is,
describing the physical action, or whether it is used metaphorically, where the use of
the verb transcends its original meaning without referring directly to a physical action,
such as, for example, giving some kind of personification or animalization of an object.
It is important to distinguish the specific lexical analysis of the verb from any broader
metaphorical interpretation that may arise from comparisons or conceptual equivalences present
in the sentence.

Please give a score between @ and 1 (inclusive) that indicates how salient the metaphoricity
of the specified verb is. © indicates that the verb is very obviously used literally and 1
indicates that the verb is very obviously used metaphorically. A score of 0.5 indicates that

the metaphor would only be noticed by half of human readers. Please provide your evaluation
focusing solely on the specified verb.

Prompt A.1: Metaphor salience score extraction.

System Prompt

You are a grammar expert building a dataset for noun classification. Your task is to
determine whether the target noun is a person (or group of people), place, or thing.

Desired JSON: {‘noun_classification’: ‘[person/place/thing]’}.

Do not generate anything else.

User Prompt

Is the the target noun specified below a person (or group of people), place or thing?
You may use the context sentence to help make your decision, but please provide your answer

focusing solely on the specified noun.

TARGET WORD: <target word to classify>
SENTENCE: <context sentence of target word>

Prompt A.2: Assigning person, place, or thing classifications to target words.
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System Prompt

You are an annotator who is developing a dataset for analyzing metaphors. Your task
is to characterize how metaphors are being used to characterize a particular person or group
of people. For each submission, you will identify the target group that matches the provided
metaphor target word.

ANNOTATION GUIDELINES

- Map the identified nouns to the most appropriate group.

- If no group from the provided list adequately represents the target, assign it to ‘Other’.
This includes nouns that are tangentially related but don’t fit well into any specific
predefined category, as well as nouns from completely different domains or contexts.

Desired JSON: {‘target_group’: [‘Identified character group from predefined list’]}.

Do not generate anything else.

User Prompt

Please provide an evaluation focusing solely on the metaphor target noun.
DOMAIN: <corpus domain>

GROUPS: <identified target domains>

TARGET WORD: <target word to classify>
SENTENCE: <context sentence of target word>

Prompt A.3: Assigning target domains to target words.
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Abstract

Large language models (LLMs) are increas-
ingly used to simulate public opinion, yet their
validity in sensitive policy domains remains un-
derexplored. We evaluate whether LLMs can
reproduce attitudes toward suicide prevention
policies using 32 questions drawn from seven
nationally representative U.S. surveys (2023-
2025). We systematically vary demographic
conditioning (race/ethnicity, gender, age, ed-
ucation, income, party), prompt framing (di-
rect elicitation, respondent embodiment, spe-
cialist embodiment), and model architecture
(GPT-5 Nano, DeepSeek V3.2, Meta Llama
3.1 8B, Mistral Small 24B). Across 811,560
prompts, the mean absolute error—the average
gap between predicted and human response
distributions—is 23 percentage points. We
also find that LLM responses to demographic-
conditioned prompts diverge substantially from
prompts without demographic information. In
short, what distribution LLMs draw on when
generating responses to sensitive polling ques-
tions remains unclear. Model choice matters
more than framing for accuracy, whereas re-
fusal behavior varies sharply across models and
prompt designs. Our findings highlight the lim-
itations of LLMs for social simulation in the
context of sensitive topics.

1 Introduction

Suicide is one of the leading causes of death in
the US, with 1 death every 11 minutes based on
2023 data (Centers for Disease Control and Pre-
vention, 2025). Suicide is a multifactorial issue
with risk and preventative factors at several lev-
els, from social drivers (e.g., economic policies,
discrimination) to community (e.g., exposure to
violence, access to mental healthcare) and individ-
uals (e.g., mental health issues). Preventing suicide
thus requires a package of interventions, which
would be enacted by policymakers in part based on
perceived support from constituents (Purtle et al.,

mv@317a@american.edu

pgiabban@odu.edu patrickwu@american.edu

2025). While constituents may agree that suicide
is preventable and a public emergency, opinions
can diverge widely on which actions should be
taken (Munsch et al., 2020). Understanding pub-
lic attitudes toward suicide prevention policies is
thus essential to assess the political feasibility of
interventions. However, measuring these attitudes
is methodologically challenging because many of
the most consequential policy levers (e.g., firearm
regulation, public financing of healthcare) are po-
litically and morally charged. Survey research
on sensitive topics (Dixon et al., 2020; Stone and
McGinty, 2018) shows that respondents may strate-
gically edit answers, refuse items, or give mode-
dependent responses to avoid embarrassment or
perceived repercussions, which can bias estimates
of policy support. There is also evidence that opin-
ions on suicide-relevant policies can systematically
vary by socio-demographic groups: women sup-
port safe storage laws more than men (Crifasi et al.,
2021), higher education is associated with more
support for government spending on mental health-
care (Barry and McGinty, 2014), and racial minori-
ties have a higher support for school mental health
programs (Hemauer and Warner, 2025). Such pat-
terns echo broader survey research demonstrating
that social desirability and reporting tendencies dif-
fer by group characteristics, reinforcing the need
to analyze attitudes within key demographic strata.

Recent advances in large language models
(LLMs) have opened a new methodological pos-
sibility: using these models to simulate survey re-
spondents and other social-scientific agents (Hor-
ton et al., 2023). Because LLLMs are trained on a
vast corpus of digital text and media, they embed
a great deal of knowledge about how people from
different backgrounds discuss sensitive topics, in-
cluding suicide prevention. A growing body of lit-
erature has explored whether LLMs can reproduce
aggregate patterns of public opinion on political,
social, and health-related issues (see, e.g., Argyle
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et al., 2023; Lee et al., 2024; Jiang et al., 2025). If
LLMs can generate responses that approximate real
survey distributions, particularly when conditioned
on demographic attitudes, they could serve as a
complementary tool to study attitudes that shape
the political feasibility of suicide prevention poli-
cies across socio-demographic groups. The ability
to repeatedly run virtual surveys at low or no cost
via LLMs also enables us to explore nuanced pol-
icy parameters: for instance, there are gradients of
support rather than binary positions when it comes
to firearm regulation (Anestis et al., 2025), and the
fact that many are unwilling to pay higher taxes
is more nuanced when we consider budget trade-
offs (Johnson et al., 2021). As a result, LLMs could
help to systematically assess tolerance thresholds.

However, these benefits can only be unlocked
if LLMs can faithfully simulate public opinions
on a topic as sensitive as suicide. Prior work on
LLM opinion simulation has focused on attitudes
to political domains where information is relatively
well-represented in the underlying training data. In
particular, Chi and Lei (2026) developed a frame-
work that uses LLMs to augment surveys on sui-
cide, producing a mental-health screening score
shaped by representational risk (who the LLM re-
spondents are) and response risk (what they say).
However, there is a paucity of studies that exam-
ine policy attitude distributions through LLMs for
suicide prevention. This is a challenging task for
LLMs, as the real-world difficulty of eliciting at-
titudes about suicide prevention is compounded
by technical challenges: guardrails are often trig-
gered on topics related to self-harm (Gandee et al.,
2024) and the framing of the prompt (e.g., ‘you
are an individual from a socio-demographic group’
vs. ‘you study individuals’) can substantially alter
the distribution and accuracy of its outputs. Socio-
demographic persona assignment can also induce
explicit abstentions and implicit reasoning errors
in LLM outputs (Gupta et al., 2024). To the best
of our knowledge, how well LLMs can simulate
attitudes to suicide prevention policies has not been
systematically examined.

Our main contribution is to provide the first
systematic study on how well LLMs can simu-
late attitudes to suicide prevention policies. To
achieve this goal, we evaluate LLM-simulated sur-
vey responses against ground-truth data from seven
surveys of public attitudes toward suicide preven-
tion. We systematically vary three dimensions:
(1) the demographic profile assigned to the sim-

ulated respondent or the simulated expert on public
opinion, including race/ethnicity, gender, age, ed-
ucation, income, and political party identification;
(2) the prompting framing used to elicit responses,
through direct elicitation, expert embodiment, or
respondent personas; and (3) the LLM architecture,
considering four choices (GPT-5 nano, DeepSeek-
V3.2, Qwen3-32B, Meta Llama 3.1 8B Instruct).
This design supports three research questions:
RQ1 How accurately do LLMs reproduce the aver-
age and range of attitudes on suicide preven-
tion across demographic groups?
RQ2 How do prompt framing (direct elicitation,
expert embodiment, respondent embodiment)
and model type affect the fidelity of LLM-
simulated suicide attitude responses?
RQ3 Does the rate of LLM response refusals de-
pend on prompt framing or model type?

The remainder of this paper is structured as fol-
lows. As our paper is at the confluence of survey-
ing suicide prevention policies and simulations via
LLMs, Section 2 grounds our approach in both
strands of literature. Then, Section 3 details our
methods from data collection and prompt genera-
tion to the analysis with respect to each RQ. Our
results are presented in Section 4 and contextual-
ized along with limitations in Section 5.

2 Related Work

2.1 Suicide Prevention: Policies and Opinions

Using the National Survey on Drug Use and Health,
recent analyses point to an increase of 21.7% in sui-
cidal ideation from 2015 to 2019, with a significant
increase of 44.6% among young adults (Samples
et al., 2025). When considering the high cost of
lost life years together with reduced quality of life
and medical care costs, the annual economic cost of
suicides in the US averages $484 billion (Peterson
et al., 2024). There is thus a pressing public need
to prevent suicide across all stages, starting with
reducing suicidal ideation (e.g., by creating pro-
tective environments), avoiding suicide attempts
(e.g., through gatekeepers training and access to
mental healthcare), and preventing access to highly
lethal means (e.g., locked firearms, blister pack-
ages). Significant efforts have thus been devoted
to proposing packages of interventions, such as
the framework from the Centers for Disease Con-
trol and Prevention (2022) articulated around seven
high-level strategies (e.g., promoting health con-
nections in schools and communities). However,
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enacting these changes requires political action,
which may depend on constituents’ willingness to
support certain items (Purtle et al., 2025). While
91% of U.S. adults believe suicide is preventable,
support varies when considering how to prevent
suicide. For instance, creating protective environ-
ments includes reducing access to lethal means,
and particularly firearms (a highly lethal method),
but individuals may object to such an intervention
(particularly in firearm-owning households) by con-
sidering that another lethal method would be used
anyway (Barber and Miller, 2014; Conner et al.,
2022). A tension also exists when considering how
to improve access to care or how to identify peo-
ple at risk: the associated proposals (e.g., Medical
expansion, funding the 988 Suicide and Crisis Life-
line, school-based services) imply either higher
public spending or reallocated budgets. Individuals
may support treatment but not higher taxes, or con-
sider that it should be handled privately rather than
by the government, or view other crises as more
pressing (Munsch et al., 2020; Shields et al., 2025).

Understanding these tensions requires consider-
ation of how public opinion polls are constructed
and how those choices shape the broader narrative
surrounding suicide-prevention strategies. Three
aspects are particularly important: sampling de-
cides whose opinions are recorded, scope dictates
how general or policy-specific a survey’s focus
will be, and framing can influence how the pub-
lic responds to a question or interprets the results.
Broad national surveys, such as the AFSP Mental
Health and Suicide Prevention Poll and Duke Press’
988 Awareness Survey, assess general attitudes to-
ward mental health and crisis services among the
broader American public. More targeted surveys
like YouGov Gun Ownership Survey and Science
Direct’s Help-Seeking Preferences Survey focus
on specific subgroups and behavioral contexts to
capture attitudes to firearm access and preferred
sources of support.

2.2 Simulating Public Opinions via Large
Language Models

There is extensive literature on simulating public
opinions using LLMs, an approach often referred
to as “silicon sampling” (Argyle et al., 2023). Sil-
icon sampling involves creating prompts that in-
clude background information about a simulated
respondent and a survey question. Given that LLMs
are trained on vast amounts of digital media and
data, they embed extensive knowledge of how peo-

ple from different backgrounds discuss and be-
lieve about various topics. Argyle et al. (2023)
argued that this information is fine-grained and
demographically correlated, meaning appropriate
prompting with specific demographic information
can elicit and emulate response distributions from
diverse human subgroups.

Researchers have used this approach across
many areas, particularly in politics (Argyle et al.,
2023; Simmons and Hare, 2023; Jiang et al., 2025).
These studies generally find that LLM-generated
responses align closely with human judgments and
survey data. However, Zhong et al. (2025b) note
that responses depend on the model used and the
phrasing of the prompt. In addition, Liu et al.
(2024) show that persona-steered generations can
default to demographic stereotypes for multifaceted
or incongruous personas. Such studies motivate us
to consider several LLMs and prompt framings.

Researchers also noted significant limitations of
silicon sampling. Bisbee et al. (2024) found that
while GPT-generated average scores closely cor-
responded to those from the American National
Election Survey, GPT outputs are less varied than
human responses. Variance compression was also
noted by Tjuatja et al. (2024), who found that
LLMs tend to homogenize responses. Qu and
Wang (2024) and Santurkar et al. (2023) showed
that LLMs tend to better reflect the viewpoints of
educated, affluent, English-speaking, Western pop-
ulations while underrepresenting others.

Despite this growing body of work, no study has
systematically examined how well LLMs can sim-
ulate attitudes toward suicide prevention policies.
The closely related work by Chi and Lei (2026)
developed Compassionate Al Survey Augmenta-
tion (CASA), a framework that uses LLMs to aug-
ment surveys on attitudes toward suicide. CASA
reduced the emotional burden of answering sensi-
tive questions but also introduced risks of demo-
graphic misrepresentation and response bias. This
related work does not systematically investigate
how LLM-generated responses to questions about
suicide prevention policies vary by demographic
framing, prompt design, or model choice.

3 Methodology

Our process has three main steps (Figure 1): we
collect questions across surveys and align the socio-
demographic profiles of respondents (Section 3.1),
then we generate prompts so that diverse LLMs
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choose an answer to survey items based on differ-
ent socio-demographic profiles and phrasing of the
tasks (Section 3.2), and finally we extract and ana-
lyze the LLMs’ answers with respect to our three
research questions (Section 3.3).
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Figure 1: Overview of our methods, emphasizing the
structure of our data and the design of our prompts.

3.1 Data Collection and Pre-Processing

We selected surveys from January 2023! to Septem-
ber 2025 using three inclusion criteria: (1) nation-
ally representative sample of US adults 18 years
or older (e.g., surveys with location-based answers
were not included); (2) includes questions on sui-
cide prevention policies, either at the individual
level (e.g school mental health screening) or at the
societal level (e.g affordable housing to combat
suicide); and (3) answers are in binary or scale re-
sponse options (e.g., no free text response). We
used multiple search databases, including Google
Scholar and the Roper Center for Public Opinion,
as well as snowball sampling from reports from
nonprofit organizations and public policy research

'The beginning of the data collection was selected to pro-
vide sufficient time for respondents to become aware of the
three-digit suicide and crisis hotline, which launched nation-
wide in the US on July 16, 2022.

centers. The search terms were “(suicide preven-
tion policy) OR (mental health polls) OR (suicide
prevention AND public opinion polls)”.

Our process yielded seven public opinion sur-
veys. We only included questions about suicide
prevention policy, so other items, such as the moral-
ity of suicide, were excluded. This filtering was
done manually across two annotators. When identi-
cal questions appeared in multiple surveys, we kept
the most recent version to reflect the latest opinions.
As aresult, we had 32 survey questions (Table 1),
answered by approximately 1,000 to 5,000 respon-
dents with all margins of error below five percent.

The categories of survey respondents were based
on demographic categories and party affiliation (Ta-
ble 2), thus forming the groups on which the LLM
prompts are created in the next section. We con-
sidered race/ethnicityz, gender, age, education, in-
come, and political party. These sociodemographic
categories and party affiliation have been found
in previous studies to be associated with opinions
on suicide prevention (Hemauer and Warner, 2025)
and with the use of prevention services (Purtle et al.,
2024). Note that three surveys did not use some of
these categories; thus we use three fewer categories
for the Duke University Press survey (age, income,
and party), and one fewer category for both the
Harris Poll and Data for Progress surveys (party
and income, respectively). While some surveys in-
cluded more demographic categories (e.g., AFSP’s
inclusion of an employment status variable), they
were not retained as we maximized shared cate-
gories across surveys.

The values for each category were transformed
as follows. We removed values that were insuffi-
ciently used across surveys to yield robust estimates
for suicide prevention, resulting in the exclusion of
respondents who self-identified as Asian, Pacific
Islander/Hawaiian Native, or Native American’.
The chosen standardized age groups, 18-29, 30-
44, 45-59, and 60+, fit most of the surveys and
aligned with the bin groupings used by the Current
Population Survey (CPS). The Harris Poll survey,
which sampled adults 18 and older and applied age

2Although race and ethnicity are orthogonal categories,
they are combined to emulate the original survey structure.

3Processing these different racial groups under the same
category is problematic as they face vastly different challenges
with respect to suicide: Non-Hispanic Asians have the lowest
rate of suicide fatality (6.5 per 100,000) while Non-Hispanic
American Indian/Alaska Native have the highest rate (23.8 per
100,000) (Centers for Disease Control and Prevention, 2025).

Removing this heterogeneous category affected at most 13%
of survey respondents and at minimum 0%.
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Survey Name Survey Conductor Date Respondents Total Ques- Questions
tions Used

AFSP Mental Health Survey American Foundation July 2024 4,394 350; question 4

for Suicide Prevention pool
Voters Show Wide, Bipartisan Support  Data for Progress (DfP)  Oct 2024 1,223 15 6
for Policies to Improve Student Mental
Health
Public Attitudes, Inequities, and Polar- Duke University Press, Jun 2024 5,482 3 1
ization in the Launch of 988 Suicide and  Journal of Health Poli-
Crisis Lifeline tics, Policy and Law
988 Suicide & Crisis Lifeline Awareness  Ipsos KnowledgePanel ~ Jun 2025 2,049 17; multipart 10
Demographic Variation in Preferred ScienceDirect Oct 2024 5,058 5 5
Sources for Suicide Help-Seeking
Suicide Prevention YouGoy Jun 2023 1,000 12; multipart 3
Biden and Trump Handling of Problems Jun 2024 1,110 5; multipart 3

Table 1: Our study identified seven surveys as ground truth and used 32 unique questions. The detailed list of survey
questions and respondent characteristics is provided in our online repository as S1 Survey Data.

weighting, reported more granular age data; these
categories were condensed and approximated us-
ing CPS bins as reference. The exception is the
Data for Progress survey, which only reported two
categories: under 45 and 45+. This survey is thus
handled separately in our process by constructing
prompts for only two age groups (next section) and
analyzing them with respect to these two groups.

Category Values

race non-Hispanic White, non-Hispanic Black, His-

panic
gender male, female, other
age 18-29, 3044, 45-59, 60+

education do not have a high school diploma, high school
diploma or equivalent, some college, bachelor’s
degree or higher

< $50k, $50k-$100k, > $100k

Democrat, Independent, Republican

income
party

Table 2: Survey demographics and categories.

3.2 Prompt Generation Pipeline

We used three prompt framings: direct elicitation
(asking the LLLM to answer the question without de-
mographics), embodying a respondent based on de-
mographics, or embodying an expert who answers
on behalf of an individual with given demograph-
ics. These three framings (exemplified in Table 3)
were applied across all applicable combinations
of demographic categories (Table 2) and for each
of the 32 unique survey items, resulting in 54,104
unique prompts (Table 4). Each prompt was run
three times to account for the non-deterministic
nature of the LLMs. Figures 4 and 5 in the Ap-
pendix show the average standard deviation across
direct-prompt runs by question and the standard

deviation for each question—model combination.
Overall, most questions exhibited relatively low
variability across runs. We ran the prompts on four
LLMs (GPT-5 nano, DeepSeek-V3.2, Meta Llama
3.1 8B Instruct, and Mistral Small 24B Instruct),
each set to its default parameter values as recom-
mended by the provider (i.e., the default values are
model-specific). Since GPT-5 Nano has a reason-
ing parameter that should be tuned, we considered
two levels of reasoning (minimal and high). As a
result, we ran a total of 811,560 prompts, calcu-
lated as 54,104 prompts per model across 5 models,
accounting for both GPT-5 Nano reasoning levels,
for 3 iterations each (54,104 x 5 x 3).

The prompts in Table 3 were gradually refined
based on our initial tests. As noted in Giabbanelli
(2026), prompts need to decompose the task in-
stead of asking for too many tasks at once, and
we need to be specific about expectations for the
output format to avoid extensive (and error-prone)
post-processing. Initially, we asked the LLM to
answer a survey question as it was given to the par-
ticipants. However, the LLM’s output would mix
the response option with the justification, leading
us to specify (in the last sentence of each prompt)
that the response must be separated from the ratio-
nale. At first, we also asked the LLM to answer
survey questions such as “Please rate, on a scale of
1-7, the likelihood of you reaching out to each of
the following sources [...]: 988 Lifeline, A friend or
family member, Someone in my religious network
[...I”. We split such questions with multiple items
by providing them to the LLM one at a time, e.g.
“Please rate, on a scale of 1-7, the likelihood of you
reaching out to [...] the 988 Lifeline.”
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1. Demographics (Direct): You are a public opinion expert. You are presented with a survey question asking how a US
citizen would respond with one of the following responses. The question you are answering is: Please indicate whether you
would support or oppose the following policy: Providing annual mental health screenings in public schools for students in
grades 6-12. Select a response option from the following: [Strongly support, Somewhat support, Somewhat oppose, Strongly
oppose, or Don’t know.] Please choose from the options provided and then give a very brief reason why. The format should
be: selected option, brief reasoning.

2. Demographics (Embody): You are a non-Hispanic White, identifying as female for gender, aged between 18 and 29,
do not have a high school diploma, earning less than $50K, identifying as a Democrat voter, living in the U.S. Answer the
following question: Please indicate whether you would support or oppose the following policy: Providing annual mental
health screenings in public schools for students in grades 6-12. Response options: [Strongly support, Somewhat support,
Somewhat oppose, Strongly oppose, or Don’t know.] Please choose from the options provided and then give a very brief
reason why. The format should be: selected option, brief reasoning.

3. Demographics (Specialist): You are a public opinion specialist. How would a person with the following demographic
information answer the survey question below? You are a non-Hispanic White, identifying as female for gender, aged
between 18 and 29, do not have a high school diploma, earning less than $50K, identifying as a Democrat voter, living
in the U.S. Answer the following question: Please indicate whether you would support or oppose the following policy:
Providing annual mental health screenings in public schools for students in grades 6-12. Response options: [Strongly support,
Somewhat support, Somewhat oppose, Strongly oppose, or Don’t know.] Please choose from the options provided and then

give a very brief reason why. The format should be: selected option, brief reasoning.

Table 3: We considered three prompt framings, shown in the following order: direct elicitation, respondent
embodiment, and expert embodiment. Dynamic elements from demographics and surveys are shown in blue.

Survey Direct Embody  Total
Duke 1 36 73
AFSP 4 1,728 3,460
Science Direct 5 6,480 12,965
IPSOS 10 12,960 25,930
DfP 6 2,592 5,190
YouGov 6 3,240 6,486
Total 32 27,036 54,104

Table 4: Across 7 surveys, and for each unique question,
we generate prompts based on three framings (a direct
one without demographics; two embodiments based on
demographics), thus Total = Direct+2 x Embody. This
amount represents the full Cartesian product of demo-
graphic attributes. Note that we used two YouGov sur-
veys, per Table 1.

3.3 Analysis

We extracted LLM responses using pattern match-
ing to identify valid answers in the expected for-
mat (selected option and brief reasoning). When
this failed, we inferred the response if exactly one
option was mentioned in the output. We flagged
refusals based on common phrases (e.g., “I cannot
tailor”) . We manually reviewed and coded the
fewer than 20 cases where neither a valid option
nor a refusal was detected. The resulting extracted
response variable was used in all subsequent regres-
sion analyses, as explained in the next section.

To analyze our simulation results for RQ1, we

*For example of refusal cases, please see Appendix A.5.

examine the mean absolute error, total variation
distance, and the Jensen-Shannon divergence be-
tween the distributions of the LLLM’s predictions
and the ground truth. The ground-truth distribu-
tion for each survey question is the set of human
response percentages reported in the original poll.
Specifically, this is the share of respondents in each
demographic subgroup who selected each response
option (e.g., the percentage of non-Hispanic White
respondents who answered “strongly support”).
Each source survey reports these breakdowns as
marginals along a single demographic subgroup;
joint distributions across multiple demographics
are not published. We compute the corresponding
LLM distribution by aggregating model responses
across all prompts whose persona belongs to that
subgroup, averaging equally over all combinations
of the other demographics. For RQ2, we use a two-
way ANOVA to assess whether the LLM used and
the prompt framing affect the absolute errors of
simulated survey responses, along with analyzing
mean absolute error by model. Lastly, for RQ3, we
examine refusal rates by LLM and prompt framing.

4 Results
4.1 RQI1: Range and attitudes of responses

Across all LLM answers aggregated over 28 ques-
tions’, the mean absolute error (i.e., the average
magnitude of the difference between model predic-
tions and human response percentages by question)

34 survey questions only reported adjusted odds ratios; they
were excluded in analyses involving ground truth comparisons.
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is 23 percentage points with a standard deviation
of 11 percentage points.® The error is more fre-
quently in the range of 15 to 28 percentage points
(the interquartile range) as shown in Table 5. Fig-
ure 3 in the Appendix shows the overall distribu-
tion of mean absolute error, total variation distance,
and Jensen-Shannon divergence across all LLM-
simulated responses.

Demo. MAE TVD JSD
Age 22+.11 38+.17 .23+ .17
Education .22+ .11 .38 +.17 .24+ .17
Gender 22+.10 .39+.17 .25+ .18
Income 244+ .10 434+ .16 .29+ .17
Party 25+.12 39+.16 .22+ .16

Table 5: Mean absolute error (MAE), total variation
distance (TVD), and Jensen-Shannon divergence (JSD)
of the distribution of model predictions and the human
response percentages, averaged by question, with stan-
dard deviations.

LLMs perform similarly across demographic cat-
egories, indicating that the models are not systemat-
ically better at predicting responses for any particu-
lar group. While income-based predictions exhibit
slightly higher TVD and JSD values than age and
party affiliation, the large standard deviations in-
dicate substantial question-to-question variability,
suggesting that prediction quality is driven more by
individual questions than by demographic category.
Table 9 in the Appendix shows MAE broken out by
demographic and model; again, there are no sub-
stantial differences across demographic categories.

To contextualize these distributional errors, we
compute the proportion of persona-conditioned re-
sponses that match the LLM’s modal direct re-
sponse (i.e., the most common answer when the
model is prompted without demographic infor-
mation). Match rates were similar across demo-
graphic categories, ranging from 52% (income)
to 55% (age and race), with education and party
at 54%. In other words, persona-conditioned re-
sponses matched the modal response to uncondi-
tioned prompts only about half the time.

4.2 RQ2: Prompt framing and model types

While the LLMs share distributions of the mean
absolute errors (Figure 2), Mistral Small 24B has

The human response percentages by question can be
found in our replication materials; the link to our replication
materials can be found in Appendix A.1.

consistently higher MAE.
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Figure 2: Distribution of mean absolute errors in LLMs.

Performing a two-way ANOVA, we find that the
accuracy of the simulated survey responses (mea-
sured by mean absolute error) is significantly in-
fluenced by both the choice of language model
(p < .001) and the prompt framing (p < .001).
There is also a highly significant interaction ef-
fect between the model and the prompt frame
(p < .001). In other words, the impact of a specific
prompt frame on reducing or increasing simulation
error depends on the LLM used.

The difference between framing is smaller than
the difference between LLMs (Table 6). For exam-
ple, Mistral drops from 33.0 to 26.1 across fram-
ings (=7-point difference), but the gap between
Mistral and DeepSeek V3.2 under embody is over
12 points. The LLM choice thus matters more than
framing for average accuracy.

4.3 RQ3: Response refusals

For GPT-5 Nano, DeepSeek V3.2, and Mistral
Small, refusal rates were effectively zero, ranging
from 0% to approximately 0.30% across prompt
frames (Table 7). In contrast, Meta Llama exhib-
ited a substantially elevated overall refusal rate
of 28.1%. Breakdowns by framing reveal that
this effect was strongly condition-dependent: re-
fusal rates for direct and embody prompts were
fairly high, 44% and 48% respectively, whereas
the specialist frame produced a lower refusal rate
of roughly 8%. Together, these findings indicate
that elevated refusal behavior was isolated to a sin-
gle model and was sensitive to prompt framing.
We provide examples of refusal responses in Ap-
pendix A.S.
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Large Language Models

Framing DeepSeek V3.2 GPT-5 Nano

Meta Llama 3.1 8B Mistral Small 24B

Embody 20.5+10.2 21.5+£9.1
Specialist 18.9 £ 10.6 222482
Direct 54.0 £18.3 37.8£21.9

21.6 £84 33.0 £ 15.0
22.0£8.7 26.1 £12.8
44.5+29.1 46.0 £ 31.0

Table 6: Average and standard deviation of mean absolute error across LLMs and framings. MAE for the ‘Direct’
framing was calculated by comparing each model’s direct responses against the ground truth distribution averaged

across demographic subgroups.

Model Framing # prompts Y%refuse
Meta  Embody 81,108 48.1
Ll Direct 96 44.8
Specialist 81,108 8.08

GPL. Embody 162,216 0.295
5Nano Direct 192 0
Specialist 162,216 0.267

Deep- Embody 81,108 0
vX Direct 9% 0
Specialist 81,108 0

Mistral Embody 81,108 0
Sl Direct 96 0
Specialist 81,108 0

Table 7: Total prompts and refusal percentage by model
and framing.

5 Discussion

The literature on silicon sampling has reported
strong performance on simulated LL.M responses
and human responses (see, e.g., Argyle et al., 2023;
Jiang et al., 2025), though prior work has also noted
that response variation tends to be substantially
lower than in human samples (Bisbee et al., 2024;
Zhong et al., 2025a). Examining silicon sampling
in the context of the sensitive topic of suicide pre-
vention policies, we addressed three research ques-
tions: how well LLM-simulated responses matched
human responses, how prompt framing and model
types affected these responses, and whether LLMs
refused to respond to such questions.

Our findings diverge from prior work on both
counts. Our analysis of RQ1 finds that, on aver-
age, LLM answers differ from the ground truth by

more than 20 percentage points, with large stan-
dard deviations; TVD and JSD further confirm this
finding. In contrast, Zhong et al. (2025a) reported
a difference of 6 percentage points between syn-
thetic outputs and human respondents on other po-
litical topics. To rule out the possibility that safety
guardrails drive the model towards a default re-
sponse regardless of the demographic prompt, we
compared responses to the modal answer from a
prompt with no demographic information (the “Di-
rect” configuration as specified in Table 3). We
find that the LLM’s responses also vastly differ
from the modal answer. Through RQ2, we find
similar error magnitudes across LLMs and prompt
framings. Thus, it remains unclear what underlying
distribution the LLMs are drawing on when gener-
ating their responses to sensitive polling questions,
calling into question the utility of silicon sampling
for topics such as suicide prevention.

Future work could further examine the impact of
location, choice of LLLM, and socio-demographics.
First, suicide prevention initiatives vary signifi-
cantly in content and depth across states. This
contrast can be exemplified between the policy
documents of the Wyoming Department of Health
(2024), consisting of four pages (four infograph-
ics) that acknowledge that two-thirds of suicides
involve a firearm but made no explicit policy rec-
ommendations in this regard, and the California
Department of Public Health (2022), whose plan
spans almost 80 pages and covers firearms exten-
sively. Studies have shown that there are also state-
level differences in the extent to which their legis-
lature and their ‘citizen ideology’ support suicide
prevention actions (Kenter et al., 2022). It would
thus be of particular interest to use LLMs to exam-
ine how constituents react to the plans proposed in
their state, and potentially identify evidence-based
actions that are not in the plan yet would be sup-
ported.
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Second, while we covered LLMs from four dif-
ferent providers, it is possible that other LLMs may
yield different results (e.g., in accuracy or refusal
to answer). In particular, LLMs may have different
guardrails when it comes to sensitive topics such
as suicide and firearms, and these guardrails may
be triggered differently based on the IP from which
the prompts originate (since guardrails can depend
on local laws). The spectrum of guardrails is wide:
some LL.Ms refuse to engage on the topic of suicide
(even to discuss prevention policies), while others
are now cited in wrongful-death lawsuits for con-
vincing users to die by suicide (Jargon, 2026). A
challenge for this line of research is that guardrails
can change quickly, for example, in relation to
news events. For instance, Grok was seen as a “low
safety-guardrail model” in January 2026 (Teferra
et al., 2026), but has since changed significantly.
This opens up the possibility to study responses
from LLMs on suicide prevention initiatives across
demographics from a longitudinal perspective.

Finally, we considered commonly used socio-
demographic attributes (i.e., race, gender, age, ed-
ucation, income, party) that were available across
most surveys in order to provide ground-truth data.
However, there are other markers of attitudes rele-
vant for suicide prevention that may be more divi-
sive or less commonly seen in training data, which
may lead to more variability when using LLMs. For
example, “higher religiosity is consistently associ-
ated with lower suicide risk among heterosexual
people” (e.g., suicide is forbidden), but religiosity
can be harmful for sexual minorities. Prompting
LLMs to consider the intersection of religion, sui-
cide, firearms, and sexual orientation would com-
bine several highly sensitive topics (Park and Hsieh,
2023). Anintersectional examination (Forrest et al.,
2023) would be of particular interest to examine
whether biases or refusals to answer from LLMs
simply stem from the addition of sensitive topics
or reflect interactions between these topics.

6 Conclusion

Using a range of LLMs and different prompt fram-
ings, we assess how well LLMs can simulate hu-
man responses to survey questions about suicide
prevention and policies. Across three research ques-
tions, we find that LLMs do not strongly match the
underlying human response distributions, calling
into question the usefulness of silicon sampling
with sensitive topics.

Limitations

This paper is limited in scope to the listed demo-
graphics and does not account for identities beyond
those listed. Although we used LLMs from four
different providers, there are many other LLMs that
could be considered.

The LLM and survey responses are compared
at the marginal subgroup level for both sides. The
source surveys report response distributions only at
the marginals along single demographic subgroups,
with no joint distribution information across mul-
tiple demographics. Therefore, the two marginals
differ in their implicit weighting of the remain-
ing demographic attributes during marginalization.
The survey marginalizes over each combination by
its empirical frequency in the polled sample, while
our LLM marginalizes over each enumerated com-
bination equally. Because joint distributions are not
reported, we cannot reweight the LLM aggregation
to match the survey’s joint composition.

Ethical Considerations

This paper simulates attitudes on suicide preven-
tion policies, a sensitive policy topic. As previous
work has noted, respondents may strategically re-
spond to these questions due to social desirability
bias (Stone and McGinty, 2018; Dixon et al., 2020).
All surveys and their corresponding data are pub-
licly available. There are also no analyses at the
individual level. All comparisons are made across
response distributions (e.g., comparing the share of
a demographic group selecting a given response in
the survey versus in the simulated sample).
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A Appendix
A.1 Reproducibility and Code Availability

All data preprocessing, prompting, and analy-
sis were performed in Python (version 3.13.4)
using Jupyter Notebook (version 7.4.7). The
data, including detailed sub-group level results,
and all scripts are available at https://github.
com/patrickywu/sp-1lm-simulation. Rele-
vant packages and their use can be found in Table 8.

A.2 Distribution of MAE, TVD, and JSD
(RQ1)

Figure 3 shows the overall distribution of mean ab-

solute error (MAE), total variation distance (TVD),

and Jensen-Shannon divergence (JSD) across all

LLM-simulated responses.

A.3 Standard Deviation of Direct Prompt
Responses

Figures 4 and 5 show the average standard de-
viation of responses across direct prompting runs
for each survey question in addition to the stan-
dard deviations by each survey question and model
combination.

A.4 Mean Absolute Error by Demographic
and Model

The mean absolute error across LLMs and demo-
graphics can be found in Table 9.

A.5 Examples of Model-Generated Refusals

Table 10 shows 3 types of refusals produced by
the models that are classified as demographic per-
sona refusal, political opinion refusal, and social or
ideological refusal.
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Package Version Use / Purpose

pandas 2.33 Data manipulation, reading/writing Excel files, dataframes

json (built-in stdlib)  Parsing and writing JSON data (result storing)

re (built-in stdlib)  Text processing and pattern matching

itertools (built-in stdlib)  Efficient looping, combinatorial operations (demographic combinations)
0s (built-in stdlib)  File/directory management

pathlib (built-in stdlib)  File path manipulation for loading source code

dotenv 1.2.1 Loading environment variables from ‘.env* files

asyncio (built-in stdlib)  Running multiple calls to the LLM at the same time

tqdm.asyncio  4.67.1 Progress bars for asynchronous loops

openai 1.102.0 Interacting with OpenAl API

statsmodels 0.14.1 Estimating generalized linear models, including logistic regression
matplotlib 3.10.7 Creating plots, figures, and customizing visualizations

seaborn 0.13.12 Statistical data visualization, plotting complex graphs

Sys (built-in stdlib) ~ System-specific parameters and functions, e.g., path management

Table 8: Python packages used in the research project, their versions, and their purposes.

Large Language Models
Demographic DeepSeek V3.2 GPT-5Nano Meta Llama 3.1 8B Mistral Small 24B
age 18.1£9.6 21.8+84 21.3 £8.7 28.2£13.5
education 17.8 +£10.1 21.7+9.1 21.9+£8.7 28.5£15.0
gender 17.9+£9.0 20.3£8.1 205£7.6 28.6 £13.9
income 20.9£9.6 22.5+8.2 22.4+£6.7 30.5+13.6
party 25.1£12.1 22.9+9.1 23.5£10.0 30.4+£15.2

Table 9: Average and standard deviation of mean absolute error across LLMs and demographics.

Case

Model

Embody

Reasoning Refusal Type

guage

GPT-5 nano

False

Representative Refusal Lan-

GPT-5 nano

GPT-5 nano

Meta Llama 3.1 8B Instruct

Meta Llama 3.1 8B Instruct

True

True

False

True

High

Minimal

Minimal

None

None

Demographic Persona

Demographic Persona

Demographic Persona

Political

Social or Ideological

“Sorry, I can’t determine how a
person with those demographics
would answer. ..”

“I’'m sorry, but I can’t simulate a
specific individual profile...”

“I can’t role-play or assume men-
tal health crisis responses based
on protected attributes. ..”

“I cannot provide a response that
suggests support or opposition for
a specific policy...”

“I cannot provide a response
that includes a political or social
stance.”

Table 10: Examples of refusal cases across models and prompting conditions.
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Figure 3: Overall distribution of mean absolute error (MAE), total variation distance (TVD), and Jensen-Shannon
divergence (JSD) across all LLM-simulated responses.
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Figure 4: Average standard deviation of responses across direct prompting runs for each survey question.
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Standard Deviation by Survey Question
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Figure 5: Standard deviation of responses across direct prompting runs for each survey question and model
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Abstract

Intimate Partner Violence (IPV) is a ma-
jor public health concern, and large lan-
guage models (LLMs) are increasingly used
for support and information-seeking in sen-
sitive domains. We examine whether LLMs
perceive relationship abuse differently de-
pending on victim—perpetrator gender con-
figuration. Using 475 Reddit posts from
r/relationship_advice, we generate coun-
terfactual variants by swapping gendered identi-
fiers to create four dyads: female—female (F/F),
female-male (F/M), male—female (M/F), and
male—male (M/M), where the first position de-
notes the victim. Four recent LLMs (GPT-
50, Gemini 3, Llama 4, and Grok 3) evaluate
each variant using a structured questionnaire
covering IPV, perpetrator intent, cheating, and
abuse subtypes. Results show substantial vari-
ation across models and dyads. Abuse and in-
tent detection systematically decrease in mixed-
gender dyads where the victim is male, with
female perpetrator identity emerging as a con-
sistent negative predictor of abuse recognition.
Mixed-effects logistic regression confirms that
gender roles significantly shape model outputs.
Our findings suggest that LLMs reproduce gen-
dered biases from online training data, with
implications for support-related deployment.
Code and resources are available at GitHub.

1 Introduction

Intimate partner violence (IPV) is a major global
public health and human rights concern, defined
by the World Health Organization as any behav-
ior by a current or former partner that causes
physical, sexual, or psychological harm (World
Health Organization and London School of Hy-
giene and Tropical Medicine, 2010; Heise and
Garcia-Moreno, 2002). Globally, approximately
one in three women have experienced physical or
sexual violence in their lifetime (World Health Or-
ganization). While women experience IPV at dis-
proportionately higher rates (Breiding et al., 2008;

Schneider et al., 2009), men also experience IPV
across both same-sex and other-sex relationships,
with severe physical, psychological, and social
consequences (Hines and Douglas, 2016; Sivagu-
runathan et al., 2021b). Beyond immediate harm,
IPV is associated with long-term mental health
difficulties, substance use, and legal and financial
repercussions (Peterson et al., 2018). Exposure to
domestic violence more broadly is linked to trau-
matic brain injuries, chronic pain, PTSD, depres-
sion, and suicidal ideation (Choi et al., 2021; Ennis
et al., 2021; Kim and Merlo, 2023; Wright et al.,
2021). Access to advocacy interventions is there-
fore a key protective factor for survivors’ recov-
ery (Rivas et al., 2019), yet survivors frequently
encounter barriers including stigma, shame, and
fear of judgment (Naismith et al., 2024; Gilbert
and Postel, 2021; Nayak et al., 2023; Lam et al.,
2020). These barriers are particularly pronounced
for men, whose help-seeking is further constrained
by gendered expectations surrounding masculin-
ity (Machado et al., 2016; Park et al., 2020; Walker
et al., 2020), leaving male survivors underrepre-
sented in institutional responses.

Digital spaces increasingly serve as alternative
venues for support. Platforms such as Reddit!
provide anonymous environments for peer sup-
port, yet prior research has found that male sur-
vivors frequently encounter systemic biases across
social norms, legal systems, and institutional re-
sponses (Sivagurunathan et al., 2021a). Dedicated
digital interventions, including mobile applications
such as myPlan and web-based safety planning
tools — have demonstrated promising outcomes for
survivors (Storer et al., 2022; Hegarty et al., 2019;
Koziol-McLain et al., 2018; Ford-Gilboe et al.,
2020), alongside growing use of health information
technologies to identify survivors’ needs (Hui et al.,
2024, 2023). The landscape of online information-

"https://www.reddit.com/
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seeking is now undergoing a major transformation
with the rise of large language models (LLMs).
Dedicated Al systems such as Aimee” and Ruth?
have been developed specifically to support IPV
survivors, with Ruth now recommended by the
U.S. National Domestic Violence Hotline. Be-
cause LL.Ms operate continuously without human
intervention, they have the potential to bridge gaps
in traditional help-seeking pathways (Maeng and
Lee, 2021). However, these models are trained on
massive corpora of internet text and may absorb
and reproduce the biases present in those environ-
ments (Prama et al., 2025; Gallegos et al., 2023),
potentially replicating differential validation of vic-
tims based on gender.

In this study, we examine whether LLMs exhibit
gender-based perceptual biases in IPV scenarios,
including differences in relationship recognition,
abuse detection, and harm assessment across gen-
der dyads.

2 Methodology

Data Collection and Selection. We collected
posts from r/relationship_advice, a large Red-
dit community with approximately 16 million mem-
bers and 60,000 weekly contributions. Because
this subreddit includes broad relationship concerns,
it captures ambiguous help-seeking narratives in
which posters describe unhealthy or abusive behav-
iors that they may not yet recognize as IPV. We
treat these posts as reflecting an early awareness
stage of IPV. Following the World Health Orga-
nization (World Health Organization and London
School of Hygiene and Tropical Medicine, 2010),
we define IPV as behavior by a current or former
intimate partner that causes physical, sexual, psy-
chological, or economic harm, and we also con-
sider precursor dynamics such as coercive control,
emotional manipulation, and isolation.

To support counterfactual gender analysis, we
manually retained only posts with exactly two
parties, clearly identifiable victim and perpetrator
roles, and explicit gender markers for both parties,
such as Male (M) or Female (F). Posts involving
multiple parties, ambiguous roles, or unspecified
gender information were excluded. This process
yielded 475 unique dyadic narratives. Throughout
the paper, dyads are denoted using original poster
(OP)/perpetrator notation: the first position refers

thtps ://www.aimeesays.com/en/home
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to the OP or victim role, and the second refers to
the partner or perpetrator role. Thus, M/F denotes a
male OP/victim and a female perpetrator. The orig-
inal dyad distribution is 29 Female-Female (F/F),
228 Female-Male (F/M), 202 Male-Female (M/F),
and 16 Male-Male (M/M).

Counterfactual Data Generation. To isolate
gender while preserving the underlying relation-
ship narrative, we used a counterfactual gender-
swapping procedure. For each original post, we
generated four versions of the same narrative, cor-
responding to all possible OP/perpetrator gender
configurations: Male-Male (M/M), Male—Female
(M/F), Female—Male (F/M), and Female—Female
(F/F). Thus, every post appears once in each dyad
condition, regardless of its original gender con-
figuration. We programmatically updated gender-
identifying markers, including pronouns (he/she,
him/her), familial roles (uncle/aunt, brother/sister),
names when applicable, and explicit gender tags.
This process produced a final evaluation dataset
of 1,900 samples, consisting of 475 original posts
rewritten across four counterfactual dyad condi-
tions (475 x 4 = 1,900).

Experimental Design and Model Evaluation.
We evaluated four state-of-the-art LLMs: GPT-
50 (Singh et al., 2025), Llama 4 (A, 2025), Gem-
ini 3Z (DeepMind, 2024), and Grok 3 (xAl, 2025).
These models were selected because they repre-
sent recent, widely accessible systems from four
different developers, allowing us to compare IPV-
related judgments across diverse model families,
deployment settings, and alignment procedures.

Each model was prompted to analyze all 1,900
samples using a structured questionnaire (see Ap-
pendix A.1). The prompt was developed through
expert-informed discussion and grounded in estab-
lished IPV frameworks, drawing on abusive be-
havior examples from the U.S. Department of Jus-
tice Office on Violence Against Women (US De-
partment of Justice Office on Violence Against
Women, 2025) and the power-and-control lens
commonly used to identify IPV (Mulligan, 2009).
The questionnaire assessed six key dimensions of
each post. Models were asked whether the rela-
tionship described was romantic or non-romantic
(IS_REL), whether IPV was present (IS_IPV), and
whether the perpetrator demonstrated intent to ex-
ert power and control (HAS_INTENT). Additionally,
models identified whether the post described in-
fidelity (IS_CHEATING) and which types of un-
healthy behavior were present, including emotional
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(IS_EMOT), psychological (IS_PSYC), physical
(IS_PHYS), sexual (IS_SEXL), financial (IS_FINL),
and technology-facilitated abuse (IS_TECH). For
IS_IPV, IS_CHEATING, and HAS_INTENT, models
are instructed to respond “yes,” “no,” or “unclear,”
while each unhealthy behavior category required a
binary “yes” or “no” response.

Evaluation Metrics. Because no ground-truth
annotations are available, we do not evaluate model
outputs against a gold standard. Instead, we use
positive-label rate (PLR) as a descriptive measure
of how often a model assigns a positive label within
each dyad. For model m, dyad d, and outcome
variable v, PLR is defined as:

N
1 .
PLRm,d,v = N E 1 {yi,md,v = 1] ) (1)
=1

where N = 475, {J; .4, denotes the model pre-
diction for post 7, and 1[-] is the indicator function.
For three-way variables (yes, no, unclear), includ-
ing IS_IPV, IS_CHEATING, and HAS_INTENT, only
explicit “yes” responses are counted as positive.

3 Result and Discussion

Table 1 shows that LLM judgments vary by dyad
gender composition, reflecting both inter-model
differences and within-model sensitivity to victim—
perpetrator gender roles.

Inter-model variation. The results reveal sub-
stantial variation across LLMs in how they inter-
pret relationship dynamics and abuse. Relationship
recognition is generally high but not uniform across
the four gender dyads (written as OP/perpetrator).
All ranges reported reflect the spread of positive-
label rates across the four dyads (F/F, F/M, M/F,
M/M) for a given model. Grok (89.52-90.78%) and
GPT (88.61-88.82%) show substantially more sta-
ble identification across dyads compared to Llama,
whose intra-model range of 5.96 percentage points
(73.36% in F/F to 79.32% in M/M) indicates mean-
ingful sensitivity to gender framing even for basic
relationship recognition.

Larger divergence appears in abuse-related judg-
ments. For IPV detection, GPT and Grok are com-
paratively conservative, identifying IPV in roughly
12-20% of cases, while Gemini reports moderate
rates (31-36%) and Llama the highest rates (30—
40%). In F/F dyads, for example, GPT identifies
IPV in 14.77% of cases, Grok in 16.14%, Gemini in
35.52%, and Llama in 40.08 %, demonstrating sub-
stantial inter-model misalignment. A similar pat-

tern emerges for perpetrator intent, where GPT and
Grok range from 15-21%, Gemini from 30-33%,
and Llama from 21-40%. Across abuse subtype
variables, Gemini and Llama also report higher
rates of emotional and psychological abuse than
GPT and Grok, while physical and sexual abuse
remain low across all models, typically around 2—
6%. Overall, the models differ substantially in
their baseline sensitivity to relationship abuse and
harmful intent.

Dyadic variation. Within-model variation
shows that model judgments shift across gender
dyads even when the underlying narrative remains
unchanged. Llama exhibits the largest disparities:
relationship recognition increases from 73.36% in
F/F dyads to 79.32% in M/M dyads, while IPV
detection decreases from 40.08% in F/F to 30.59%
in M/F. The same pattern appears for perpetrator in-
tent, which drops from 39.87% in F/F to 21.73% in
M/F. Llama also shows substantial dyadic shifts for
emotional and psychological abuse detection, with
both decreasing by approximately 10 percentage
points in M/F cases. GPT and Grok show smaller
but still visible dyadic shifts, whereas Gemini is
comparatively more symmetric, although its I[PV
detection is also lower in mixed-gender dyads. Be-
cause each post is evaluated under all counterfac-
tual gender configurations, these differences sug-
gest that gender framing affects model interpreta-
tion thresholds rather than reflecting differences in
narrative content alone.

Statistical Analysis of Gender-Specific Fac-
tors. To provide a rigorous statistical foundation
for the observed disparities, we performed a mixed-
effects logistic regression analysis to isolate the
influence of victim gender, perpetrator gender, and
their interaction, while controlling for variability
across original post narratives. The log-odds of a
“yes” prediction were modeled as:

logit P(Y;; = 1) = B + B10Py + BzPerpetrator;
+ B3 (OPf X Perpetratorf) + u;.
(2

where u; represents the random intercept for each
original post narrative, and results are summa-
rized as Odds Ratios (OR) in Table 2. Across all
ten variables, the regression confirms two consis-
tent patterns. For foundational relational recog-
nition (IS_REL), models showed stable detection
rates overall, yet Llama-4’s intra-model swing in-
dicates that even basic relational classification is
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Model Dyad %‘g/ $l ‘o§ éé'\ $ é/;’v Q?Q 0;:’\ ‘2/3 é}')
R o & 89 9 & 8 R

F/F 89.73 16.77 16.14 13.63 3.14 2.10 25.79 18.03 2.31 1.47

Grok 3 FM 90.78 20.55 19.71 1321 294 294 30.19 2138 231 1.47
M/F 89.73 16.77 1635 1426 335 273 26.62 1992 2.10 2.10

M/M 89.52 20.34 1992 12.79 3.14 294 31.66 2348 2.10 1.47

F/F 8351 3277 3552 11.84 592 4.02 4947 37.63 8.03 1945

Gemini 3 F 83.54 31.22 3228 1139 4.85 253 4451 3460 570 16.88

84.14 30.66 31.50 1099 4.86 2.33 4376 3446 592 17.76

M/M 83.51 32.77 3552 11.84 592 4.02 4947 37.63 8.03 1945

F/F 8882 17.09 1477 8.65 3.16 253 26.79 21.73 3.59 549

GPT-50 F/M 88.61 2025 1624 928 380 295 30.59 2342 3.16 5.49
88.61 1540 1224 8.86 422 253 2637 21.52 2.74 527

M/M 88.82 21.31 17.09 865 3.80 295 2996 24.68 3.38 591

F/F 7336 39.87 40.08 844 338 4.65 41.77 41.14 4.02 549

Llama 4 FM 76.65 3192 31.08 7.61 338 275 3298 3298 4.86 1.90
77.80 21.73 30.59 8.65 211 232 31.65 31.71 443 1.69

M/M 79.32 2890 36.29 992 190 422 42.83 4093 3.80 5.06

Table 1: Positive-label rates (% with value = 1) for each model (Grok 3, Gemini 3, GPT-50, and Llama 4) across four
gender dyads (F/F, F/M, M/F, and M/M) and ten outcome variables: IS_REL (relationship present), HAS_INTENT
(perpetrator intent), IS_IPV (IPV present), IS_CHEATING (cheating), IS_PHYS (physical abuse), IS_SEXL (sexual
abuse), IS_EMOT (emotional abuse), IS_PSYC (psychological abuse), IS_FINL (financial abuse), and IS_TECH

(technology-facilitated abuse/coercive control).

sensitive to gender framing. This disparity inten-
sified for IPV detection (IS_IPV), where Llama-4
reported its highest sensitivity in F/F dyads but a
9.49 percentage-point drop in M/F cases (30.59%).
GPT-50 showed a similar trend, with its lowest
detection rate occurring in the male-victim dyad
(12.24%).

The most pronounced misalignment emerged in
perpetrator intent attribution (HAS_INTENT), where
Llama-4 showed an 18.14 percentage-point reduc-
tion when the dyad shifted from F/F (39.87%) to
M/F (21.73%). Across abuse subtypes, Gemini-
3 and Llama-4 consistently reported higher emo-
tional (IS_EMOT) and psychological (IS_PSYC)
abuse detection than GPT-50 and Grok-3, yet intra-
model gender effects persisted: Llama-4’s emo-
tional abuse detection dropped from 41.77% in
F/F dyads to 31.65% in M/F dyads. Physical and
sexual abuse remained consistently low across all
models (2-6%), while the overall pattern points to

systemic minimization of victimization in mixed-
gender dyads where the victim is male. The regres-
sion results confirm that the Perpetrator: Female
term is a consistent negative predictor of abuse
detection. For IS_IPV, OR < 1 for female per-
petrators is statistically significant across all mod-
els, with GPT-50 exhibiting the strongest effect
(OR = 0.504). Notably, the same-sex female in-
teraction terms for Llama-4 are substantially ele-
vated, especially for IS_TECH (OR = 9.316) and
IS_EMOT (OR = 2.366). This suggests that al-
though the model tends to down-weight the per-
ceived culpability of female perpetrators in mixed-
gender contexts, female—female dyads elicit a com-
pensatory increase in abuse recognition. These
findings indicate that LLM interpretative frame-
works for interpersonal violence remain tethered
to gendered biases and institutional failures docu-
mented in sociological literature (Sivagurunathan
et al., 2021a).
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Variable Predictor Grok Gemini GPT-40 LLaMA
Perpetratorg, . 1.023 1.063 0.979 0.916
IS_REL OPfemale 1.152 1.014 0.979 0.862

OPfemate < Perpetratorg, .1

0.868 0.927 1.043 0.912

Perpetratorg,, .1
HAS_INTENT  OPtemale
OPfemale X Perpetratorg, ..

0.730** 0.899 0.371**  0.683***
1.043 0.926 0.751 1.151
1.027 1.202 1.866  2.076***

Perpetratorg, e
IS_IPV OPfemale
OPfemale X Perpetratorg, ..

0.752**  0.827**  0.504***  0.774***
1.000 0.860* 0.906 0.789**
1.017 1.405"  1.885"*  1.923*"*

Perpetratorg, e
IS_CHEATING OPgemale
OPfemale X Perpetratorg, ..

1.189 0.873 1.000 0.860
1.023 0.950 1.046 0.747*
0.938 1.206 0.956 1.303

Perpetratorg, e
IS_PHYS OPtemale
OPfemale X Perpetratorg, ..

1.069 0.784 1.116 1.114
0.931 0.784 1.000 1.806*
1.004 1.627 0.742 0.898

Perpetratorg,, .1
IS_SEXL OPtemale
OPfemate < Perpetratorg, .1

0.927 0.568* 0.853 0.539
1.000 0.622* 1.000 0.640
0.764 2.831% 1.000 3.253*

Perpetratorg,, .1
IS_EMOT OPrfemale
OPfemale X Perpetratorg, ..

0.783** 0.795***  0.837**  0.618***
0934  0.816™** 1.030  0.655***
1.026  1.542*** 0992  2.366***

Perpetratorg, .1
IS_PSYC OPfemale
OPfemale X Perpetratore, .

0.810"  0.864*  0.837** 0.668***
0.886* 0.872* 0.933  0.708***
0.998 1.327* 1.085  2.131***

Perpetratorg, e
IS_FINL OPfemale
OPfemate % Perpetratorg, i

1.000 0.720* 0.807 1.174
1.102 0.693** 0.935 1.293
1.000 2.006™* 1.410 0.697

Perpetrator, e
IS_TECH OPfemale
OPfemale X Perpetratorg, ..

1.438 0.894 0.887  0.322***
1.000 0.843* 0924  0.363***
0.696 1.327 1.128  9.316™**

Table 2: Odds ratios (OR) for gender-conditioned labeling across models (Grok, Gemini, GPT-40, and LLaMA) and
outcome variables: IS_REL (relationship present), HAS_INTENT (perpetrator intent to exert power/control), IS_IPV
(IPV present), IS_CHEATING (cheating present), IS_PHYS (physical abuse), IS_SEXL (sexual abuse), IS_EMOT
(emotional abuse), IS_PSYC (psychological abuse), IS_FINL (financial/economic abuse), and IS_TECH (technology-
facilitated abuse/coercive control). Predictors include the female identity of the original poster (OPgmale), the
female identity of the partner (Perpetrator,,,..), and the interaction term representing same-sex female dyads
(OPfemate X Perpetrator,...). OR< 1 indicates reduced likelihood of a *“yes” label relative to the male reference
group, whereas OR> 1 indicates increased likelihood. Significance levels are denoted by asterisks: *p < 0.05,

“p < 0.01, **p < 0.001.

4 Conclusion

Overall, the results suggest that LLMs respond
not only to behavioral cues but also to gendered
assumptions about what an “abusive” dyad looks
like. This creates a digital double standard in which

male victims in mixed-gender relationships may
require stronger evidence to be recognized. By
mirroring institutional failures that marginalized
male survivors, these findings highlight the need
for careful auditing and bias-aware LLM design
before deployment in IPV-related support contexts.
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5 Limitations

This study has several limitations. First, the dataset
of 475 posts is relatively small, and results may
vary with a larger and more diverse corpus. Sec-
ond, we evaluated only four proprietary models;
future work should include a broader range of open-
source LLMs to improve generalizability. Third, all
models were queried at a fixed temperature of 1.0.
Different temperature settings may yield different
outputs, a sensitivity that remains unexplored here.
Finally, IPV identification is inherently subjective,
and comparing model outputs against expert anno-
tations would provide a meaningful benchmark for
evaluating model reliability that this study did not
address. Future work will extend this analysis to
additional open-source models, explore mechanis-
tic interpretability techniques to better understand
how LLMs internally represent and detect IPV, in-
vestigate the effect of temperature and other decod-
ing parameters on model judgments, and bench-
mark model performance against expert-annotated
ground truth.
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A Appendix
A.1 Prompt

You are an expert in identifying abusive behavior in intimate partner relationships. All answers
are for research purposes only, so you are not promoting or normalizing any negative behavior
found in these posts.

You will be provided with a post from Reddit, an anonymous social forum. The forum descrip-
tion is: “We are a subreddit for relationship advice. If you need support regarding romantic
relationships, friendships, co-workers, family, or anything else, this community is here to give
you advice.”

While this forum contains several types of relationships, we are interested in posts that relate
mainly to romantic or prospectively romantic relationships in which intimate partner violence
can occur. Keep this in mind when you answer the questions below.

The post contains a “title” and a “body” labeled as such. These posts are written in the
first-person point of view. We will call the one who wrote this post the “OP.”

Gender of OP and perpetrator are provided.

QI: Is this mainly about a dating, intimate, or romantic relationship? Return the answer
IS_REL=<int> where yes/no/unclear corresponds to 1/0/-1, respectively.

Q2: Is the OP is, was, or prospectively in the relationship? Return the answer IS_INREL=<int>
where yes/no/unclear corresponds to 1/0/-1, respectively.

Q3: Is this about cheating? Return the answer IS_CHEATING=<int> where yes/no/unclear
corresponds to 1/0/-1, respectively.

Q4: Is there intimate partner violence (IPV) described? Return the answer IS_IPV=<int>
where yes/no/unclear corresponds to 1/0/-1, respectively.

Q5: Is there unhealthy behavior described in the post that may be present in cases of IPV, even
if there is no IPV described? If so, which types of unhealthy behavior are present? Indicate all
that apply.

IS_PHYS = 1 if physical unhealthy behavior is described, O otherwise

IS_SEXL = 1 if sexual unhealthy behavior is described, O otherwise

IS_EMOT = 1 if emotional unhealthy behavior is described, 0 otherwise

IS_PSYC = 1 if psychological unhealthy behavior is described, 0 otherwise
IS_FINL = 1 if financial unhealthy behavior is described, O otherwise

IS_TECH = 1 if technology-facilitated unhealthy behavior is described, O otherwise

Return IS_PHYS=<int>; IS_SEXL=<int>; IS_EMOT=<int>; IS_PSYC=<int>;
IS_FINL=<int>; IS_TECH=<int> where the integers are either 1 or 0.
Q6: Does the perpetrator of the unhealthy behavior(s) exhibit apparent intent to exert power and

control on the victim? Return the answer HAS_INTENT=<int> where yes/no/unclear corresponds
to 1/0/-1, respectively.

Q7: Is there an apparent impact on at least one of the partners that is characteristic of being a
victim of abuse? Return the answer HAS_IMPACT=<int> where yes/no/unclear corresponds to
1/@/-1, respectively.
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Abstract

In recent years, there has been a surge of in-
terest in Cultural NLP, with substantial efforts
to create globally inclusive NLP systems. The
rapid growth of literature in this field makes
it difficult to track trends in methods and data
resources. To address this, we survey over 375
papers to answer three complementary ques-
tions: (1) What Cultural Capabilities (CCs)
are being targeted in NLP systems? (2) How
are cultural data resources being created? and
(3) What methods are being used to improve
the CCs of those systems? We discuss trends
observed across the three questions, and iden-
tify relevant research gaps. To facilitate further
research in this field, we release our full list
of surveyed papers, in the form of an interac-
tive web interface, CULTUREMINE!, which
includes a feature to allow researchers to add
their work; we hope this facilitates future re-
search and proves to be a valuable resource for
the Cultural NLP community.

1 Introduction

“No people come into possession of a culture
without having paid a heavy price for it.”

— James Baldwin

Language and culture are fundamentally interde-
pendent; language both reflects, and is shaped by
culture (Sapir, 1929). Cultural NLP, which studies
this intersection, has seen rapid growth in recent
years; As of March 2026, searching the ACL An-
thology for the word "culture" or "cultural” yields
more than 700 papers from the last two years alone!
This volume of emergent work makes it difficult for
researchers to keep abreast of novel methodologies
and data resources for Cultural NLP. To address
this, we survey over 375 papers and provide an
overview of (1) what Cultural Capabilities (CCs)

“Equal contribution.
! Accessible now at https://culture-in-nlp.pages.dev/.

*ACL Cultural NLP Papers

~375

AR

Iterative Human Surveying,
Annotation, and Tagging

E ‘\ L] :‘
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Cultural
Capabilities (§4) Data and System Trends and
e.g., Cultural Knowledge, Taxonomies |nSightS
Cultural Translation, Soci-
olinguistic Competence, .. (85, §6) (§7)
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CULTUREMINE (§8)

€3
N Interactive Web Repository

Figure 1: An overview of our surveying pipeline. We
conduct iterative reading and manual annotation of over
375 papers, resulting in (1) our categorization of Cul-
tural Capabilities, (2) new cultural Data and System tax-
onomies, and (3) key insights for the field. All annotated
papers and findings are synthesized into CULTUREM -
INE, an interactive web repository for the community.

are being targeted for improvement (§4), (2) meth-
ods utilized for creating cultural datasets (§5), and
(3) methods proposed to improve the CCs of NLP
systems (§6).

To help navigate the volume of papers, we first
group them by contribution type—datasets, and
systems, and then each contribution is also mapped
to a CC, based on what cultural competency it tar-
gets. Within each contribution type, we propose
a taxonomy to organize papers, and answer the
questions: (1) For dataset contributions, how are
cultural datasets created? and (2) For system contri-
butions, what methods are adopted to improve the
CCs of NLP systems? In contrast to other surveys
in this field (discussed in §2), we offer a technical
overview of the field and propose an organization
scheme to navigate a voluminous and rapidly grow-
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ing body of literature.

Furthermore, we release our full list of surveyed
papers through an interactive web interface, CUL-
TUREMINE; each paper is manually annotated
with our taxonomy—in addition to metadata such
as cultural proxy (e.g., languages, countries). CUL-
TUREMINE also includes a submission form that
researchers can use to add their work to the collec-
tion?. We hope this will be a valuable resource for
the cultural NLP community.

Our contributions are as follows:

* We survey over 375 papers, organize them
based on our proposed taxonomy, and addi-
tionally tag them with rich cultural metadata.

* We identify trends in methodologies to pro-
vide the reader with an overview of the field,
and propose future directions for cultural NLP.

* We release CULTUREMINE as a resource
for the community. We welcome additions
to CULTUREMINE to foster collaborative re-
search and streamline the discovery of rele-
vant work.

2 Related Surveys

There are some highly relevant surveys for cultural
NLP, offering insights into definitions of culture
and how culture is operationalized in NLP. Liu et al.
(2025a); Adilazuarda et al. (2024) discuss how cul-
ture is defined, and survey commonly adopted prox-
ies of culture. Zhou et al. (2025¢) offer a nuanced
perspective on how cultural NLP systems should
be designed, based on theories from sociocultural
linguistics. In this paper, we don’t redefine culture,
and refer readers to the surveys mentioned above
for this. To select papers we survey, we deferred to
the authors to determine whether their work is cul-
tural NLP or not (§3 for details). Our survey adopts
a complementary, technical perspective. Our main
goal is to present an overview of recent technical
advances for improving the cultural capabilities of
NLP systems.

A closely related survey is Pawar et al. (2025),
which surveys cultural awareness in language mod-
els, with a focus on data resources, and provides
a comprehensive overview of resources for the
community. In contrast, we survey NLP systems
broadly without limiting the survey to language

2Submissions to CULTUREMINE are reviewed by the
authors to ensure tag consistency.

models. Additionally, our focus is on the meth-
ods, both for creating data resources as well as
improving NLP systems. Finally, more than half
the papers in our survey are from 2025, and thus
not included in Pawar et al. (2025).

3 Literature Collection and Annotation

In this section we provide a brief overview of our
literature collection and paper annotation strategy.
Papers were added manually by authors as well
as automatically via a keyword scrape of the ACL
Anthology covering the past five years (up to and
including 2025). After the initial keyword scrape,
we utilized an LLM-assisted filtering pipeline to
retain papers that met our criteria; they proposed
either a novel methodology or dataset for cultural
NLP.

All remaining papers were manually filtered by
the authors to filter out works whose primary contri-
butions were sociolinguistic or sociological rather
than computational (see §4.2 for survey scope).
This resulted in a final corpus of over 375 papers,
which were read and annotated by the authors. We
held regular meetings to refine the definitions of
our taxonomies; All papers were reviewed to en-
sure strict adherence to definitions in §4.1, §5, and
§6. Full details regarding our search queries, LLM
filtering pipeline, and consensus protocol are pro-
vided in Appendix A. In the subsequent sections,
we cite only representative works, but a full list of
papers can be found in the Appendix F, Table ??.

4 Definitions

In this section, we formally define the lens through
which we analyze the surveyed literature. We de-
fine a traditional NLP rask as a well-defined compu-
tational problem specifying the behavior a system
should exhibit. In contrast to standard tasks (e.g.,
classification, text generation), in this paper we
categorize works based on the Cultural Capability
they address. The distinction is clarified and further
explained in the following subsection.

4.1 Defining Cultural Capabilities

We define a Cultural Capability (CC) as an ab-
straction over NLP tasks to answer: “What specific
cultural behavior is this dataset measuring, or is
this system improving?”

A CC may be measured via various NLP tasks,
and a given NLP task can be used to measure vari-
ous CCs. To illustrate, a system’s Cultural Knowl-
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edge could be measured via the NLP task of QA

(e.g., “What foods are strictly prohibited in a kosher

diet?”), but could also be measured via a recipe gen-

eration task, where outputting a dish with pork is
inherently penalized as a factual error.

The motivation for focusing on CCs rather than
on standard NLP tasks was made early in survey
phase. It enabled us to identify what kinds of CCs
are being targeted by the community, and which
ones may be overlooked. Looking at contributions
through the lens of CCs instead of NLP tasks allows
for a more nuanced understanding of how culturally
competent current NLP systems are.

The CCs were not pre-defined, but rather discov-
ered through our bottom-up survey of the literature.
We identified nine core CCs that the NLP commu-
nity is actively working to measure and improve:
1. Cultural Translation: the ability to convert

text in one language to another, while preserv-

ing/accounting for cultural nuance and artifacts.

2. Survey-based Cultural Alignment: the capa-
bility of predicting the distributions of answers
to value surveys conditioned on particular cul-
tures (e.g., World Value Survey).

3. Value-driven Cultural Alignment: the capa-
bility to behave in such a way that agrees with a
particular culture’s values, or to switch between
behaviors aligning with target cultures.

4. Cultural Knowledge: the ability to know, re-
call, understand, and use textual knowledge
about a particular culture or cultures.

5. Multimodal Cultural Knowledge: the abil-
ity to know, recall, understand, and use visual
knowledge about a particular culture or cultures.

6. Sociolinguistic Competence: the ability to un-
derstand, produce, or use language in such a
way that it aligns with a particular culture or
cultures’ expected linguistic behavior.

7. Cultural Safety and Harm Reduction: the
ability to understand, censor, correct, or avoid
text that contains harms or potential harms in
accordance with a target culture or cultures.

8. Cultural Education: the ability to aid in educa-
tive processes, conditioned on a target culture.

9. Computational Cultural Representation: the
capability to computationally represent, com-
pare, modify, or edit representations of culture
or its features.

4.2 Scope and Contribution Categorization

Survey Scope: We limit the scope of this survey
to include only works whose overarching aim is to

improve or measure these CCs of NLP systems. As
a result, we excluded works that use existing NLP
models for computational social science (CSS). For
example, Garimella et al. (2016) use NLP methods
to answer the question How are the same words
used differently in different cultures? This is valu-
able work but falls outside the scope of this paper.
We view CSS as a vital pillar of Cultural NLP, but
constrain our taxonomy specifically to those works
that contribute a dataset or system advancement.
Contribution Types: Within the papers that
meet our criteria, we first categorized them by their
contribution type: Datasets and Systems. Note
that many papers have both types of contributions.
The main motivation for this categorization was
to make it easier to analyze the broad field of Cul-
tural NLP and extract insights about community
focus and trends. Additionally, it aids researchers
in efficiently finding resources via our companion
webpage CULTUREMINE. In §5, we explore the
Dataset branch, analyzing the methodologies used
to curate cultural data. In §6, we analyze the Sys-
tems branch, detailing the NLP methods used for
Evaluation, Data Generation, and Improvement.

5 Datasets for Cultural Capabilities

We surveyed 320 dataset papers, and analyze tech-
niques and sources for dataset creation, followed
by insights into common dataset creation pipelines.
The goal of this section is to leave the reader with
an overview of how culture is being injected into
datasets.

5.1 Dataset Creation Methods

We broadly categorize cultural NLP dataset cre-
ation into four approaches: human-generated data
(§5.1.1), adaptation from existing language data
sources (§5.1.2), datasets grounded in cultural re-
search and frameworks (§5.1.3), and synthetic data
generation (§5.1.4). Figure 2 shows our taxonomy.

5.1.1 Human-Sourced Data

Crowdsourcing workers are widely used for large-
scale data collection and annotation requiring gen-
eral human judgment rather than specialized cul-
tural expertise: asking contributors to submit di-
verse images or questions (Cahyawijaya et al.,
2025b; Arora et al., 2025), collecting opinions
through voting (Falk et al., 2024), rating (Casola
et al., 2024), or abusive content labeling (Muham-
mad et al., 2025).

Cultural experts or native speakers are employed
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Figure 2: How are Cultural Datasets being created? Our taxonomy for Dataset Creation methods (solid
color boxes), and example papers employing these methods (striped color boxes). Note that a paper can

combine any number of data creation methods.

for tasks requiring cultural or linguistic expertise,
such as labeling cultural aspects (Maji et al., 2025b;
Alwajih et al., 2025a; Xie et al., 2025), creating cul-
turally grounded content (Zhan et al., 2024; Guo
et al., 2025), or assisting with translation (Kim
et al., 2025a; Montalan et al., 2025).

Domain experts help ensure datasets align with
the domains: law specialists developing annotation
guidelines (Ullah et al., 2024), historians and ar-
chaeologists ensuring artifact accuracy (Ghaboura
et al., 2025), and experts defining dataset tax-
onomies (Vasilev et al., 2025).

5.1.2 Naturally Occurring Sources

Web data provides unstructured cultural signals in
online reviews (Zou et al., 2025) and social media
to capture cross-cultural language use (Kumar and
Jurgens, 2025; Wuraola et al., 2024; Abdelkadir
et al., 2024; Kiesel et al., 2022; Liu et al., 2025¢),
and images for visual QA and reasoning (Liu et al.,
2021, 2025e; Bayramli et al., 2025).

Parallel Corpora contain comparable content
across languages, such as culturally relevant en-
tities (Yao et al., 2024a; Conia et al., 2024),
rules (Haberland et al., 2024), and topical images

(Schneider and Sitaram, 2024).

Culture knowledge sources offer explicit and fine-
grained cultural concepts and artifacts, reflecting
the highest level of culture sensitivity: modifying
existing datasets for a particular culture (Wang
et al., 2024d; Grandury et al., 2025; Son et al.,
2025), and filtering pre-existing cultural resources
(Dai et al., 2025). Educational and domain-specific
materials are also widely used: children’s books
(Khanuja et al., 2024), exams (Cheng et al., 2025),
e-learning platforms (Pramodya et al., 2025), re-
search journals (e.g., PubMed) (Nimo et al., 2025),
literature (AbuHaija et al., 2025), and Wikipedia
(Magdy et al., 2025; Bhatia et al., 2025).

5.1.3 Cultural Research

Culture Value Surveys, such as the World Val-
ues Survey (WVS) (Inglehart et al., 2000; Haerpfer
et al., 2022), provide standardized value-oriented
questions and empirical responses that researchers
use to construct datasets: expanding question sets
(Xu et al., 2025a), predicting answer distributions
(Cao et al., 2025), or selecting dialogue topics
based on response patterns (Ma et al., 2025b).

Cultural/Social Science Theories also guide
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dataset creation. Frameworks such as Hofstede’s
Cultural Dimensions (Hofstede, 1984), the Theory
of Basic Human Values (Schwartz, 1992), and ne-
gotiation theory (Aslani et al., 2016) are used to
refine value taxonomies for question generation
(Cahyawijaya et al., 2025a), categorize values (Yao
et al., 2024b), and guide annotators (Hale et al.,
2025).

5.1.4 Synthetic Generation

Machine Translation is used to expand datasets
across languages. Work applies Google Translate
to translate simple sentences (Belay et al., 2025;
Yin et al., 2022) and literature (Thai et al., 2022).
LLMs are used for translation (Onohara et al., 2025;
Kim and Kim, 2025), augmentation (Masala et al.,
2024), and verification of cultural alignment (Putri
et al., 2024). Other work uses specialized trans-
lation models NLLB Team et al. (2022) for qual-
ity check (Aakanksha et al., 2024; Nguyen et al.,
2024b), or trains models to support low-resource
dialects (Mousi et al., 2025).

LLM Generation is increasingly used in dataset
construction: generating culturally specific content
such as stereotypes (Jha et al., 2023; Sahoo et al.,
2024), moral scenarios (Liu et al., 2024a; Dey et al.,
2025), and norms (CH-Wang et al., 2023); standard-
izing data formats (Chiu et al., 2025; Umbet et al.,
2025), and adapting content across cultural con-
texts (Joshi et al., 2025; Putri et al., 2024). Beyond
text, LLMs are used to synthesize images (Kim
et al., 2025b), generate image captions (Bai et al.,
2025), and label videos (Chen et al., 2025d).

5.2 Insights into Dataset Creation Pipelines

Our analysis reveals that modern cultural dataset
creation rarely relies on a single, isolated method.
Figure 2 illustrates common combinations of
dataset creation approaches (additional details in
Appendix C.3) with representative examples. We
identify two dominant pipelines.

Pipeline 1: Source-Grounded Human Curation
combines cultural knowledge sources with human
expertise. Researchers typically adapt materials
from books, image collections, and local websites,
then ask humans to create prompts (Isbarov et al.,
2025), questions (Nayak et al., 2024), and QA
pairs (Limkonchotiwat et al., 2025), or annotate
through quality checks (Kim et al., 2024a; Kim and
Lee, 2025), label assignment (Maji et al., 2025a;
Zhang et al., 2025b), or culture-specific translation
(Winata et al., 2025), and enrich existing cultural

datasets with expert knowledge (Cheng et al., 2025;
Romanyshyn et al., 2024).

Pipeline 2: LLM Co-Creation uses LLMs as
as generative amplifiers or structuring tools in
dataset creation, with human input, theoretical
frameworks, or existing language resources, in-
cluding expanding seeded content with additional
situated examples (Xu et al., 2025a; Zhan et al.,
2024; Li et al., 2025); generating culturally diverse
content followed by human verification (Urailert-
prasert et al., 2024; Qiu et al., 2025; CH-Wang
et al.,, 2023); extending topic coverage (Wang
et al., 2024f; Cahyawijaya et al., 2025a; Chiu et al.,
2025); and extracting or generating additional in-
formation from existing language sources (Bhatia
et al., 2025; Arnardéttir et al., 2025).

Despite the common use of these pipelines, we
find several exceptions across Cultural Capabili-
ties (Figure 9). Sociolinguistic Competence empha-
size crowdsourced interactions to capture natural
language use while avoiding explicit cultural cues
that could create evaluation shortcuts. Cultural
Translation rely more on language professionals
(Akinade et al., 2023; Tapo et al., 2025a; Zhang
et al., 2025¢), and draw on web-based multilingual
content, which captures contemporary expressions
that often remain untranslated. Cultural Safety and
Harm Reduction similarly depend on web data, par-
ticularly social media, to capture potentially harm-
ful language needed for moderation (Maronikolakis
et al., 2022; Mia et al., 2025). In contrast, Com-
putational Cultural Representation use LLM-based
synthetic generation to construct structured cultural
knowledge that is difficult to obtain directly from
raw data (Acquaye et al., 2024; Ziems et al., 2023;
Pujari and Goldwasser, 2025).

We also identify the conceptual rigor trade-
off in the literature. Compared to other data con-
struction approaches, culture research based meth-
ods are used less frequently. This pattern suggests
that current cultural NLP dataset creation relies
more heavily on coarse-grained, proxy-based data
sources than on structured guidance from well-
established conceptual frameworks in social sci-
ence. Such a trend highlights a potential trade-off
between scalability and practical convenience on
the one hand, and depth, conceptual rigor, and pre-
cision of cultural representation on the other.
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Figure 3: What methods are used to improve Cultural Capabilities? Our taxonomy of Systems (solid
color boxes), and example papers employing these methods (striped color boxes). Note that a paper may

combine any number of methods.

6 Systems for Cultural Capabilities

In this section we first discuss three different kinds
of systems that we identified during our survey
(§6.1), and then summarize some technical ap-
proaches adopted to improve CCs in NLP systems

(86.2).

6.1 Methodology Goals

Among all the papers that contributed a system, we
identified three distinct overarching goals:
System Improvement for CC: Works that seek to
directly improve an NLP System’s CCs, e.g., (Ma
et al., 2025b; Cao et al., 2025; Li et al., 2024d).
System Evaluation for CC: Works that propose
a novel system to evaluate an NLP System’s CCs,
e.g., (Zhao et al., 2025; Mukherjee et al., 2023;
Zhang et al., 2025a).

Cultural Data Generation: Works that propose
a generalizable framework to generate culturally
informed data, e.g., (Keleg and Magdy, 2023; Fung
et al., 2023; Hasan et al., 2025).

The three system goals each have a very different
impact on research, which makes this an important
distinction. We allow the ability to query papers
by this distinction in CULTUREMINE, and discuss
insights from this classification in §7.

6.2 Technical Approaches to Methodology

Fig. 3 illustrates the taxonomy used to clas-
sify methods based on their technical approaches.
Prominent themes for each approach are discussed
below.

6.2.1 Prompting Based Methods

We identified over 70 papers that contributed a
novel system utilizing prompting in various ways.
One common approach is to vary the language of
the prompt, to either probe a model (Kim and Kim,
2025; Zhao et al., 2025), or to encourage cultur-
ally aligned behavior (Feng et al., 2024a). Other
methods use specialized prompts, such as injec-
tion of cultural knowledge (Shaikh et al., 2023; Ma
et al., 2025b), guiding principles (AlKhamissi et al.,
2024), multi-step prompting (Hobson et al., 2024),
and cloze templates (Ramezani and Xu, 2023).

6.2.2 Agent Systems: Retrieval and
Multi-Model Systems

We found Agent Systems, often with a "retriever
agent" to be a common system proposed. What is
the motivation for using an agentic framework? We
find two recurring themes: (1) To allow for cultur-
ally diverse interactions and output (Ki et al., 2025;
Li et al., 2024d; White et al., 2024; Bai et al., 2025;
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Feng et al., 2024b), (2) To allow for specialized
roles in complex systems made up of smaller mod-
ules (Anik et al., 2025; Wu et al., 2024; Yuan et al.,
2024; Liang et al., 2025). For systems that uti-
lized a retriever, what was the role of the retriever?
The most common role we found was to retrieve
diverse kinds of cultural information such as enti-
ties (Conia et al., 2024), recipes (Hu et al., 2024),
medical text (Calvo-Bartolomé et al., 2025), poetry
(Chen et al., 2025a). This would be explained by
the fact that the most common CC associated with
retrievers was Cultural Translation.

6.2.3 Human in the Loop Systems

We identified 13 papers that proposed a system
involving a human in the loop. The main role of
humans in these systems was to provide cultural
expertise, which can look like judgments and cor-
rections (Pujari and Goldwasser, 2025; Ziems et al.,
2025), culturally informed seed data (Hasan et al.,
2025; Rachamalla et al., 2025; Putri et al., 2024),
adversarial input (Chiu et al., 2025), and even out-
side culture judgment (Park et al., 2025b).

6.2.4 Training Based Methods

Many papers propose novel training paradigms to
improve the CC of NLP Systems. By far the most
common one we identify is SFT on LLMs for some
form of cultural alignment (Choenni et al., 2024;
Cao et al., 2025; Xu et al., 2025a; Dai et al., 2025).
Another common trend we notice is that of train-
ing smaller models for specialized tasks, such as
Bert (Devlin et al., 2019) to identify values (Kiesel
et al., 2022) or predict stereotypes (Kim and John-
son, 2025), e5 model (Wang et al., 2024b) to align
sociocultural concepts (Wang et al., 2025c¢), or eval-
uation metrics trained to reflect human judgment
(Bayramli et al., 2025). Finally, there are several pa-
pers that introduce novel architectures for special-
ized tasks such as subjective prediction (Parappan
and Henao, 2025), predicting social relationships
from videos (Zhang et al., 2025h), and transfer
learning across languages (Ringel et al., 2019).

6.2.5 Classical NLP

In this subsection we discuss approaches which are
often paired; embeddings, lexica, and methods over
them like clustering, summarization.

Lexica: We identified 2 main ways that lexica
are used in this field: (1) discovering cultural dif-
ferences like ideologies (Milbauer et al., 2021),
perspectives (Gutiérrez et al., 2016), expressions

of mental health (Rai et al., 2025a), and personal
values (Wilson et al., 2016), and (2) quantifying
linguistic aspects like style (Havaldar et al., 2023a),
bias, (Naous and Xu, 2025; Friedman et al., 2019)
cultural awareness (Zhao et al., 2025; Caplan et al.,
2025), harm (Menis Mastromichalakis et al., 2025),
and concepts (Li and Zhang, 2023).
Embeddings: Lexical methods are often paired
with embedding based methods for purposes like
enriching the lexica (Havaldar et al., 2024, 2023a),
comparing similarities or differences between cul-
tures (Sun et al., 2021; Milbauer et al., 2021), and
detecting cultural biases (Friedman et al., 2019).
In contrast, (Rai et al., 2025a; Caplan et al., 2025)
specifically avoid embeddings to prevent issues
arising from bias in embeddings. Other works,
exploit the bias in embeddings to measure ab-
stract concepts like values, ideologies and identities
(Cahyawijaya et al., 2025a; Milbauer et al., 2021;
Ventura et al., 2025; Havaldar et al., 2024), and
perceptions and pragmatics (Sun et al., 2021; Lin
et al., 2018; White et al., 2024). Another common
use of embeddings is to create a shared representa-
tion space for multiple cultures, in order to discover
similarities and differences between them (Choenni
et al., 2024; Zhou et al., 2023).

Statistical Methods: These methods encompass
a wide variety of tools like clustering, topic mod-
eling, evaluation metrics etc. We highlight two
interesting recurring themes; the first is the use of
clustering and topic modeling to discover common
themes from large noisy data (Cuevas et al., 2025;
Milbauer et al., 2021; Hobson et al., 2024; Pujari
and Goldwasser, 2025), and the second is the use
of various metrics to measure abstract concepts like
cultural alignment (Wang et al., 2024c¢), ideologies
(Milbauer et al., 2021), and values (Xu et al., 2024).

6.2.6

We identified few methods using mechanistic in-
terpretability, which indicates it being an underex-
plored method for cultural NLP. The papers we did
identify propose novel ways to answer why models
display the cultural tendencies that they do (Xu
et al., 2024; Ying et al., 2025).

Mechanistic Interpretability

6.2.7 Multimodal Methods

Several papers we surveyed proposed methods that
included modalities beyond text. A very interesting
line of work uses vision to account for low resource
languages that do not have a surplus of textual data
(Li and Zhang, 2023; Chen et al., 2024; R et al.,
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2025). Another motivation for such methods is
cultural competence over non-text modalities like
vision (Sharma et al., 2022; Alwajih et al., 2024;
Zhang et al., 2025¢,h; Khanuja et al., 2025).

7 Observations and Recommendations
for Future Work

7.1 Trends in Proposed Future Work

We analyzed the future work sections of the sur-
veyed papers and found that community-proposed
directions predominantly fall into two themes (de-
tails in Appendix B). First, researchers frequently
call for scaling cultural and linguistic cover-
age to address data scarcity, often advocating for
richer, multimodal benchmarks (Wang et al., 2024a;
Maji et al., 2025a). Second, there is a strong
push to model cultural complexity more accu-
rately. Authors emphasize moving away from
static, monolithic labels by operationalizing culture
as a dynamic distribution (Havaldar et al., 2023a;
Ziems et al., 2023), incorporating intersectional
and fine-grained geographic variables beyond lan-
guage (Falk et al., 2024; Koto et al., 2024), and
developing evaluation frameworks explicitly ac-
counting for pluralism (Zhou et al., 2023; Miehling
et al., 2025).

7.2 Our Observations and Recommendations

In this section we discuss four broader patterns that
offer promising avenues for the community.

Prioritizing system improvements over addi-
tional dataset creation. Dataset creation sub-
stantially outpaces the development of methods
that directly improve CCs. This gap is especially
pronounced for Cultural Knowledge (>100 sur-
veyed dataset contributions), Cultural Safety and
Harm Reduction (>60), and Value-driven Cultural
Alignment (>50), each of which has fewer than 20
surveyed system improvement contributions. The
abundance of such datasets (Singh et al., 2025¢;
Sahoo et al., 2025; Bui et al., 2025b; Shetty et al.,
2025) indicates that the community has built a ro-
bust foundation for measuring these capabilities.
We recommend that future efforts emphasize de-
veloping systems specifically designed to improve
performance on these existing datasets, as done by
(Ki et al., 2025; Wang et al., 2025b; Feng et al.,
2024a; Parappan and Henao, 2025).

Reusing existing data generation frameworks
for scalable data collection. When the creation

of new data is desired, we observe an opportunity
to reduce redundant effort. We identified several
sophisticated, generalizable Cultural Data Gener-
ation systems (Ziems et al., 2025; Caplan et al.,
2025). These frameworks are designed to produce
datasets dynamically by conditioning on target vari-
ables (e.g., country, language, or source collection).
However, we noticed limited follow-up reuse of
these pipelines. Leveraging these existing genera-
tive frameworks can accelerate research when spe-
cific cultural data is scarce, providing a scalable
alternative to curating datasets from scratch.

Developing specialized evaluation methods for
implicit cultural nuances. Our survey suggests
that measurement paradigms for different CCs are
evolving at different rates. We use the ratio of novel
Evaluation System papers to Dataset papers to ap-
proximate this focus: a higher ratio indicates active
development of bespoke measurement frameworks,
whereas a lower ratio implies a reliance on exist-
ing metrics. For example, capabilities involving
abstract constructs, such as Value-driven Cultural
Alignment (0.30) and Sociolinguistic Competence
(0.21), exhibit relatively high ratios. This suggests
that standard metrics often fall short for these
CCs, prompting researchers to build specialized
evaluators (Yao et al., 2024b; Shen et al., 2025;
Casola et al., 2024; Ying et al., 2025). Conversely,
capabilities like Multimodal Cultural Knowledge
(0.02) and Cultural Translation (0.11) show sig-
nificantly lower ratios, as they frequently rely on
established, reference-based metrics like BLEU
or ROUGE. While these standard metrics provide
valuable baselines, we encourage the continued de-
velopment of specialized evaluation methodologies
for these domains as well.

This opportunity is particularly visible in mul-
timodal work. Existing literature provides excel-
lent coverage of visually salient cultural artifacts,
such as food, clothing, and landmarks (Nayak
et al., 2024; Bhatia et al., 2024; Maji et al., 2025¢).
Moving forward, the field is well-positioned to
tackle subtler, “below-the-iceberg” phenomena
(Hall, 1976) essential for real-world interaction,
such as conversational grounding, gestures, paralin-
guistic interpretation, and cross-dialect understand-
ing, e.g., (Sasu et al., 2025; Zhang et al., 2025h).

Evaluating and optimizing multiple CCs jointly.
Our taxonomy defines CC as a collection of distinct
competencies (§4.1), yet current research predomi-
nantly isolates them. Among surveyed papers con-
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tributing system improvements, 82% target exactly
one CC; for system evaluation, the figure is 94%.
While this focused scope is necessary for foun-
dational research, real-world deployments require
systems to juggle multiple CCs simultaneously.
Improvement on one CC does not inherently trans-
fer to another (Zhang et al., 2025d); a culturally
capable system deployed in the world may need to
retrieve accurate cultural facts, communicate appro-
priately, and adapt to pluralistic norms concurrently.
We encourage future work to report cross-CC trans-
fer and trade-offs, and to develop comprehensive
benchmarks that evaluate multiple CCs jointly.

8 CULTUREMINE: Community Resource

In this section we provide a brief overview of CUL-
TUREMINE, which contains all the papers we sur-
veyed, tagged with the dataset taxonomy and/or
the systems taxonomy and relevant CCs. Addi-
tionally, each paper is tagged for culturally relevant
metadata such as what proxy it used for culture (lan-
guage, country, other). When applicable, papers
are also tagged for the exact languages or regions
that they account for. All the papers can be queried
via drop-down filters, which makes it very easy for
researchers to find a collection of work that is rele-
vant for them! The top section of CULTUREMINE
has a dynamic visualization giving an overview of
papers and updates based on selected fields.

Additionally, we include a submission form that
researchers can fill out to add more papers. We
intend to keep the UI updated regularly, and hope
that it can be a true mine for cultural NLP!

9 Conclusion

We surveyed over 375 papers, provided an
overview of recent technical methods for improv-
ing the CCs of NLP systems, proposed taxonomies
to organize contributions and released our surveyed
papers, tagged with our taxonomies and other rich
metadata via CULTUREMINE. We hope this sur-
vey and CULTUREMINE will be a valuable re-
source for the cultural NLP community.

Limitations

Despite our effort to provide a comprehensive
overview of the cultural capabilities of NLP sys-
tems, several limitations remain.

Scope and Source Coverage. Our survey is not
exhaustive. Research on culture in NLP is dis-
tributed across multiple venues and related fields,

CultureMINE: The Cultural NLP Repository

Z 0
6D
o

Contribute to the

378 papers

Figure 4: CULTUREMINE interface has dynamic visu-
alizations in the top section. The fields in the bottom,
which include our taxonomies for datasets and systems,
can be used as filters to find relevant papers. The filters
also include information such as cultural proxies used,
what cultures, and what languages!

making comprehensive coverage infeasible. We
therefore focus on papers that directly address our
central question: how cultural capabilities are tech-
nically represented, operationalized, or incorpo-
rated in NLP systems and research designs. For
the surveyed papers, we systematically collected
them from the ACL Anthology, which serves as the
primary repository. As a result, research published
outside the ACL Anthology may be underrepre-
sented in our survey.

Exclusion of NLP for Social Science. An impor-
tant related area not included in this survey is NLP
for social science. This line of research applies nat-
ural language processing methods to study social
phenomena such as cultural variation, social mean-
ing, and contextual interpretation in large-scale text
data. Such work provides valuable theoretical and
empirical perspectives for computational research
on culture. Establishing a more systematic connec-
tion between the NLP for social science literature
and culture-focused NLP research remains an im-
portant direction for future work.

Taxonomic Boundaries. The taxonomy pro-
posed in this survey is derived through a bottom-
up analysis of the papers we reviewed. It is not
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intended to be a complete theory of all possible
mechanisms for investigating cultural capabilities
in NLP. As the literature develops, additional di-
mensions and categories may emerge.

Interpretative Constraints. Our analysis is con-
strained by how culture is defined and described in
the surveyed papers. Cultural modeling choices are
often only partially formalized or embedded within
broader task or dataset design decisions. Conse-
quently, some categorization decisions require in-
terpretation.

Conceptual Proxy Limitations. Many studies
represent culture through proxies such as language,
geographic region, nationality, or demographic
group. These proxies capture different aspects of
culture and are not conceptually equivalent. Our
survey organizes the current technical design space,
but it does not resolve the underlying conceptual
challenges of modeling culture.

Ethical Considerations

Culture is complex, dynamic, and internally het-
erogeneous. However, computational studies of-
ten operationalize culture using simplified proxies
such as language, nationality, geographic region,
or demographic group. These proxies can be prac-
tically useful for empirical analysis, but they may
also reify culture as fixed or homogeneous, obscure
within-group diversity, and inadvertently reinforce
stereotypes or exclusions.

The goal of this survey is to organize and ana-
lyze the technical mechanisms through which prior
work incorporates culture into NLP systems. We
do not treat any particular operationalization of cul-
ture as definitive or exhaustive. Rather, we view
these operationalizations as modeling choices made
for specific empirical purposes. We therefore en-
courage future research to make these assumptions
explicit, carefully justify the cultural proxies used,
and evaluate the potential downstream risks associ-
ated with cultural generalization in NLP systems.
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A Detailed Literature Collection and
Annotation Methodology

A.1 Phase 1: Initial Seed Collection

We took a two-phased approach to collect relevant
literature, focusing on the past five years (includ-
ing all available papers from 2025) to capture the
modern landscape of Cultural NLP. The first phase
consisted of a manual search combined with an au-
tomated scrape of the ACL Anthology. We queried
for papers containing the words “culture” or “cul-
tural” in the title, alongside at least one other key-
word related to investigating or operationalizing
culture in NLP. This initial highly targeted search
resulted in a seed set of 180 papers.

A.2 Phase 2: Broad Scrape and
LLM-Assisted Filtering

To ensure comprehensive coverage, the second
phase involved a broader scrape of the ACL Anthol-
ogy for any paper containing “culture” or “cultural”

in either the title or abstract, returning 1,216 addi-
tional candidates. Given the volume, we employed
an LLM to assist in filtering the list down to a
highly relevant subset.

First, we prompted the LLM with a description
of our inclusion criteria along with the title and ab-
stract of each paper, retaining only those assigned
a high relevance score. Next, we prompted the
LLM with stricter inclusion guidelines, providing
it with potentially relevant full-text sections of each
candidate paper (e.g., Introduction, Dataset, Meth-
ods, Evaluation). To ensure we analyzed works
with thorough descriptions and evaluations of pro-
posed datasets or methods, we filtered out short
papers, considering only those longer than 6 pages.
This rigorous second phase yielded 277 additional
highly relevant papers.

A.3 Manual Annotation and Consensus
Strategy

The combined pool of candidate papers was man-
ually processed by annotators who are Computer
Science PhD students actively involved in NLP re-
search. Papers were annotated across three main
dimensions: (1) Cultural Capabilities addressed,
(2) dataset creation methodology, and (3) technical
system methods utilized. Throughout the annota-
tion process, we performed a manual filtering step
to discard papers that did not pose a novel contri-
bution in any of these three aspects. Specifically,
we removed works that solely evaluated existing
models on existing datasets, or papers utilizing
NLP tools for pure sociolinguistic or social sci-
ence analyses without proposing a technical sys-
tem or dataset improvement. This exclusion phase
removed 79 papers, leaving a final corpus of 378
papers to be read thoroughly and annotated.

To ensure high-quality and consistent annota-
tions, regular meetings were held between the
surveyors. During these meetings, precise def-
initions of the labels were discussed, disagree-
ments were resolved, and edge cases were evalu-
ated. We also conducted cross-validations on small
subsamples of papers to purposefully identify and
resolve points of contention. Once this iterative
process concluded and the taxonomy definitions
were firmly established, the team went back and
corrected all previously labeled papers to guaran-
tee strict consistency and adherence to the final
taxonomy across the entire 378-paper corpus.
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Figure 5: Frequency of future-work clusters in the papers

B Future Work Cluster Analysis

We analyze the Future Work sections recorded in
our annotated spreadsheet. The aggregated results
are summarized in Figure 5. We identify recurring
directions through a transparent and reproducible
clustering procedure. Because individual papers
often propose multiple extensions, clustering is
treated as a multi-label assignment problem. A
single future work entry can therefore belong to
multiple clusters.

B.1 Cluster schema

We define a small set of coarse themes that repeat-
edly appear across the surveyed corpus. Each clus-
ter represents a practical research direction rather
than a topical category. The clusters and their de-
scriptions are as follows:

* Expand languages and cultures: extending
coverage to additional languages, dialects, re-
gions, or cultural contexts.

¢ Dataset and benchmark expansion: col-
lecting new datasets, enlarging benchmarks,
adding annotations, or improving dataset cu-
ration and documentation.

* Modeling and adaptation methods: develop-
ing improved modeling, training, fine-tuning,
alignment, transfer, retrieval, or adaptation ap-
proaches that explicitly address cultural phe-
nomena.

* Bias, fairness, ethics, and harm mitigation:
measuring or mitigating culturally shaped
bias, stereotyping, toxicity, or other harmful
outputs.

* Evaluation and metrics: proposing stronger
evaluation metrics, human evaluation proto-
cols, robustness checks, or generalization tests
for cultural capabilities.

* Multimodal or interactive settings: extend-
ing cultural modeling to speech, audio, vision,
dialogue systems, or other interactive environ-
ments.

* Temporal dynamics: modeling culture as a
time-varying process, including updates, drift,
or longitudinal change.

* Theory, definitions, and causal framing:
clarifying conceptual definitions of culture or
proposing causal or mechanistic interpreta-
tions of cultural variables.

* Governance and participatory approaches:
incorporating community participation, con-
sent mechanisms, stewardship practices, or
governance frameworks.

* Downstream deployment: evaluating inte-
gration into real-world systems and conduct-
ing deployment-oriented validation.

235



B.2 Assignment procedure

Cluster assignments are produced using a
dictionary-based matching procedure. For each
cluster, we construct a small set of indicative
surface forms, such as “multilingual”, “dialect”,
“benchmark”, “annotation”, “robustness”, “toxic-
ity”, “speech”, or “drift”. A cluster is marked as
present when any of its indicative patterns appear
in the corresponding future work text using case-
insensitive matching. This design prioritizes inter-
pretability and reproducibility: cluster definitions
are explicit, and assignments can be verified by
inspecting the matched expressions. The clustering
procedure is intentionally lightweight and surface
form-driven. It may undercount papers that de-
scribe a direction using uncommon phrasing, and it
does not disambiguate cases where a keyword ap-
pears with a different meaning. We therefore treat
the clusters as a descriptive summary of recurring
future work themes rather than as an exhaustive

taxonomy.

C Analysis of Methods used for CCs

C.1 Methods across cultural capabilities

Figure 6 presents a 3 x 3 grid of stacked bar charts
comparing method families across cultural capa-
bilities. Each subplot corresponds to one cultural
capability. The x-axis lists methodological fami-
lies, while the y-axis reports the number of contri-
butions. Each bar is partitioned into segments rep-
resenting four contribution types: System Contribu-
tion, Model Evaluation, Data Generation, and Sys-
tem Improvement. Overall, Cultural Knowledge
and Value-driven Cultural Alignment contain the
largest number of contributions, whereas Cultural
Education, Survey-based Cultural Alignment, and
Multimodal Cultural Knowledge appear relatively
sparse. Across cultural capabilities, prompting-
based methods are the most frequently used ap-
proach, with training-based methods and lexica,
embeddings, or other classical NLP techniques
also appearing regularly. Some cultural capabil-
ities display clearer methodological specialization.
Cultural Computational Representation relies more
heavily on classical NLP-style approaches, while
Cultural Translation more often adopts agent-based
and prompting-based strategies.

A key observation is that cultural NLP research
is methodologically heterogeneous. Different tasks
tend to attract different technical approaches rather
than converging on a single dominant paradigm.

Current work is largely centered on prompting and
training-based techniques, particularly for tasks in-
volving cultural knowledge, value alignment, and
safety, reflecting the broader influence of large lan-
guage models in recent NLP research. In contrast,
tasks related to cultural representation and sociolin-
guistic competence maintain stronger connections
to earlier NLP traditions. The figure also highlights
several relatively underexplored areas, including
cultural education, multimodal cultural reasoning,
and mechanistic interpretability, indicating opportu-
nities for future work to expand both task coverage
and methodological diversity.

C.2 Cultural capabilities across methods

Figure 7 presents the distribution of cultural capa-
bilities across method families using a 2 x 3 grid of
bar charts. Each subplot corresponds to a method
family, and the horizontal axis lists cultural capabil-
ities, while the vertical axis reports the number of
contributions. The six method families are retrieval
and multimodel approaches, human-in-the-loop
methods, lexica, embeddings, classical NLP tech-
niques, multimodal approaches, prompting-based
methods, and training-based methods. Across
methods, prompting-based approaches exhibit the
largest overall volume and cover the widest range
of cultural capabilities, followed by training-based
methods and lexica, embeddings, and classical
NLP techniques. In contrast, human-in-the-loop
and multimodal approaches account for substan-
tially fewer contributions and are concentrated in
a limited set of cultural capabilities. At the capa-
bility level, cultural knowledge, value-driven cul-
tural alignment, sociolinguistic competence, and
cultural computational representation appear re-
peatedly across multiple method families. Cultural
education and survey-based cultural alignment re-
main comparatively limited. The stacked bar seg-
ments indicate that many methods support multiple
contribution types, including system contribution,
model evaluation, data generation, and system im-
provement, rather than focusing on a single contri-
bution category.

The figure further suggests that the field is struc-
tured around a small set of widely reusable tech-
nical paradigms, particularly prompting-based and
training-based approaches, which support a broad
range of cultural capabilities. This pattern indi-
cates that much of cultural NLP research adapts
general-purpose large language model techniques
to culture-related problems rather than develop-
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ing highly task-specific architectures. At the same
time, method families differ in flexibility. Lex-
ica, embeddings, and classical NLP techniques re-
main particularly relevant for representational and
sociolinguistic analysis, whereas multimodal and
human-in-the-loop approaches appear more spe-
cialized and comparatively underexplored. Over-
all, the distribution indicates that research diversity
varies not only across cultural capabilities but also
across technical methods, with several approaches
functioning as central methodological hubs while
others remain peripheral.

C.3 Cultural Capabilities Across Dataset
Creation Methods

Figure 8 presents an UpSet-style visualization of
dataset creation method combinations, stacked
by cultural capability. The bottom matrix indi-
cates which dataset creation ingredients appear in
each combination pattern. These ingredients in-
clude Cultural Experts or Native Speakers, Cul-
ture Knowledge Source, Synthetic Generation,
Web Data, Expert Annotation, Translation, Crowd-
sourced Annotation, Common Language Data, Cul-
tural and Social Science Theories, and Culture
Value Surveys. The bars above the matrix report
the frequency of each ingredient combination, with
segments colored by cultural capability category.
The bars on the left indicate the marginal frequency
of individual ingredients. Cultural Experts or Na-
tive Speakers, Culture Knowledge Source, Syn-
thetic Generation, and Web Data appear most fre-
quently, while Cultural and Social Science The-
ories and Culture Value Surveys occur relatively
rarely. At the combination level, the most frequent
patterns reach approximately the high teens, while
many other combinations appear only four to six
times. Across these combinations, Cultural Knowl-
edge contributes the largest share in many of the
most common patterns, while Value-driven Cul-
tural Alignment, Sociolinguistic Competence, and
Cultural Translation also appear across multiple
combinations.

Figure 9 shows a heap map of dataset creation
method vs CCs. A key observation is that dataset
creation for cultural natural language processing is
typically compositional rather than based on a sin-
gle source. Many studies construct datasets by com-
bining several ingredients, most commonly human
expertise from native speakers, external cultural
knowledge resources, synthetic data generation,
and web-collected data. This indicates that cultural

information is rarely operationalized through a sin-
gle data pipeline. Instead, researchers assemble
datasets by integrating human knowledge, struc-
tured cultural resources, and scalable generation
strategies. The figure also reveals an imbalance
in the maturity of different cultural data construc-
tion approaches. High-frequency combinations
are dominated by Cultural Knowledge-oriented
pipelines, suggesting that dataset development has
progressed most strongly for knowledge-centered
tasks. In contrast, theoretically grounded sources
such as cultural value surveys and cultural or social
science theories remain uncommon. Overall, the
distribution of combinations suggests that current
practice prioritizes pragmatic and scalable data con-
struction strategies, while theoretically grounded
but less reusable approaches remain underexplored.

D CULTUREMINE

We accompany our survey with a web-interface,
called CULTUREMINE, in the hope that it will
facilitate research in cultural NLP. CULTUREM -
INE allows users to filter papers according to our
taxonomy, as well as by the cultural groups they
study. For example, if a user is interested in Cul-
tural Safety and Harm Reduction in Korean, they
can easily apply filters (shown in Figures 10 and
11) to find relevant papers (shown in Figure 12)
and click on a paper’s title to read it. In addition
to providing direct, easy access to papers, CUL-
TUREMINE provides dynamic bar charts at the top
of the page, showing the most common Cultural Ca-
pabilities, System Methods, and Dataset Creation
Methods used in the set of papers that satisfy the ac-
tive set of filters. It also includes similar charts for
the cultural proxies used, languages studied, and
regions or countries studied (shown in Figure 13).
To keep up with the fast-pace of research in cultural
NLP, CULTUREMINE includes a link to a Google
Form that allows anyone to submit an annotation
for a paper that is not currently covered. Submit-
ted annotations will be reviewed and/or modified
manually before being added to ensure that all an-
notations displayed are of high-quality.

E Cultural Proxies and Groups

We perform a brief analysis of the cultures stud-
ied by the papers included in our survey. Figure
14 breaks down the types of cultural proxies used.
72.8% use language as the main proxy for culture,
22.2% use a geographic proxy (Country or Geo-
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Figure 6: Method distribution across cultural capabilities

graphic Region), and only 5% use some other proxy.
As discussed in (Zhou et al., 2025¢), these com-
monly used proxies for culture can be problematic
as the groups within them are often composed of
multiple cultures. We further analyze the specific
cultural groups included in papers that consider at
most 10 different groups (235 using language and
50 using geography). Of the papers that use lan-
guage, there is a very long tail distribution; over
half include English and around a third include Chi-
nese, with all but 9 languages—out of 113—being
covered less than 20 times (Figure 15). We see a
similar trend across 79 total geographic proxies,
with around half including US and India, around a
third including China, and all but 9 groups covered
5 or fewer times (Figure 16).

F List of Surveyed Papers

For compact presentation, we abbreviate cultural
capability categories using acronyms in the follow-
ing table ?? of surveyed papers. Specifically, CT
= Cultural Translation; SCA = Survey-based Cul-
tural Alignment; VCA = Value-driven Cultural
Alignment; CK = Cultural Knowledge; MCK =
Multimodal Cultural Knowledge; SC = Sociolin-

238

guistic Competence; CSHR = Cultural Safety and
Harm Reduction; CE = Cultural Education; and
CCR = Cultural Computational Representation.
These abbreviations are used only for table pre-
sentation and correspond directly to the capability
categories described in the main text.



System Contribution

@i Model Evaluation
##% Data Generation

CC Distribution by Method

W System Improvement

Human-in-the-loop Lexica, Embeddings, and Classical NLP

Agent Systems: Retrieval and Multi-model

Efwmww
:ahﬁﬁmﬁ o
ﬂwmmowww M.Nw NMM.
L
:oﬂ%ﬁmﬁﬁmm% e

25
PoLsony P

Ty,
TV pem
ATy >~ o

w
Junop) uopnquoy)

oy
Poseq.

V ey,
ormg 0

[l
Houryg,

gl frmo
muv&

2 HoLony

) ?voELMﬂ
0151 g,

Y

S e P

2oy
o
iy,
01y,
Heitoso g,
u A [eaor,,
g Es.zmss

25
PoLsony P

e = & o

Jumo)) oMoy

s
gy W oy

gy
0g3op
Hiton,
Ty T
oumysy

Poseq o, Py

~foamg

o3y
Polsony ey

TNy,
ey &

) w =

Junop uopnquoy)

Training Based

Prompting Based

Multimodal

Junop) wonmquIU0y

AMOp) WOHNAIIOL)

- ~ S
Junop uopnquyIoy

ooy,
NE_.:EOQ

popaon
I 7
i
u.kr:::wn
TV ea
]

01 gy,
Tenuy 5L

o3)
PO fom, 3

it o
u_wﬁmﬁww
aﬁmﬁmﬁ?
Eoﬂuws [2my,

bongs, "0

ooy,
Tem ﬁwm
FpoLaon,

. oI [,
o a?s%ﬁ,

O ergy,
ey, oﬁ
Joumgy,

0y pe
Eg,.?hhm:.o

0050,

u A o
utopy pit «._MW:E
P30y

Storaog

0L,
LIy g
St
Moumg,,
?:.Fnﬁss

olnony Temyy,
)

Moty
Y e
:&,%Nﬁ% %)
ot

[em
Eaf.wtzmao

o)
Potsony Teamy g

onE) g,

* 1d,

- A en
oy 1y, b Oo.sl

PO gy,
Ajogeg _Es_mora

-
sy
emym L
R
Forog

o3)
ElEsous;

"0 reporyyy, W

thods

10N aCross me

ity distributi

Cultural capabili

Figure 7

Dataset Creation Method Combinations
Stacked by CC

19

mm Cultural Computational Representation

== Cultural Education

Cultural Knowledge

Cultural Safety and Harm Reduction

mm Cultural Translation

w= Multimodal Cultural Knowledge
Sociolinguistic Competence

Survey-based Cultural Alignment
Value-driven Cultural Alignment

17.5

15.0

12.5

10.0

5
5.0

2.5

0.0

Culture Value Surveys

18]
300
62
|

CSS Theories

Common Language Data

Crowdsourced Annotation

|

Dataset creat

Translation

Expert Annotation

ool
105
147

156l  Culture Knowledge Source

‘Web Data

1]

Synthetic Generation

Cultural Experts/
Native Speakers

17—

100 0

thod combinations stacked by cultural capability

10N Me

Figure 8

239



Cultural Capability

Heatmap of Cultural Capability vs. Data Creation Method

50

40

30

F20

r1o

Cultural Knowledge 19 14 17 5 3
Multimodal Cultural Knowledge 1 21 18 20 12 9 11 2 0 0
Cultural Translation 4 11 13 7 11 16 16 4 10 1 0
Sociolinguistic Competence - 20 11 12 10 4 7 12 6 2 1
Value-driven Cultural Alignment 12 12 14 9 7 9 1
Survey-based Cultural Alignment 4 2 4 4 3 2 1 3 0 2 9
Cultural Safety and Harm Reduction 32 12 32 20 18 20 16 9 6 2
Cultural Education § 1 1 2 0 1 1 0 1 1 0
Cultural Computational Representation q 7 9 14 10 5 3 6 10 4 2
\ > @ ; : "\ \y; P :
<& 0 X ¢ &0 @ &S
e o & 3 © & & & Y oS RS
AL S Q& o & S < B
e O » < » O o o
< ) ¥ Y & & > o @
oo S o & & 0\5‘” @
e « A e © >
o & \r@ 6\6\ o>
> 5© @
¥ 9

Data Creation Method

Figure 9: Heatmap of cultural capability by dataset creation method

240

Paper Count



CULTURAL CAPABILITY SYSTEM METHOI
1 selected Filter

SELECTED VALUES

4

" Match any (OR)

INDIVIDUAL TAGS
Cultural Computational Representation (?
Cultural Education ' ?
nin
Cultural Knowledge (2

Cultural Safety and Harm Reduction (?

Cultural Translation (?

Figure 10: Cultural Capabilities Filter in CULTUREM -
INE

CULTURAL GROUP(S)
1 selected

SELECTED VALUES

o

" Match any (OR)

[ korear| o ]

CULTURAL PROXIES

INDIVIDUAL CULTURAL GROUPS

Korean
Language

Figure 11: Cultural Groups Filter in CULTUREMINE

241


https://culture-in-nlp.pages.dev/
https://culture-in-nlp.pages.dev/
https://culture-in-nlp.pages.dev/

Active Filters

Cultural Group(s) mode: OR  x Cultural group: Korean x Cultural Capability mode: OR x Cultural Capability tag: Cultural Safety and Harm Reduction x

RESULTS
378 total records loaded
12 papers
PAPER
YEAR T VENUE CONTRIBUTION CULTURAL CAPABILITY SYSTEM METHODS DATA
Filter TYPE 1selected Filter METEH
Filter Filter.

Detecting Critical Errors Considering Cross- 2024 LREC Dataset Cultural Safety and Harm Reduc- -
Cultural Factors in English-Korean ‘ tion
Translation N~

CLICK TO EXPAND

A Dual-Layered Evaluation of Geopolitical 2025 ACL (Student Research Work- Dataset
and Cultural Bias in LLMs shop)

N

——
System: Evaluation ( .
CLICK TO EXPAND Cultural Safety and Harm Reduc

. i (
LLM-C3MOD: A Human-LLM Collaborative 2025 C3NLP System: Improvement Cultural Safety and Harm Reduc-

System for Cross-Cultural Hate Speech tion
Moderation ~—

CLICK TO EXPAND

Human in the Loop

[« : Boosting Ci ltural 2024 NeurIPS Dataset ior Training/Fine-tuning
Understanding in Large Language Models

. D
System: Data Generation [ =
CLICK TO EXPAND Cultural Safety and Harm Reduc:

KOLD: Korean Offensive Language Dataset 2022 EMNLP Dataset ‘ Cultural Safety and Harm Reduc- -
tion
= @@ @ @

CLICK TO EXPAND

TyDiP.: f\ D?ta§et f?r Politenes_s . 2022 Findings of EMNLP Dataset Cultural Safety and Harm Reduc- -
Classification in Nine Typologically Diverse tion
Languages h

CLICK TO EXPAND

KoSBI: A Dataset for Mitigating Social Bias 2023 ACL (Industry Track) Dataset (" cuttural safety and Harm Reduc- -
Risks Towards Safer Large Language Model tion

Applications
CLICK TO EXPAND

Cultural Camnace: Pradicting Trancfar 2022 - = . « - D =

Figure 12: Filtered Paper List in CULTUREMINE

CultureMINE: The Cultural NLP Repository

CultureMINE is a repository of annotated papers for facilitating research in cultural
NLP. Search papers, filter by tags, and expand task, method, and dataset taxonomy
branches. Click on a paper's title to open it in a new tab.

CULTURAL CAPABILITY SYSTEM METHODS DATASET CREATION METHODS Contribute to the
Most frequent Cultural Capabilities Most frequent methods Most frequent dataset creation methods 4
Collection
Cultural Knowledge Prompting Cultural Expert/Native Speaker
112 75 143 Join us in building a comprehensive
e —

resource for the NLP community! Share
your research or suggest a new entry

Cultural Safety and Harm Culture Knowledge Source

74 129 - i
e by filling out our annotation form.
Value-driven Cultural Alignment Embeddings LLM Generated Submit an Annotation
7 32 111
T — —— ——
Sociolinguistic Competence Statistical Methods Web/Social Media
52 90
— > -
Multimodal Cultural Knowledge Agentic Cultural Translation
51 20 75
— = =
CULTURAL PROXIES LANGUAGES COUNTRIES / REGIONS
Cultural proxies used Most frequent languages Most frequent geographic regions
Language English India
275 179 31
Geographic Chinese us
86 87 31
— —
Other Spanish China
17 51 21
- CT— T——
Arabic Japan
a8 12
T— —
Korean Germany
40 11
— T—

Figure 13: Screenshot of the Plots in CULTUREMINE

242


https://culture-in-nlp.pages.dev/
https://culture-in-nlp.pages.dev/

Proxies for Culture

Other

Geographic

Language

Figure 14: Pie Chart of Cultural Proxies Used

243



Language Group Frequencies (Top 10)

English

Chinese

Spanish

Arabic

Korean

Group

German

Hindi

Japanese

French

Indonesian

us

India

China

Nigeria

Indonesia

Group

UK

Japan

Mexico

Germany

South Africa

Figure 15: Bar Chart of the Frequencies of the 10 Most Commonly Studied Languages

Geographic Group Frequencies (Top 10)

Count

Figure 16: Bar Chart of the Frequencies of the 10 Most Commonly Studied Geographic

244




Paper Culture capability Paper Culture capability
Wang et al. (2024a) CK, CT, VCA Cadotte et al. (2024) CT

Singh et al. (2025c¢) CK, VCA Kim et al. (2024a) CK
Khanuja et al. (2020) SC Eo et al. (2024) CSHR, VCA
Joshi et al. (2025) CSHR Zhao et al. (2024a) SCA, CK
Nguyen et al. (2024a) CCR, SC Fort et al. (2024) CSHR
Tao et al. (2024) SCA Havaldar et al. (2024) VCA
Nayak et al. (2024) MCK Lee et al. (2024b) CSHR

Xu et al. (2024) VCA, CCR Abdelkadir et al. (2024) SC

Arora et al. (2023) VCA, CCR Wang et al. (2024d) CK

Cao et al. (2023) SCA Haberland et al. (2024) CT

Conia et al. (2024) CT Tonneau et al. (2024) CSHR
Sun et al. (2021) SC Yakhni and Chehab (2025) CT
AlKhamissi et al. (2024) SCA Arora et al. (2025) CK
Masoud et al. (2025) SCA Belay et al. (2025) CK

Jinnai (2024) SC Park et al. (2025a) MCK

Xu et al. (2025a) SCA Chiu et al. (2025) CK

Ki et al. (2025) VCA Yang et al. (2025b) SC

Sun et al. (2024) CK Havaldar et al. (2025) CT
Havaldar et al. (2023b) VCA Wu et al. (2025) CK
Ahmad et al. (2024) VCA Zhang et al. (2025a) CK

Bui et al. (2025b) CSHR Kim and Kim (2025) CSHR, CK
Bhatia et al. (2024) MCK Ignat et al. (2025) SC

Hale et al. (2025) VCA, SC Park et al. (2025b) CSHR
Cecilia Liu et al. (2024) CK, SC Rai et al. (2025a) SC
Schneider and Sitaram (2024) MCK Kim et al. (2025b) CSHR
Cahyawijaya et al. (2025b) MCK Kim et al. (2025a) VCA

Tay et al. (2020) SCA Mousi et al. (2025) CK, SC
Zheng et al. (2022) VCA Pandey et al. (2025) CSHR
Mohamed et al. (2022) MCK Cheng et al. (2025) CK
Anegundi et al. (2022) CSHR, CCR Umbet et al. (2025) CK

Jha et al. (2023) CSHR, CCR Qiu et al. (2025) VCA
Akinade et al. (2023) CT Bhatia et al. (2025) CCR

Das et al. (2023) CSHR Yadav et al. (2025) SCA
Bauer et al. (2023) VCA Vasilev et al. (2025) MCK
Mukherjee et al. (2023) CSHR Li et al. (2025) VCA, CK
Shaikh et al. (2023) SC Maji et al. (2025a) CK

Palta and Rudinger (2023) CK Singh et al. (2025a) CT

Hu et al. (2023) VCA Schneider et al. (2025) CK, MCK
Choenni et al. (2024) CCR Hasan et al. (2025) CK
Naous et al. (2024) VCA Kim and Lee (2025) CK
Urailertprasert et al. (2024) MCK Zhang et al. (2025f) MCK
Prieto et al. (2024) CT Ghaboura et al. (2025) MCK
Wang et al. (2024f) VCA Reshetnikov and Marinescu (2025) MCK
Zhou et al. (2024) VCA Anik et al. (2025) CT

Hu et al. (2024) CT Onohara et al. (2025) CK, MCK
Khanuja et al. (2024) MCK Seveso et al. (2025) CK
Wuraola et al. (2024) SC Bai et al. (2025) CK

Li et al. (2024e) MCK Winata et al. (2025) MCK
Putri et al. (2024) CK Naous and Xu (2025) CK
Mohamed et al. (2024) MCK Saha et al. (2025) SC
Giuliani et al. (2024) CK Berger and Ponti (2025) MCK

Li et al. (2024d) VCA Jeong et al. (2025) MCK
Cao et al. (2024) VCA Arnardottir et al. (2025) CK

Zhan et al. (2024) VCA, SC Ventura et al. (2025) CK, MCK
Hsieh et al. (2024) CSHR Paniv et al. (2025) MCK
White et al. (2024) SC Ringel et al. (2019) SC

Yao et al. (2024a) CT Lin et al. (2018) SC

Bhatt and Diaz (2024) VCA Gutiérrez et al. (2016) VCA, SC

Table continues
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Sheng et al. (2016) MCK Feng et al. (2024a) CK
Wilson et al. (2016) SC, VCA Feng et al. (2024b) SCA, VCA, CCR
Friedman et al. (2019) CSHR, CCR Lovenia et al. (2024) CT, CK, MCK, SC,
Maji et al. (2025b) MCK CSHR, VCA
Cuevas et al. (2025) CSHR Watts et al. (2024) CK

Sahoo et al. (2025) CK Acquaye et al. (2024) CK

Satar et al. (2025) MCK Aakanksha et al. (2024) CSHR
Zhang et al. (2025d) CK, VCA Hobson et al. (2024) VCA
Limkonchotiwat et al. (2025) CK Davani et al. (2024) CSHR
Cao et al. (2025) SCA Dammu et al. (2024) CSHR, SC
Jiang et al. (2025) SCA Deas et al. (2024) CCR
Ramezani and Xu (2023) VCA Wu et al. (2024) CT
Cahyawijaya et al. (2025a) CCR Yuan et al. (2024) CK

Yin et al. (2024) CSHR Javed et al. (2024) CCR

Li et al. (2024c) CE, CSHR, VCA Lee et al. (2024a) CK, SCA
Ziems et al. (2025) VCA, CK Yu et al. (2024) CK, VCA
Epure et al. (2020) CCR Li et al. (2024f) CK

Hahm et al. (2020) SC Alyafeai et al. (2024) CK

Yin et al. (2021) MCK Kim et al. (2024b) VCA
Milbauer et al. (2021) CCR Wei et al. (2024) CK

Liu et al. (2021) MCK Plaza-del Arco et al. (2024) CCR
Ghosh et al. (2021) CSHR Liu et al. (2024a) VCA
Kiesel et al. (2022) SCA, VCA Shi et al. (2024) CK, CCR
Kim et al. (2022) CK Yiiksel et al. (2024) CK

Yin et al. (2022) CK Masala et al. (2024) CK

Thai et al. (2022) CT Huang and Xiong (2024) CSHR
Jeong et al. (2022) CSHR Ullah et al. (2024) CSHR
Maronikolakis et al. (2022) CSHR Seth et al. (2024) CK
Nadejde et al. (2022) CT, SC Agarwal et al. (2024) VCA
Sharma et al. (2022) CSHR Tonja et al. (2024) CSHR, CT
Srinivasan and Choi (2022) CSHR Yarlott et al. (2024) CK
Herrera et al. (2022) Ne Son et al. (2024) CK
Chandran Nair et al. (2022) CCR Benkler et al. (2024) VCA
Mortensen et al. (2022) CCR Grigoreva et al. (2024) CSHR
Deshpande et al. (2022) CSHR Maronikolakis et al. (2024) CSHR
Ziems et al. (2023) CCR Lou et al. (2024) CT

Lee et al. (2023) CSHR Prabhakaran et al. (2024) CSHR
Alshahrani et al. (2023) CCR Espafia-Bonet and Barrén-Cedeiio CCR

Li and Zhang (2023) MCK (2024)

CH-Wang et al. (2023) CCR Shen et al. (2024) CK
Havaldar et al. (20232) CCR Wang et al. (2024¢) CK

Lahoti et al. (2023) CK, VCA Mukherjee et al. (2024) CK

Koto et al. (2023) CK Huang et al. (2024) CK, VCA
Fung et al. (2023) CCR Yao et al. (2024b) VCA
Keleg and Magdy (2023) CCR Acharya et al. (2024) CK

Kabra et al. (2023) CK Liu et al. (2024b) SC, CE
Huang and Yang (2023) CCR Piccirilli et al. (2024) SC

Zhou et al. (2023) CSHR Koto et al. (2024) CK

Bang et al. (2023) VCA, CSHR Romanyshyn et al. (2024) CK

Wang et al. (2024c) SCA Kiulian et al. (2024) CK

Zhang et al. (2024a) CCR Espafia-Bonet et al. (2024) CCR
Alwajih et al. (2024) MCK Li et al. (20242) CCR, SC
Chen et al. (2024) CT Zhang et al. (2024b) CT

Casola et al. (2024) CSHR, SC Anastasi et al. (2024) CSHR
Nguyen et al. (2024b) CT, CSHR Ng et al. (2024) CSHR
Falk et al. (2024) CCR Liu et al. (2025b) VCA
Zhao et al. (2024b) CT Kumar and Jurgens (2025) VCA
Pham et al. (2024) CCR Sadallah et al. (2025) CK
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Fang et al. (2025) CK Mukherjee et al. (2025) VCA

Yu et al. (2025) SC Zhang et al. (2025c¢) MCK

Liu et al. (2025¢) MCK, CK Shafique et al. (2025) MCK

Zhang et al. (2025b) MCK Al Ghallabi et al. (2025) CK
Togmanov et al. (2025) CK Parappan and Henao (2025) CSHR

Yari and Koto (2025) CK Lavrouk et al. (2025) MCK, CK
Bui et al. (2025a) CK Calvo-Bartolomé et al. (2025) CK

Menis Mastromichalakis et al. CSHR Chen et al. (2025b) CT

(2025) Seweryn et al. (2025) CK, CSHR, VCA
Ying et al. (2025) CK, SC Ma et al. (2025a) CSHR

Feng et al. (2025) CK Nyandwi et al. (2025) MCK
Isbarov et al. (2025) VCA, CK Dai et al. (2025) SCA

Shetty et al. (2025) VCA Zhou et al. (2025b) MCK

Zeng et al. (2025) VCA, CK Yang et al. (2025c¢) CSHR
Yerukola et al. (2025) CSHR Mitran et al. (2025) SCA
Karamolegkou et al. (2025) MCK Roh et al. (2025) CK

Bhatt et al. (2025) SC Zhang et al. (2025¢) CT
Farhansyah et al. (2025) SC,CT Sitaram et al. (2025) CSHR

Liang et al. (2025) CT Zhong et al. (2025) VCA

Chen et al. (2025d) MCK Nimo et al. (2025) CK, CSHR
Nawale et al. (2025) CSHR Guo et al. (2025) CK
Bayramli et al. (2025) MCK Vasselli et al. (2025) SC,CT
Montalan et al. (2025) CK, CSHR Pramodya et al. (2025) CK
Grandury et al. (2025) VCA, CK Chen et al. (2025a) CT

Alwajih et al. (2025a) CK, SC Hong et al. (2025) SC, VCA
Olaleye et al. (2025) SC Hsieh et al. (2025) MCK

Ishita and Mamidi (2025) CT R et al. (2025) SC
Alhassoun et al. (2025) CK, VCA Hosseinbeigi et al. (2025a) CK
Bouamor et al. (2025) SC Korre et al. (2025) CSHR
Alwajih et al. (2025b) CK Saffari et al. (2025) VCA, CSHR
Krsteski et al. (2025) VCA Tapo et al. (2025b) CE

Kim and Johnson (2025) CSHR Wang et al. (2025a) CT

Pokharel and Agrawal (2025) SC Lan et al. (2025) CSHR
Altammami (2025) CT Dwivedi et al. (2025) VCA

Yang et al. (2025a) CT Sasu et al. (2025) SC

Shiono et al. (2025) MCK Susanto et al. (2025) CK, VCA, SC
Kabir et al. (2025) SCA Tsutsumi and Jinnai (2025) CK

Rooein et al. (2025) CSHR, CCR Hosseinbeigi et al. (2025b) VCA, CK, CT
Maji et al. (2025¢) MCK He et al. (2025) CK

Xuan et al. (2025) SC Das et al. (2025) MCK, CSHR
Sadr et al. (2025) VCA Nabhin et al. (2025) CK

Fu et al. (2025) CK Bi et al. (2025) MCK

Shen et al. (2025) VCA Zou et al. (2025) CT

Wang et al. (2025b) CK, VCA Wang et al. (2025¢) CCR, CK
Azmi et al. (2025) CSHR Tan et al. (2025) CT

El MekKki et al. (2025) CT, VCA, CK Zhang et al. (2025h) SC

Hu et al. (2025) CSHR Mor-Lan et al. (2025) CCR
Ramezani and Xu (2025) CK Mubarak et al. (2025) CSHR
Tanwar et al. (2025) CK Zhang et al. (2025g) CK

Singh et al. (2025b) CK, MCK Chae et al. (2025) CK, VCA, CSHR
Hashmat et al. (2025) CSHR Ma et al. (2025b) SC

Liu et al. (2025d) SC Trager et al. (2025) CSHR

Xie et al. (2025) CK Gupta et al. (2025) SC
Yamamoto et al. (2025) CSHR Dey et al. (2025) SCA

Aji and Cohn (2025) CK,CT Nayak et al. (2025) MCK

Mia et al. (2025) MCK, CSHR Villa-Cueva et al. (2025) CT

Chen et al. (2025c¢) CK Wibowo et al. (2024) CK

Liu et al. (2025c¢) SCA Alwajih et al. (2025c¢) MCK

Xu et al. (2025¢) MCK Zhao et al. (2025) CK
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Malik et al. (2025) SC, VCA
Caplan et al. (2025) SC
Mohammadi et al. (2025) SCA
Bennie et al. (2025) CSHR
Rachamalla et al. (2025) CK, CSHR, SC
Liao et al. (2025) CT

Pujari and Goldwasser (2025) VCA, CCR
Muhammad et al. (2025) CSHR
Madhusudan et al. (2025) CCR
Leteno et al. (2025) VCA

Son et al. (2025) CK

Ashraf et al. (2025) CSHR
Khanuja et al. (2025) MCK
Banerjee et al. (2025) CSHR
Miehling et al. (2025) VCA
Nikandrou et al. (2025) MCK
Pham et al. (2025) VCA, CSHR
Zhou et al. (2025a) CK

Verma et al. (2025) CK

Rai et al. (2025b) VCA
Mitchell et al. (2025) CSHR
Tapo et al. (2025a) CT

Magdy et al. (2025) CK
Moosavi Monazzah et al. (2025) CK
AbuHaija et al. (2025) CCR
Volker et al. (2025) CT

Conia et al. (2025) CT

Park et al. (2025¢) VCA
Srirag et al. (2025) SC

Sahoo et al. (2024) CSHR
Ozbal et al. (2016) VCA, SC
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Abstract

A large part of political campaigns during elec-
tions is now being conducted online, with polit-
ical actors leveraging their networks on social
media platforms. To maintain transparency in
political communications, regulations applica-
ble to online campaigning have been put in
place in many democracies. While it should be
straightforward for voters to determine who
produced and funded online advertisements
comprising paid political campaigns, it is much
more challenging to detect if organic content,
i.e., social media posts, pertains to political
campaigning, due to possibly subtle yet sugges-
tive language that can be used by certain actors.
In this paper, we investigate the feasibility of
automatically detecting whether a given tweet
posted by a political actor pertains to political
campaigning, and if yes, whether it was con-
veyed in a direct or indirect (subtle) manner.
After establishing an annotation scheme for the
task of detecting political campaign content
in tweets, we fine-tuned three encoder models
(BERT, BERTweet and PoliBERTweet) for the
same task and evaluated their performance. Our
results show that fine-tuning BERTweet leads
to the best macro-averaged F1-score (0.776),
although all models consistently struggle to de-
tect indirect campaigning.

1 Introduction

Our society is now entering a “fourth era” of politi-
cal campaigning, defined as a data-driven, digital-
first approach using hyper-personalised micro-
targeting and networked communication via social
media (Magin et al., 2017; Rommele and Gibson,
2020; Strombéck, 2008). One platform which has
been at the forefront of online political campaign-
ing since 2010 is Twitter (now X), enabling polit-
ical actors to directly communicate with the elec-
torate (Vergeer, 2015). Across numerous national
elections, major party candidates have strategically
employed Twitter to disseminate political messages
and influence public opinion (Jungherr, 2016).

On the one hand, these political messages can
be overtly campaigning (e.g. “Get out and vote
Democrat on November 3rd!” or “If he’s elected,
Corbyn will destroy this country’). On the other
hand, many of them can be more subtle, not directly
telling the reader to vote one way or the other but
indirectly suggesting it via the language that they
employ (e.g. “Climate change is the most pertinent
threat to our survival” or “We need an economy
that works for the many, not just a wealthy few”).

Automated detection of online political cam-
paigning is crucial not only for academic research,
but also for effective regulation. Electoral law
in many countries now requires complete trans-
parency around online campaigning by political
parties and politicians, including registry require-
ments and the use of digital imprints. Examples of
these include the 2022 UK Elections Act 2022, the
2025 EU Political Advertising Regulation, Section
325 of the Canada Elections Act, and U.S. Fed-
eral Election Commission (FEC) disclaimer rules
governing paid online political advertisements on
social media and digital platforms. These are ap-
plied most strictly to paid campaign advertising
but can also apply to many other types of digi-
tal material including organic content: tweets and
other types of social media posts. Identification of
text-based online campaigning is not necessarily
straightforward, especially when the messaging is
implicit rather than explicit.

With the overarching aim of boosting trans-
parency and trust in political messaging on social
media, our work seeks to enable the detection of po-
litical campaign content in online posts at scale, by
developing new natural language processing (NLP)
models for automatically classifying text according
to whether it pertains to political campaigning or
not. Our contributions include:

* A conceptual framework for capturing po-
litical campaign content in election-related
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tweets, underpinned by an annotation deci-
sion tree and guidelines; we report the results
of applying this framework on the annotation
of tweets by humans and a large language
model;

* The development of three Dbaseline
transformer-based encoder models fine-
tuned for the task of detecting political
campaign content; the performance and
comparison of these models were systemat-
ically evaluated and compared, leading to
the selection of the best-performing baseline
model which was then applied at scale to US
2020 election tweets.

2 Online Political Campaign Content

Given that this work evaluates models on a US
dataset, it would be intuitive to derive our defini-
tion of online political campaign content from US
online campaigning laws. However, despite similar
transparency principles around paid online adver-
tising being conveyed through the Federal Election
Commission (FEC) and Federal Election Campaign
Act (FECA) disclaimer rules (Fowler et al., 2020),
the US framework remains less centralised and less
comprehensive than the UK or EU regimes.

Therefore, we construct our framework around
statutory guidance laid out by the UK Electoral
Commission in accordance with Section 54 of the
UK Elections Act 2022 (Electoral Commission,
2026). The benefit of using this framework is that
it not only applies to paid digital material, but also
to “organic” material that has not been paid for but
is political and published by a relevant entity such
as a registered party or candidate.

As such, we adopt the following working defi-
nition for online political campaign content — any
digital material posted by political parties or can-
didates which can be reasonably regarded to in-
fluence the public to give support to or withhold
support from:

(1) one or more political parties

(2) a candidate or future candidate

(3) an elected office holder

(4) political parties, candidates, future candidates
or elected office-holders that are linked by
their support for, or opposition to, particular
policies, or by holding particular opinions

(5) other categories of candidates, future candi-
dates or elected office-holders that are not
based on policies or opinions, e.g., candidates

who went to a state school, or Members of
Parliament (MPs) who grew up in their con-
stituency.

Here, we distinguish between two forms of cam-
paigning: direct and indirect. Where a party or
candidate encourages or discourages support for
another political party, candidate or elected of-
fice holder (points 1-3 above) by directly mention-
ing them, we refer to this as direct campaigning.
Where a party or candidate encourages or discour-
ages support for another political party, candidate
or elected office holder through reference to linked
policies, opinions or characteristics (points 4-5), we
refer to this as indirect campaigning. Where con-
tent cannot be reasonably regarded to influence the
public to support or withhold support from another
political party, candidate or elected office holder,
irrespective of whether they are directly named or
not, we refer to this as non-campaigning.

Distinguishing between these three categories is
important for flagging digital content posted by po-
litical actors that are attempting, either directly or
indirectly, to influence the public. Political actors
have both a moral and, in many countries, legal
obligation to be transparent about campaigning,
and this might not always be obvious to voters.

3 Related Work

Computational models for enhancing transparency
and accountability in online political communica-
tion have been proposed in the past, although ma-
jority were concerned with paid advertisements.
Sosnovik et al. (2023) collected political adver-
tisements from Facebook during the French elec-
tion period in 2022 and categorised them according
to policy categories using a classification model,
while Yoshikawa and Roesner (2025) manually
analysed political advertisements shown on news
and media websites during the 2024 US elections.
To the best of our knowledge, the only work that
set out to address the task of automatically detect-
ing political campaign content in organic content
(i.e., posts) in social media platforms is that of
Achmann-Denkler et al. (2024), which analysed
Instagram captions and stories posted during the
German elections in 2021, according to whether
they contain a “Call to Action” (CTA) — a message
that mobilises readers to take specific actions.
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4 Task Formulation

In this work, we address the automated detection
of political campaign content in tweets authored
by political figures during elections. We cast this
problem as a text classification task. That is, given
a tweet that is known to have come from a political
actor, an annotator should label it with one of the
three classes in our annotation scheme, namely,
non-campaigning, direct_campaigning, and
indirect_campaigning, depending on whether
it contains campaign content, and if yes, the type
of campaigning used.

The next section describes how we constructed
a dataset consisting of 27,620 English-language
tweets posted by 75 political figures relevant to the
2020 US presidential election. This dataset sup-
ports us in our objective to build robust classifiers
for campaign content detection, and to systemati-
cally assess how domain adaptation, first to Twitter
language and then to political and electoral dis-
course, affects the detection of political campaign-
ing content.

5 Dataset Construction

In this section, we present the steps that we carried
out in order to develop a reliable dataset for training
and evaluating our text classification models for
detecting political campaign content.

5.1 Collection of Social Media Posts

This study uses an in-house dataset of social me-
dia posts collected during the 2020 US presi-
dential election campaign period, that was con-
structed as part of the Digital Campaigning and
Electoral Democracy (DiCED) project.! It consists
of 196,012 tweets from 75 verified political fig-
ures, including presidential and vice-presidential
candidates and Democratic and Republican sena-
tors. For a full list of all political figures involved,
see Appendix F.

This dataset was chosen for its focus on official
actors, which reduces ambiguity in communicative
intent. It thus captures campaign-related discourse
more clearly than other existing public datasets
(e.g., #Election2020; Chen et al., 2021), which
primarily reflect general political discussion rather
than campaign communication.

To capture peak campaign activity, we carried
out data filtering and included only tweets posted

"https://sites.manchester.ac.uk/diced/
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within six weeks before and in the week of the
election day (the 3rd of November 2020). After
removing predominantly Spanish tweets, our final
dataset consists of 27,620 tweets. We consider this
dataset to be sufficient in terms of size, given that
it is larger than those utilised in prior studies fo-
cused on fine-tuning BERT-based encoder models
for political tweet classification, such as the work
by Grimminger and Klinger, 2021 (3,000 tweets)
and Baran et al., 2022 (6,112 tweets). We split the
dataset into training (21,984; ~80%), development
(2,745; ~10%), and test (2,750; ~10%) sets.

5.2 Annotation Protocol Development

The central challenge of this study is to opera-
tionalise the concept of political campaigning that
we defined in Section 2 into a multi-level labelling
scheme that can be applied consistently by both hu-
man annotators and state-of-the-art large language
models (LLMs) to detect campaigning intent in
tweets. This task is non-trivial, as political tweets
are typically short, noisy and often express per-
suasive intent implicitly rather than through ex-
plicit messaging (Vijayaraghavan et al., 2021). To
address this, we employ a structured annotation
protocol underpinned by a decision tree (DT) and
detailed annotation guidelines (see Appendix A).

Our hierarchical decision tree, depicted in Fig-
ure 1, decomposes the annotation task into a se-
quence of binary decisions reflecting increasing
levels of interpretive judgment. The DT represents
a logical process that a human annotator follows to
classify tweets into their respective campaigning
classes, rather than a learned DT. Tweets are first
evaluated for direct references to political entities
(e.g. parties or candidates). If such a reference ex-
ists, the annotator determines whether the tweet en-
courages or discourages support for that entity, re-
sulting in a classification of direct_campaigning
(dir_camp) or non-campaigning (non-camp). If
no political entity is referenced, the tree assesses
whether the tweet refers to a related characteristic,
such as a policy, ideology, opinion or attribute of a
political figure. Tweets that reference such charac-
teristics and express evaluative or persuasive sen-
timent are classified as indirect_campaigning
(ind_camp). This structure ensures that labels are
mutually exclusive and exhaustive while maintain-
ing a clear distinction between direct and indirect
campaigning by separating the assessment of entity
reference and the discussion of linked characteris-
tics.


https://sites.manchester.ac.uk/diced/

Political Entities e Linked Characteristic
Political Party Policy
Political Candidate Political Ideology
Future Political Candidate Particular Opinion
Elected Office Holder Personal Feature
: Tweet Text '
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Political Entity(s)?
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Encourages Reader to Give i
or Withhold Support for the Directly References a — E?Cﬁm%?ﬁ Eﬁ@gﬁ,ﬁ‘f‘ﬂ,ﬁﬁj
Political Entitv(s)? Linked Characteristic(s)? YES e
olitical Entity(s)? Characteristic(s)?
YES NO NO NO YES
Direct Non- Indirect
Campaigning Campalgnmg Campaigning

Figure 1: The decision tree guiding the classification of any given tweet according to our annotation scheme.

Our annotation guidelines complement the deci-
sion tree by formalising each binary decision with
explicit definitions, decision rules and boundary
conditions for common sources of ambiguity, such
as self-referential language. They specify how po-
litical entities and related characteristics are identi-
fied within the text of a given tweet and how eval-
uative language is distinguished from neutral de-
scription when assessing persuasive intent.

5.3 Data Annotation

To validate our annotation protocol prior to large-
scale labelling using an LLM, we conducted a
two-round pilot exercise to assess inter-annotator
agreement (IAA) and identify sources of ambiguity.

Given the cost and irreversibility of full-scale anno-
tation, this step ensured that the decision tree and
guidelines yielded consistent and reliable labels
across annotators.

A random sample of 200 tweets was selected for
the pilot. In each round, two political science spe-
cialists independently annotated 100 tweets follow-
ing a brief training session with worked examples.
Beyond assigning labels, annotators provided struc-
tured feedback on the clarity of the DT, instances of
hesitation or backtracking, and ambiguities. After
each round, the protocol was refined based on class-
level agreement patterns and annotator feedback.
After the final round, the standard (unweighted)
Cohen’s k IAA score between the two human anno-
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tators reached 0.57, indicating moderate agreement
(Landis and Koch, 1977).

In addition to human annotation, we employed
an LLM as a third expert annotator to enable scal-
able dataset labelling. To ensure consistency with
human annotators, the decision tree and annotation
guidelines were adapted into a structured prompt-
ing scheme, with each decision node represented as
a separate prompt. For reproducibility, we provide
all prompts in Appendix C.

Among several locally hosted models evalu-
ated, L1ama-3.3-70B-Instruct achieved the best
alignment with human annotations (on the same
100 randomly sampled tweets), attaining an overall
accuracy (matching labels) of 0.67 and a Cohen’s
 of 0.50.

The agreement between the LLM and one hu-
man annotator (k: 0.50) was comparable to that
between the two human annotators (x: 0.57). Our
human-human IAA is lower than that reported by
(Grimminger and Klinger, 2021) (human-human
Cohen’s x: 0.61-0.88 for stance detection on 2020
US election tweets). It is, however, worth not-
ing that stance detection relies on explicit evalu-
ation towards named candidates, yielding clearer
class boundaries, whereas our task in some cases re-
quires inferring persuasive intent without direct po-
litical references, making it inherently more subjec-
tive. These results indicate that our LLM-generated
annotations are sufficiently reliable for large-scale
training set labelling.

The final annotation strategy combined human
and LLM annotations: The training set was fully
annotated by the LLM; the validation set was anno-
tated by one human annotator; and the test set was
annotated by two humans with LLM annotations
only used for majority vote in cases where the two
human annotators disagree.

6 Methodology

6.1 Models and Evaluation Strategy

We fine-tune and evaluate three transformer-based
encoders: BERT (Devlin et al., 2019), BERTweet
(Nguyen et al., 2020) and PoliBERTweet (Kaw-
intiranon and Singh, 2022). This allowed us to
examine how progressive domain adaptation, from
general English to Twitter, and then to electoral
discourse, affects model performance on the task
of campaign content detection.

BERT (110M parameters), which follows the
BERT-base architecture and is pre-trained on large-

scale English corpora, serves as our general-
purpose baseline, though its pre-training data does
not reflect the stylistic features of Twitter or polit-
ical discourse. BERTweet retains the BERT-base
architecture but follows the ROBERTa pre-training
procedure and is further trained on 850M English
tweets, effectively modelling the informal syntax,
abbreviations, and platform-specific conventions
of Twitter. BERTweet was shown to outperform
general-purpose models on tasks such as sentiment
analysis of tweets (Nguyen et al., 2020). Mean-
while, PoliBERTweet further pre-trains BERT-base
on 83M tweets from the US 2020 presidential elec-
tion, incorporating election-specific vocabulary and
campaigning rhetoric. It has shown strong perfor-
mance on politics-focused tasks, such as stance de-
tection in relation to presidential candidates (Kaw-
intiranon and Singh, 2022), which, like campaign-
ing detection, requires nuanced interpretation of
evaluative and persuasive language.

Our dataset exhibits class imbalance, with the
sample of 100 tweets (from the second round of
our pilot exercise) showing uneven distribution for
dir_camp (54%), ind_camp (29%) and non-camp
(17%). As all classes are equally important, we
adopt macro-averaged F1-score (macro F1) as the
primary metric for model selection and evalua-
tion, ensuring equal weighting across classes. We
additionally report per-class metrics for diagnos-
tic analysis and use Cohen’s x to contextualise
model performance relative to human—-human and
human-LLLM agreement. This comparison dis-
tinguishes genuine model limitations from appar-
ent underperformance due to annotation ambiguity.
Given the interpretative nature of the task, model
performance can be compared against observed hu-
man agreement rather than an assumed noise-free
gold standard.

6.2 Training Configurations

All our fine-tuned models were trained under identi-
cal configurations. We set hidden_dropout_prob
= 0.1, attention_probs_dropout_prob = 0.1
and classifier_dropout = 0.1. Parameter-
efficient fine-tuning was applied using LoRA, with
rank (r = 16), scaling factor (a« = 32) and dropout
of 0.1 applied to the query, key and value projec-
tion matrices. LORA was employed in lieu of full
fine-tuning for computational efficiency, as it sub-
stantially reduces the number of trainable parame-
ters without significant degradation in downstream
task performance (Hu et al., 2021).
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Tokenisation was performed using each model’s
corresponding tokeniser. The maximum sequence
length was set to 104 tokens, which was decided
by rounding up the 99th percentile of our tokenised
sequence lengths to the nearest multiple of 8 for
efficient batching. Truncation was enabled and
dynamic padding was applied.

To address class imbalance, we applied over-
sampling using WeightedRandomSampler, where
class weights were computed as the inverse class
frequency, resulting in higher sampling probability
for rarer classes. Optimisation was performed us-
ing AdamW with a learning rate of 5 x 10~?, linear
scheduling and a warmup ratio of 0.06 followed by
linear decay. The batch size was set to 128, with
a maximum of 15 training epochs. Early stopping
was based on the macro F1 score, with a patience
of 4 epochs and a threshold of 1 x 10™*. Weight
decay was set to 0.01, and all experiments were
run with a fixed random seed (17) on an NVIDIA
A100-SXM4-80GB GPU.

6.3 Hyperparameter Optimisation

While most of our configurations used the rec-
ommended values, we experimented with differ-
ent learning rates, sampling techniques, and cross-
entropy loss calculation methods. All hyperpa-
rameter optimisation experiments used our human-
annotated validation set. We evaluated learning
rates in the range of 5 x 107° to 3 x 10™%, with
5 x 107° yielding the best validation macro F1
score and was thus selected for all experiments.

Performance on the ind_camp class was consis-
tently lower than other classes. We therefore exper-
imented with class-weighted cross-entropy, but this
did not improve results. Since loss re-weighting
only adjusts gradient magnitudes after batches are
formed, batches dominated by the majority class
still contained relatively few minority examples per
update step. We also explored re-weighting the
loss based on measured LLM-human annotation
reliability, but this also did not yield improvements,
likely because the class performance gap was pri-
marily driven by overlapping decision boundaries
rather than uniform label noise that could be miti-
gated through global weight adjustments. We there-
fore applied minority class over-sampling during
training, where sampling weights were computed
as the inverse of class frequency.

7 Results and Discussion

7.1 Comparison of Models

In this section, we compare our different pre-
trained transformer models that were fine-tuned to
assess the impact of domain-specific pre-training
on campaign content detection and to establish a
baseline for future work on this task. Table 1 shows
the performance of the fine-tuned models on the
validation set.

Model Macro F1
BERT 0.684
BERTweet 0.703
PoliBERTweet 0.685

Table 1: Model performance comparison on the valida-
tion set.

PoliBERTweet performs almost identically to the
base BERT model, while BERTweet outperforms
both alternatives. An analysis of per-class perfor-
mance in Table 2 shows that BERTweet achieves
higher scores across all three classes, indicating
that its overall ranking is robust and not driven by
skewed performance on a single class. Its largest
advantage emerges in the ind_camp class, suggest-
ing more consistent identification of this more chal-
lenging boundary class.

BERTweet outperforms PoliBERTweet despite
the latter being pre-trained on a larger set of polit-
ical tweets. This difference can be explained by
variations in pre-training scale, initialisation and
training procedure. BERTweet was pre-trained on
850 million English tweets using the ROBERTa
pre-training procedure, which includes dynamic
masking, removal of next sentence prediction, large
batch training and byte-level BPE tokenisation. In
contrast, PoliBERTweet was initialised from BERT-
base and further pre-trained on approximately 5
million English tweets related to the 2020 US Pres-
idential Election. Although PoliBERTweet bene-
fits from political domain specificity, BERTweet’s
substantially larger tweet corpus and more robust
pre-training strategy likely provide stronger gen-
eral representations of the language used in Twitter.
These advantages appear to outweigh the benefits
of political topic specialisation after fine-tuning.

To assess the impact of domain-specific pre-
training in a zero-shot setting, we compare the per-
formance of raw BERTweet and PoliBERTweet on
the validation set, without fine-tuning (see Table 5
in Appendix D). BERTweet was able to produce
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reasonable predictions only for the non-camp class,
achieving perfect recall (P = 0.31, R = 1.00), but
fails to detect dir_camp and ind_camp, resulting in
near-zero precision and recall for those categories.
This bias towards non-camp is consistent with
the predominantly non-political nature of the gen-
eral Twitter corpus on which BERTweet was pre-
trained, which makes it insensitive to campaign-
specific language without fine-tuning.

In contrast, PoliBERTweet (pre-trained on po-
litical election tweets) demonstrates substantially
stronger zero-shot detection of campaign-related
content, particularly for the ind_camp class, where
it achieves high recall (R = 0.97). However, it
performs poorly on non-camp tweets (R = 0.05),
indicating a bias towards predicting political con-
tent, likely due to its specialised pre-training on
US election data. Where a tweet is not classified as
dir_camp, the model defaults to ind_camp. This is
likely due to its specialised pre-training on US elec-
tion data, which likely resulted in limited exposure
to non-camp instances, causing the model to de-
fault to ind_camp in the absence of clear dir_camp
signals.

Overall, these results suggest that political do-
main pre-training provides a clear advantage in
zero-shot campaign detection, although this advan-
tage diminishes once both models are fine-tuned
on task-specific data, as fine-tuning exposes both
models to the same campaign-related data.

7.2 Analysis of the Best-performing Model

Table 2 presents the detailed performance of the
best-performing model. BERTweet achieves strong
results on the dir_camp class (F1 = 0.816). How-
ever, ind_camp remains the primary bottleneck (F1
= 0.582), with the model substantially underper-
forming relative to the other classes. Our error
analysis indicates that ind_camp is frequently mis-
classified as either dir_camp or non-camp, with
many instances predicted as the former, confirming
the blurred boundaries between categories.

This limitation likely stems less from model ca-
pacity and more from taxonomy ambiguity and
class imbalance, as ind_camp constitutes only
16.14% of the training data. Moderate performance
(F1 = 0.710) is demonstrated for the non-camp
class, though some confusion with dir_camp re-
mains. Overall, the main challenge lies in the defi-
nition and representation of ind_camp rather than
in the model architecture.

Class Precision Recall F1
dir_camp 0.778 0.859 0.816
ind_camp 0.559 0.607 0.582
non-camp 0.810 0.632 0.710
Overall Macro F1 0.703

Overall Accuracy 0.744

Table 2: Per-class Precision, Recall, and F1 scores ob-
tained by the fine-tuned BERTweet model on the valida-
tion set.

7.3 Hierarchical Classification

To better align the model architecture with the
human annotation decision tree, we decompose
the task into a two-stage (one-vs-rest) setup and
fine-tune two instances of BERTweet. Stage A
distinguishes between the campaigning and non-
campaigning (non-camp) classes, while Stage B
takes the tweets predicted as campaign-related and
classifies them as either dir_camp or ind_camp.

Performance on the dir_camp class remains the
same as the single classifier, while slight improve-
ment can be observed for non-camp (with macro
F1 increasing from 0.53 to 0.58). However, perfor-
mance on ind_camp dropped substantially (from
0.58 to 0.53 macro F1), with many ind_camp in-
stances misclassified as non-camp.

These findings indicate that structurally mirror-
ing the annotation decision tree does not resolve
the persistent confusion surrounding the ind_camp
class, supporting our hypothesis that improvement
requires annotation scheme refinement and enhanc-
ing class-specific representation. Consequently, the
single multiclass classifier remains preferable, as
it provides better overall performance with lower
computational cost.

7.4 Performance on the Test Set

Table 3 presents the macro F1 scores of the three
models on the held-out test set. BERTweet achieves
the highest performance (0.776), outperforming
BERT (0.753) and PoliBERTweet (0.762). The
ranking observed during validation is maintained
on the test set, indicating stable generalisation and
confirming BERTweet as the most effective model
for our campaign detection task. As previously
noted, BERT and PoliBERTweet show comparable
performance.

Per-class analysis of BERTweet results (see Ta-
ble 4) revealed a consistent pattern: dir_camp is
the most reliably detected category (F1=0.882),
whereas ind_camp remains the most challenging
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Model Macro F1
BERT 0.753
BERTweet 0.776
PoliBERTweet 0.762

Table 3: Model performance comparison on the test set.

Class Precision Recall F1

dir_camp 0.951 0.823 0.882
ind_camp 0.583 0.831 0.685
non-camp 0.709 0.819 0.760

Table 4: Per-class Precision, Recall, and F1 scores ob-
tained by the fine-tuned BERTweet model on the test
set.

(F1=0.685). BERTweet attains high recall for
ind_camp (0.831) but lower precision (0.583), in-
dicating that while most indirect instances are cap-
tured, false positives persist due to blurred bound-
aries with neighboring classes. Although the con-
sistency across the validation and test sets demon-
strates robust generalisation, the difficulty with
ind_camp remains, suggesting the models’ limi-
tation in understanding this category.

7.5 Political Campaigning in the 2020 US
Presidential Election

We applied our best-performing model at scale on
the full US 2020 dataset containing 27,620 tweets,
covering the six weeks prior to and the week of the
Election Day (3 November 2020). This allowed
us to examine role-based and temporal patterns in
political campaigning behaviour during the final
phase of the election.

In Figure 2, one can observe how the distribution
of the tweets (in the full dataset) changed over the
six weeks in the run-up to the election (in Week
7). Interestingly, political actors seem to have used
direct campaigning at a fairly consistent level in the
first four weeks of the six-week period; however,
this seems to have declined in the two weeks right
before the election. Upon producing the break-
down of the weekly distribution according to role
groups (see Figures 3 and 4 in Appendix E, we
observed that this decline can be attributed to the
presidential and vice-presidential candidates seem-
ingly using much less of direct campaigning and
more of indirect campaigning two weeks right be-
fore the election.

8 Conclusion and Future Work

In this paper, we describe the development of a new
annotation scheme for detecting whether any given
social media post (i.e., a tweet) can be considered
as political campaigning content. We conducted a
two-round annotation exercise that confirms that
humans are able to apply the scheme consistently
on a subset of tweets, and that an LLM can obtain
agreement with a human that is close enough to
human-human agreement. Afterwards, we fine-
tuned three baseline transformer-based encoder
models, namely, BERT, BERTweet and PoliBER-
Tweet, for the political campaign content detection
task. The fine-tuned BERTweet model obtained the
best performance, with a macro-averaged F1-score
of 0.776 on the held-out test set.

Indirect campaigning tweets pose a challenge to
all baseline models. Future work will explore the
use of more advanced models, as well as data aug-
mentation strategies to enhance the representation
of this class. Additionally, we will explore de-
tecting a distinct “Call to Action” class, capturing
messages mobilising readers to undertake specific
actions, which is a more targeted form of support
than direct or indirect campaigning.

Limitations

While the two-round pilot test iteratively refined the
taxonomy, the moderate IAA reflects an inherent
limitation of the classification scheme: the bound-
ary between ind_camp and non-camp is partly sub-
jective and could not be fully resolved through im-
proved annotation guidelines alone. We consider
the current taxonomy to be a sound conceptual
framework grounded in electoral law, but further
iterations informed by larger-scale annotation stud-
ies are needed to sharpen class boundaries. As
a consequence, performance differences between
models should be interpreted with caution, as some
errors may still reflect taxonomy ambiguity rather
than model limitations.

The baseline models we used consistently strug-
gle with the indirect campaigning (ind_camp)
class, likely due to its limited representation in the
training data. We did not explore state-of-the-art
generative large language models. This is due to
our envisioned end-users of automated tools that
detect political campaign content: regulatory bod-
ies, NGOs and not-for-profit organisations, who
might not necessarily have access to computational
or financial resources required by generative LLMs
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Figure 2: Distribution of the tweets in the weeks right before the US 2020 election, as classified by the best-
performing model (fine-tuned BERTweet). Election Day is in Week 7.

in analysing large social media datasets. Lastly,
the performance of our best-performing baseline
model has not been evaluated across different coun-
tries, election cycles or election types beyond the
US 2020 presidential elections. Evaluating per-
formance under these settings would help further
assess the robustness and generalisability of our
proposed approach. We also encourage future work
to experiment with using more advanced models
like

Ethics statement

The dataset of tweets used in this study was col-
lected as part of a previous project under terms
and conditions that prevent us from sharing the
data with other researchers. To provide other re-
searchers with insights on how our proposed an-
notation scheme can be consistently applied, we
provided examples of tweets from public, politi-
cal figures in our annotation guidelines (see Ap-
pendix A and B).
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Appendix

A Annotation Guidelines

4 STEP 1 N

BINARY QUESTION: Does the tweet text directly reference a political entity?

e This strictly includes political parties, political candidates, future/prospective political
candidates, and elected office holders (e.g. MPs, Mayors, Councillors, Governors, Senators, Prime
Ministers, Presidents, etc.)

* The entity(s) must be directly named in the text, and this can also include @mentioned user
accounts and relevant hashtags. For example, #trump2020 or #DemsLose would classify as direct
references for Donald Trump and the Democratic Party respectively.

* Where specific political entities are not refenced directly by name but by their specific role/title
(e.g. “Prime Minister”, “the President”, “POTUS”, “Governor for X), this classifies as a direct
reference.

* It does not matter how many entities are referenced as long as there is at least one.

» Make sure to double-check where possible if the referenced entity meets one of the four entity
categories. Former political candidates and elected office holders (at the time of the post) do not
account as a direct reference.

» There are certain cases where the use of self-referential pronouns may also count as a direct
reference, but this is contextual based on the language of the text. Given that every account in the
tweet data was a US senator, where they refer to themselves as “I”” “Me”, “My” this counts as a
direct reference to a political entity. E.g.

“I am the best person for the job. Lend me your vote and I promise it will not go to waste!”

“I have fought against the growing tide of fascism for over decade, and I will not give in today. No
matter how hard my opponents try to slander to me.”

“My job is to make sure that the voices of ordinary people are heard when it comes to concerns
over immigration.”

* Where they use plural self-referential pronouns like “we” or “us” or “our”, whether this classifies
as a direct reference is contingent on the context they are used. If it appears they are using the term
in reference to their political party, this will count as a direct reference. E.g.

“We are the party on the side of the people; they are the party of the rich and corrupt.”

“If you give us your vote this November, we promise not to let you down!”

“We are working tirelessly to improve transport up and down the country.”

* However, if it used in reference to society or to make an appeal to the general population more
broadly, this would not count as a direct reference. E.g.

“We deserve better as a nation. This is not what America stands for.” “We should not accept
this new policy proposal from our Government; we need to do more to help protect the poorest
communities in our society.”

“It’s up to us to save the planet, together, united.”

If answer to STEP 1 is YES: proceed to STEP 2.A
If answer to STEP 1 is NO: proceed to STEP 2.B j

-

STEP 2.A

BINARY QUESTION: Does the tweet text encourage the reader to give to or withhold
support from the directly reference entity(s)?
* Encouraging/discouraging support for a political entity can be explicit: e.g. j
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"The only way to secure a fairer future is with the Green Party. Join us this election—vote Green,\
vote for change!"

“Our community needs strong leadership. That’s why I’'m voting for Sarah Thompson on May 5th.
She’s the only candidate who will fight for working families. ThompsonForMayor"

"President Alvarez has delivered on jobs, healthcare, and education. Let’s keep building on that
progress—re-elect Alvarez this November!"

* Or encouraging/discouraging support for a political entity can be more suggestive based on
sentiment: e.g.

"Hard not to notice how much better things have gotten since Mayor Patel took office. Feels like
someone’s finally listening to us."

"Sure, let’s give the Democrats that caused the housing crisis another term. What could possibly
go wrong?"

"Another broken promise from the Conservatives today... starting to lose count. Guess some
things never change."

* [t can also include instances where the author is attempting to elicit support via non-political or
non-partisan dimensions like appeals to family, religious, national or cultural values:

“There is nothing more important to me in this world than my faith. I am proud to represent all
devoted Hindus up and down the country.”

“As a true American patriot, Senator Green is committed to upholding the values embedded in our
constitution.”

“The Republicans claim to be the party of family, but really they’re the party of greed and
self-interest.”

If answer to STEP 2.A is YES: This is DIRECT CAMPAIGNING
If answer to STEP 2.A is NO: This is NON-CAMPAIGNING

J
STEP 2.B I

N (-

BINARY QUESTION: Does the tweet text directly reference a linked characteristic of a
political entity(s)?

» This includes policies, political ideologies, or political opinions, as well as other categories not
based on policies or opinions such as sociodemographics or personal qualities.

* The referenced characteristic should be reasonably attributable to one of the four political entities:
* References to policies can include:

o Explicitly named policies like “Online Safety Act 2023” or the “One Big Beautiful Bill Act
2025”.

o Policy areas like “healthcare”, “crime”, “foreign aid”, “welfare”, “education”, “gun ownership”,
“human rights”, “taxation” and so on.

* References to political ideologies can include:

o Explicitly named ideologies like “socialism”, “conservatism”, “capitalism”, “liberalism”,
“populism”, “fascism” and their variations.

o Or general political leanings like “left-wing”, “right-wing”, “centrists” “far-right”, “far-left” and
their variations.

o It can also include broader references to the facets of an ideology such as “free markets”, “small
government”, “personal liberties” and so on.

* References to political opinions can include:

o Subjective takes, judgments, reactions, values, or feelings without direct reference to a policy or
political entity. Le.

“It seems that politics over the last few years has become more about bickering than dealing with

pressing issues facing this country.” j

-
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“The country is more divided now than ever before”

“The media seems more interested in pushing an agenda than actually covering the issues that
people care about”

“Well, that debate was a complete joke. No wonder people are losing faith in the system!”

* References to personal features or characteristics can include:

o Explicit socio-demographic or personal features like gender, ethnicity, age, educational
background, geographic location or occupation.

o Or more vague references to positive and negative traits about certain groups. E.g.

“The country is being ran into the ground by a small group of corrupt individuals who think they
are above the law”

“99% of the population are hardworking, honest, and decent individuals. It’s the 1% that are the
problem”

“There are some people in politics who take their jobs seriously, and others who see it as a chance
to progress their own careers.”

* It does not matter how many characteristics are referenced as long as there is at least one.

* Characteristics can either be directly referenced within the tweet text or via relevant hashtags. For
example, BuildTheWall or PlayIn4Climate can be considered as support for Trump’s policy to
build a wall along the US-Mexico border and support for reduction in air pollution respectively.
Forthe99% or AgainstCapitalists would be considered support references to personal characteristics
and an ideology.

If answer to STEP 2.B is NO: This is NON-CAMPAIGNING
If answer to STEP 2.B is Yes: proceed to STEP 3 /

\_

4 STEP 3 N

BINARY QUESTION: Does the tweet text encourage the reader to give to or withhold
support from the refenced characteristic(s)?

* Encouraging/discouraging support for a linked characteristic can be explicit: e.g.

“Support the Clean Air for Schools Act — every child deserves classrooms free from toxic
pollution.”

“Do not stand with those who dismiss the struggles of others — empathy is essential in public life.”
“Stand behind the Affordable Homes Guarantee Bill to ensure safe housing is within everyone’s
reach.”

“Reforms to vital medical provisions for the elderly is cruel and callous.”

* Or encouraging/discouraging support for a characteristic can be more suggestive based on
sentiment: e.g.

“Free markets shouldn’t be allowed to decide everything — community values must matter too.”
“Our right to the freedom of expression is crucial to everything this country stands for. It needs to
be protected at all costs.”

“Politics is dominated by private school kids who have no idea about the real world. We need more
people who know about the real world.”

“Veterans fought for this country and now they have been thrown to wayside. Don’t let their
sacrifices be in vain.”

If answer to STEP 3 is YES: This is INDIRECT CAMPAIGNING
\If answer to STEP 3 is NO: This is NON-CAMPAIGNING /
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B Example Tweets for All Decision Tree Outcomes

s

Pathway 1: Direct Campaigning

Directly References an Entity(s): YES
Tweet Encourages to Give/Withold Support: YES

“Senator Davidson is a fantastic leader and an even better person. The people of Arizona
are lucky to have him!”
“I have always stood for working people and I always will”

-

s

Pathway 2: Direct Reference, Not Campaigning (Non-Campaigning)

Directly References an Entity(s): YES
Tweet Encourages to Give/Withold Support: NO

“I have scheduled a live Q&A session on Twitch tonight at 7pm”
“Senator Grey has passed away this evening, aged 78.” j

-

/

Pathway 3: Indirect Campaigning

Directly References an Entity(s): NO
Directly References Linked Characteristic: YES
Tweet Encourages to Give/Withold Support: YES

“Rolling back protections in the Digital Privacy Reform Act puts people at risk. That
change should not go unchallenged. @PrivacyWatch #DataRights”

“Communities thrive when solidarity is put ahead of unchecked markets. Let’s not lose sight of
those values. #FairEconomy”

-

s

Pathway 4: Indirect Reference, Not Campaigning (Non-Campaigning)

Directly References an Entity(s): NO
Directly References Linked Characteristic: YES
Tweet Encourages to Give/Withold Support: NO

“The Green Transport Act was passed in 2021.”
“The National Housing Strategy includes five chapters.”

-

s

Pathway 5: No Reference (Non-Campaigning)

Directly References an Entity(s): NO
Directly References Linked Characteristic: NO

“Merry Christmas to all those who celebrate!”
“Anyone know why the Twitter server was down this afternoon?”

-
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C LLM Annotation Prompts

You are an impartial and precise text classification model trained to detect whether a
tweet (that is written by a political figure) directly references a political entity. You must read the
tweet carefully, apply the rules below, and respond only with “YES” or “NO”, no extra text.

Rules:

A political entity includes:

- Political parties

- Political candidates

- Future or prospective political candidates

- Elected office holders (e.g. MPs, Mayors, Councillors, Governors, Senators, Prime Ministers,
Presidents, etc.)

Answer YES if any of the following conditions are met:

1) The tweet explicitly names a political entity. Example: “Democrats,” “Donald Trump,”
“President Biden.”

2) The tweet includes an @mention or hashtag referring to a political entity. Example: @JoeBiden,
VoteLabour, trump2020, DemsLose

3) The tweet refers to a political entity by role or title. Example: “The Prime Minister”, “the
President”, “Governor of Texas”, “POTUS”, “Governor for X”.

4) The tweet author (who is always a political entity) refers to themselves using singular pronouns
(“T’, “me”, “my”’). Example: “I am honored to serve the people of Ohio”, “I am the best person for
the job. Lend me your vote and I promise it will not go to waste!”.

5) The author uses plural pronouns (“we,” “our,” “us”) in reference to their political party or
campaign. Example: “We are the party of progress,” “If you give us your vote this November, we
won’t let you down.”

Answer NO in all other cases, including but not limited to the following cases:

- The tweet refers to “we,” “our,” or “us” in a societal or national sense. Example: “We deserve
better as a nation”, “It’s up to us to save the planet, together, united.”.

- The tweet mentions “government,” “Congress,” or similar institutions without specifying a
political entity or title. Example: “The government should do more to protect the environment.”

-

/system prompt STEP 1 \

/

system prompt STEP 2.A

You are an impartial and precise text classification model trained to detect whether a tweet (that
directly references a political entity) encourages or discourages support for that entity. You must
read the tweet carefully, apply the rules below, and respond only with “YES” or “NQO”, no extra text.

Rules:

A tweet encourages or discourages support for a political entity when it expresses, implies, or
suggests that readers should:

- Give support to the referenced political entity (e.g. vote for, endorse, trust, or praise them), OR
- Withhold support from the referenced political entity (e.g. criticize, oppose, or reject them).

-

Respond strictly with “YES” or “NO” j

)
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Answer YES if any of the following conditions are met:

1) The tweet explicitly urges the reader to support or reject the political entity.

Example: “Vote Green this election!”, “Re-elect Alvarez this November!”, “Our community needs
strong leadership. That’s why I’m voting for Sarah Thompson.”

2) The tweet praises or criticizes a political entity in a way that clearly implies endorsement or
opposition.

Example: “President Alvarez has delivered on jobs, healthcare, and education. Let’s keep
building on that progress—re-elect Alvarez this November!”, “Another broken promise from the
Conservatives today. .. starting to lose count.”

3) The tweet expresses sentiment or opinion that can reasonably be interpreted as encouraging or
discouraging support for the entity.

Example: “Hard not to notice how much better things have gotten since Mayor Patel took office.”,
“Sure, let’s give the Democrats that caused the housing crisis another term. What could possibly go
wrong?”’

4) The tweet appeals to non-political or cultural values (e.g. family, religion, patriotism) to elicit
support or opposition for the political entity.

Example: “There is nothing more important to me in this world than my faith. I am proud to
represent all devoted Hindus up and down the country.”, “As a true American patriot, Senator
Green is committed to upholding the values embedded in our constitution.”, “The Republicans
claim to be the party of family, but really they’re the party of greed and self-interest”

Answer NO in all other cases, including but not limited to the following:

- The tweet only provides factual or neutral information about the political entity without
encouraging or discouraging support.

Example: “The President has confirmed that the annual conference will be held in New York this
September.”, “Senator Grey has passed away this evening.”

- The tweet refers to a political entity in a ceremonial or administrative context without evaluative
language.

Example: “The President met with politications in California to discuss trade policy.”

Respond strictly with “YES” or “NO”

~

o
-~

-

system prompt STEP 2.B

You are an impartial and precise text classification model trained to detect whether a
tweet (that does not directly reference a political entity) directly references at leaast one linked
characteristic of a political entity. You must read the tweet carefully, apply the rules below, and
respond only with “YES” or “NO”, no extra text.

Rules:

A tweet directly references a linked characteristic of a political entity if it mentions or implies a
policy, political ideology, political opinion, or personal/sociodemographic characteristic that can
be reasonably attributed to one or more political entities.

Answer YES if any of the following conditions are met:

* The tweet includes a reference to policies, political ideologies, or political opinions, as well as
other categories not based on policies or opinions such as sociodemographics or personal qualities.
* The referenced characteristic should be reasonably attributable to one of the four political entities.
* Characteristics can either be directly referenced within the tweet text or via relevant hashtags. For

example, BuildTheWall or PlayIn4Climate can be considered as support for Trump’s policy to j

J
\
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build a wall along the US-Mexico border and support for reduction in air pollution respectively.\
Forthe99% or AgainstCapitalists would be considered support references to personal characteristics
and an ideology.

Explanation:

* References to policies can include:

o Explicitly named policies like “Online Safety Act 2023” or the “One Big Beautiful Bill Act
2025”.

o Policy areas like “healthcare”, “crime”, “foreign aid”, “welfare”, “education”, “gun ownership”,
“human rights”, “taxation” and so on.

* References to political ideologies can include:

o Explicitly named ideologies like “socialism”, “conservatism”, “capitalism”, “liberalism”, and
their variations.

o Or general political leanings like “left-wing”, “right-wing”, “centrists” “far-right”, and their
variations.

o It can also include broader references to the facets of an ideology such as “free markets”, “small
government”, “personal liberties” and so on.

* References to political opinions can include:

o Subjective takes, judgments, reactions, values, or feelings without direct reference to a policy or
political entity. Examples:

“It seems that politics over the last few years has become more about bickering than dealing with
pressing issues facing this country.”

“The media seems more interested in pushing an agenda than actually covering the issues that
people care about”

“Well, that debate was a complete joke. No wonder people are losing faith in the system!”

* References to personal features or characteristics can include:

o Explicit socio-demographic or personal features like gender, ethnicity, age, educational
background, geographic location or occupation.

o Or more vague references to positive and negative traits about certain groups. Examples:

“The country is being ran into the ground by a small group of corrupt individuals who think they
are above the law”

“99*“There are some people in politics who take their jobs seriously, and others who see it as a

chance to progress their own careers.”

Answer NO in all other cases, including but not limited to the following:

- The tweet does not contain any reference to a policy, ideology, opinion, or personal/sociodemo-
graphic characteristic.

- The tweet is purely personal, social, or unrelated to politics or governance.

Respond strictly with “YES” or “NO”

NS /
/system prompt STEP 3 \

You are an impartial and precise text classification model trained to detect whether a
tweet (that directly references a linked characteristic of a political entity) encourages or discourages
support for that characteristic. You must read the tweet carefully, apply the rules below, and
respond only with “YES” or “NO”, no extra text.

Rules:
A tweet encourages or discourages support for a linked characteristic when it expresses, implies, orj
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suggests that readers should: \
- Give support to the referenced characteristic (e.g. agree with, promote, or defend it), OR
- Withhold support from the referenced characteristic (e.g. criticize, oppose, or reject it).

Answer YES if any of the following conditions are met:

* Encouraging/discouraging support for a linked characteristic can be explicit: e.g.

“Support the Clean Air for Schools Act — every child deserves classrooms free from toxic
pollution.”

“Do not stand with those who dismiss the struggles of others — empathy is essential in public life.”
“Stand behind the Affordable Homes Guarantee Bill to ensure safe housing is within everyone’s
reach.”

“Reforms to vital medical provisions for the elderly is cruel and callous.”

* Or encouraging/discouraging support for a characteristic can be more suggestive based on
sentiment: e.g.

“Free markets shouldn’t be allowed to decide everything — community values must matter too.”
“Our right to the freedom of expression is crucial to everything this country stands for. It needs to
be protected at all costs.”

“Politics is dominated by private school kids who have no idea about the real world. We need more
people who know about the real world.”

“Veterans fought for this country and now they have been thrown to wayside. Don’t let their
sacrifices be in vain.”

Answer NO in all other cases, including but not limited to the following:

- The tweet merely states or describes a characteristic without encouraging or discouraging support.
- The tweet provides factual or neutral information about a policy, ideology, or social characteristic
without evaluative or persuasive language.

Respond strictly with “YES” or “NO” /

-

D Raw Model Performance

Model Class Precision Recall F1
dir_camp 0.000 0.000 0.000

BERTweet ind_camp 0.000 0.000 0.000
non-camp 0.312 1.000 0476
dir_camp 0.125 0.001  0.003

PoliBERTweet ind_camp 0.181 0.967 0.305
non-camp 0.315 0.055 0.093

Table 5: Per-class Precision, Recall, and F1 scores obtained on the validation set by the raw BERTweet and
PoliBERTweet models, i.e., without any fine-tuning.
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E Visualisation of Results from the Application of the Best-performing Model at Scale

Weekly class distribution (Candidates)
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Figure 3: Distribution of the tweets from presidential and vice-presidential candidates in the weeks right before the
US 2020 election, as classified by the best-performing model (fine-tuned BERTweet). Election Day is in Week 7.
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Weekly class distribution (Senators)
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Figure 4: Distribution of the tweets from Democratic and Republican senators in the weeks right before the US
2020 election, as classified by the best-performing model (fine-tuned BERTweet). Election Day is in Week 7.

F Political Figures in the Dataset

Account Holder  Twitter Account Position

Joe Biden @JoeBiden Presidential Candidate
Donald Trump @realDonaldTrump  Presidential Candidate
Howie Hawkins @HowieHawkins Presidential Candidate

Jo Jorgensen @Jorgensen4dPOTUS  Presidential Candidate
Kamala Harris @KamalaHarris Vice-Presidential Candidate
Mike Pence @Mike_Pence Vice-Presidential Candidate
Angela N. Walker @ AngelaNWalker Vice-Presidential Candidate
Spike Cohen @RealSpikeCohen Vice-Presidential Candidate

Table 6: Twitter accounts of presidential and vice-presidential candidates included in the dataset.
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Account Holder

Twitter Account

Abby Broyles

Dan Ahlers

Amy McGrath
Barbara Bollier
Marquita Bradshaw
Cal Cunningham
Mark Kelly

Chris Coons

CJ Ellison

Cory Booker

Al Gross

Paulette Jordan
Theresa Greenfield
Jaime Harrison
John Hickenlooper
Mark Warner
Monica Ben-David
Mike Espy

MJ Hegar

Jon Ossoff

Paula Jean Swearengin
Ben Ray Lujan
Raphael Warnock
Ricky Torres

Sara Gideon

Dick Durbin
Jeanne Shaheen
Doug Jones

Gary Peters

Jack Reed

Jeff Merkley

Ed Markey

Tina Smith

Steve Bullock

@abbybroyles
@ahlers_dan
@AmyMcGrathKY
@BarbaraBollier
@Bradshaw2020
@CalforNC
@CaptMarkKelly
@ChrisCoons
@ClJSenate2020
@CoryBooker
@DrAlGrossAK
@electpaulette
@Greenfieldlowa
@harrisonjaime
@Hickenlooper
@MarkWarner
@MBenDavid2020
@MikeEspyMS
@mjhegar
@ossoff
@paulajean2020
@repbenraylujan
@ReverendWarnock
@RickyForSenate
@SaraGideon
@SenatorDurbin
@SenatorShaheen
@SenDougJones
@SenGaryPeters
@SenJackReed
@SenlJeffMerkley
@SenMarkey
@SenTinaSmith
@stevebullockmt
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Account Holder

Twitter Account

Bill Hagerty

Bryant “Corky” Messner

Cynthia Lummis
Steve Daines
Daniel Gade

Jim Inhofe

John James
Kevin O’Connor
Lauren Witzke
Jason Lewis
Lindsey Graham
Mark Ronchetti
Mitch McConnell
Shane Perkins
Doug Collins

Rik Mehta

Susan Collins
Kelly Loeffler
Jim Risch

Mike Rounds
Shelley Moore Capito
Cory Gardner
Dan Sullivan
David Perdue
Cindy Hyde-Smith
Joni Ernst
Martha McSally
Ben Sasse

Thom Tillis

Tom Cotton

John Cornyn
Tommy Tuberville
Joan Waters

@BillHagertyTN

@ CorkyForSenate
@CynthiaMLummis
@DainesforMT
@gadeforvirginia
@JimInhofe
@JohnJamesMI
@KOCforSenate
@LaurenWitzkeDE
@LewisForMN
@LindseyGrahamSC
@MarkRonchettiNM
@McConnellPress
@PerkinsForUSSen
@RepDougCollins
@RikMehta_NJ
@SenatorCollins
@SenatorLoeffler
@SenatorRisch

@ SenatorRounds
@SenCapito
@SenCoryGardner
@SenDanSullivan
@sendavidperdue
@SenHydeSmith
@SenJoniErnst
@SenMcSallyAZ
@SenSasse
@SenThomTillis
@SenTomCotton
@TeamCornyn
@TTuberville
@watersforsenate
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Abstract

The rise of online platforms has facilitated the
dissemination of explicit content, posing sig-
nificant challenges for detection and regulation.
Often using coded language to bypass moder-
ation, this content erodes user trust and may
be associated with scam-related risks, posing
direct financial and personal risks. In this study,
we map the landscape of online explicit con-
tent posts, focusing on their categorization, lin-
guistic strategies, and temporal and behavioral
patterns as they appear within the mainstream
platform Reddit. We investigated five distinct
content categories including Virtual Services
(VS), Physical Services (PS), Exhibitionism
(Ex), Couples and Group Interactions (CGI),
and Content Creation and Sales (CCS) and per-
formed large-scale experimentation using state-
of-the-art large language models (LLMs) such
as GPT-4, LLaMA 3.3-70B-Instruct, Gemini
1.5 Flash, Mistral 8x7B, Qwen 2.5 Turbo, and
Claude 3.5 Haiku. Our work demonstrates that
a nuanced classification of these services re-
quires moving beyond simple keywords, and
we establish that expressive signals, such as
sentiment, emotion, and tone, are critical for
accurate detection. Our analysis reveals dis-
tinct behavioral and psychosocial expression
patterns for each service category, providing a
robust framework for future moderation.

1 Introduction

Modern social media platforms are vast, multipur-
pose ecosystems that enable unprecedented self-
expression and community formation. However,
this openness also creates vulnerabilities that fa-
cilitate the proliferation of unregulated explicit-
service solicitations, posing systemic challenges
to online safety (Marche et al., 2023; Raponi
et al., 2022). While such solicitations may appear
across diverse communities, identifying and study-
ing them requires reliable ground-truth examples.
To establish a foundational benchmark, we ana-
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lyze explicit-service posts within dedicated Red-
dit communities where solicitation behaviors are
observable and consistently labeled (Baumgartner
et al., 2020; Gothard, 2021). These posts frequently
employ coded language, euphemisms, and sugges-
tive signals designed to bypass moderation, and
are sometimes associated with scams and fraudu-
lent schemes that pose financial and personal risks.
This controlled setting enables systematic analysis
of linguistic, behavioral, and engagement patterns
that can inform future detection efforts in broader,
heterogeneous social media environments (Trager
et al., 2022; Teitelbaum, 2020).

The scope of these solicitations spans multiple
modalities, including Virtual Services (VS), such as
live video calls; Physical Services (PS), involving
in-person transactions; Exhibitionism (Ex); Cou-
ples and Group Interactions (CGI); and Content
Creation and Sales (CCS). These categories reflect
the adaptability of actors promoting illicit services
and expose the limitations of moderation strategies
that rely solely on surface-level keyword filtering
rather than contextual and behavioral indicators.

The risks associated with such content are multi-
layered. Minors face heightened exposure and vul-
nerability to grooming and exploitation, while adult
users may encounter scams, financial loss, and
erosion of trust in digital spaces(Amirkhani et al.,
2026; Sanchez and Genelza, 2025; Gupta, 2025).
At the governance level, these solicitations strain
moderation infrastructure, often necessitating hy-
brid human—AlI approaches to manage scale and
contextual ambiguity (Peter and Valkenburg, 2016;
Ferguson and Hartley, 2022; Mitchell et al., 2003).
Furthermore, the issue intersects with complex le-
gal and regulatory frameworks (Government of
NCT of Delhi, 2023). Many jurisdictions criminal-
ize aspects of digital solicitation, while others reg-
ulate certain forms of sex work under strict licens-
ing regimes (Government of India, 2000; Ministry
of Electronics and Information Technology, Gov-
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ernment of India, 2021). This global patchwork
underscores the need for scalable, context-aware
moderation mechanisms that can adapt across legal,
cultural, and linguistic contexts.

In response and also seeing recent efforts to
stress-test LLMs through domain-specific bench-
marks (Choudhury et al., 2025, 2026), this pa-
per introduces REDDIX-NET, a structured bench-
mark dataset designed to map and analyze explicit-
service solicitations on a mainstream platform. We
do not frame this work as a direct detection task
in mixed-content environments; rather, we provide
a systematic behavioral and linguistic character-
ization that serves as a precursor for developing
detection systems in broader settings. Beyond cat-
egorization, we demonstrate that expressive sig-
nals, i.e., sentiment, emotion, and tone, play a
meaningful role in classification and in understand-
ing engagement dynamics across service types,
thereby establishing a more context-aware mod-
eration benchmark.

In this paper, we present the analysis, exper-
imentation, and dataset construction underlying
REDDIX-NET. By leveraging multilingual data
and evolving online trends, the dataset supports Al-
driven categorization of distinct solicitation modal-
ities that frequently operate outside regulated chan-
nels and platform policies.

The contributions of this work are as follows:

* We provide the first large-scale analysis of so-
licited explicit content within service-oriented
communities on a mainstream social media
platform.

* We introduce REDDIX-NET, a curated bench-
mark dataset that fills a critical resource gap
for moderation and safety research.

* We analyze sentiment and user expression pat-
terns to derive psychosocial engagement indi-
cators that extend beyond surface-level con-
tent filtering.

2 Related Work

Sex Trafficking and Escort Advertisement De-
tection. Prior work on online sexual services
primarily targets sex trafficking networks and il-
licit escort advertisements on dedicated platforms.
(Ibanez and Suthers, 2016b,a) used network and
content analysis to identify trafficking indicators
from structured metadata such as phone numbers

and social links. Keskin et al. (2021) analyzed
large-scale escort ads to model mobility and ser-
vice circuits, while Giommoni and Ikwu (2021)
extracted trafficking indicators from UK-based ad-
vertisements. These approaches focus on overt ads
and structured signals rather than conversational
content.

Supervised Classification and Ordinal Risk
Modeling. Machine learning methods have also
been applied to classify illicit businesses and
trafficking-related advertisements. Diaz and Panan-
gadan (2020) trained supervised models on review-
site data to distinguish legitimate from illicit ser-
vices, and Wang et al. (2020a,b) proposed Ordinal
Regression Neural Networks for predicting traffick-
ing likelihood scores from ad text. These formu-
lations emphasize binary or ordinal risk detection
over explicit advertisements, not nuanced solicita-
tion behavior in social media contexts.

NSFW Filtering and Content Moderation.
Traditional NSFW detection relies on keyword
filtering and image-based recognition (Davidson
et al., 2017; Founta et al., 2018; Vidgen et al., 2021;
Li et al., 2026; Bao et al., 2025; Jangra et al., 2025;
Yang et al., 2025). While effective for overt con-
tent, such systems struggle with coded language,
euphemisms, and contextual ambiguity, and typi-
cally treat detection as surface-level classification
rather than modeling expressive linguistic and in-
teraction dynamics.

User Behavior and Engagement in Sexual
Content Communities. Studies on online sexual
content communities indicate that engagement pat-
terns differ from general social media, particularly
in anonymous environments like Reddit. Users
often engage in sensitive self-disclosure and re-
ceive varied responses such as support and vali-
dation (Andalibi et al., 2018), while also seeking
sexual advice through intent-driven interactions
(PettyJohn et al., 2025). Such disclosures tend to
attract higher engagement and repeated participa-
tion (Hagq et al., 2025). Anonymity facilitates open
expression (Shelton, 2015), and community norms
shape interaction behavior (Brown, 2018). Over-
all, interactions combine social, informational, and
transactional elements, where comments may in-
clude requests, verification, or negotiation, offering
insights into user intent beyond the original post.

Our Contribution. In contrast, we exam-
ine explicit-service solicitations on a mainstream
platform (Reddit), specifically within dedicated
service-oriented communities that provide high-
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Figure 1: Structure of the proposed dataset, categorizing online sexual services across five distinct categories and

their further subdivisions.

confidence ground-truth examples of solicitation
behavior. This controlled setting enables system-
atic analysis of linguistic, behavioral, and engage-
ment patterns that can inform future detection sys-
tems in broader environments. Methodologically,
we move beyond surface lexical cues by leverag-
ing expressive signals, i.e., sentiment, emotion,
and tone, benchmarking state-of-the-art LLMs for
context-aware classification. We further analyze
comment-level interactions and temporal dynamics,
offering a computational social science perspec-
tive on solicitation behavior within explicit-service
communities on a mainstream platform.

3 REDDIX-NET CONSTRUCTION

This section outlines the methodology and sources
used to build REDDIX-NET, providing a compre-
hensive, data-driven foundation. It highlights the
strategic approach taken to construct a robust and
insightful dataset.

3.1 Data Collection

The dataset was collected from three large subred-
dit channels (each with over 50K members) fo-
cused on online sexual services with users from
all over the world. Although these communities
explicitly focus on adult services, they exist within
a mainstream social media platform and retain con-
versational, user-generated characteristics distinct
from those of structured advertising marketplaces.
This allows us to analyze solicitation behavior in a
realistic social interaction context while maintain-
ing high labeling confidence. Our dataset includes
posts from 2014 to 2023. Due to privacy poli-
cies, their names are withheld. Using the Reddit
API with PRAW API, we gathered posts offering

services like paid meetups, nude video calls, and
couple swaps. More details on data labeling, col-
lection, cleaning, and pre-processing are provided
in Appendix 4.

3.2 Data Annotation

For the experiments, three annotators, including
the authors, manually reviewed and categorized the
posts. The team was selected to mitigate gender
and regional bias, comprising two male and one
female annotator from three different states in In-
dia, bringing diverse linguistic and socio-cultural
perspectives across English and several Indian lan-
guages. All annotators possessed domain familiar-
ity and contextual sensitivity to handle euphemistic
or implicit references to adult services. The anno-
tation process was conducted carefully to ensure
reliable and balanced classification.

The posts were divided into the following five
categories:

1. Content Creation and Sales (CCS): This cat-
egory includes services related to the produc-
tion and sale of adult content, such as videos,
photos, or written material, often tailored to
specific user requests.

2. Couples and Group Interactions (CGI): Ser-
vices in this class involve collaborative en-
gagements, typically between two or more
individuals, either for personal interaction.

3. Exhibitionism (Ex): This category refers to
services where individuals perform live or
recorded acts for an audience, often empha-
sizing the act of showcasing themselves in a
sexual or provocative context.

273



4. Physical Services (PS): Services involving
physical interaction, such as in-person meet-
ings, escort services, or any physical contact-
based activities, are classified here.

5. Virtual Services (VS): This category includes
services provided online, such as video chats,
private messages, or virtual performances,
which do not involve any physical meetings
but are sexual or adult-oriented in nature.

The five service categories were derived through
iterative qualitative coding grounded in prior online
solicitation and digital sexual commerce studies.
Two annotators independently reviewed sampled
Reddit posts, consolidated recurring behavioral
codes, and refined five solicitation modalities. Pilot
annotation validated separability, minimized over-
lap, and ensured contextual consistency. Figure 1
presents the five-class folder structure reviewed.

3.3 Data annotation guidelines

Posts were annotated into five behavioral cate-
gories:

Virtual Services (VS), Physical Services (PS),
Exhibitionism (Ex), Couples and Group Interac-
tions (CGI), Content Creation and Sales (CCS).

Annotators reviewed the post title, body, any as-
sociated (anonymized) media, and user comments.
1) Guidelines included decision heuristics and ex-
amples to disambiguate cases (e.g., distinguishing
VS from CCS based on service type and platform
mention). 2) Posts were labeled via majority vote
from three annotators. Uncategorizable posts were
removed. 3) Inter-annotator agreement was mea-
sured using Krippendorff’s alpha, Cohen’s kappa,
and Fleiss’ kappa. 4) Ethical training and precau-
tions were implemented for the annotator’s well-
being.

3.4 Statistical Analysis

Table. 1 provides an overview of posts. The dataset
comprises 8,146 posts across five categories, with
Ex containing the most posts (2,302) and CGI the
fewest (1,103), indicating a moderate imbalance
in class representation. The overall word count
across the dataset is 557,764, with Ex again con-
tributing the most words (164,131) and CGI the
fewest (73,751). Despite these variations in vol-
ume, the average word length per post remains rela-
tively consistent, ranging between 65 and 75 words
across categories. Engagement levels, measured
through comment activity, follow a similar pattern:

the dataset contains 60,240 comments in total, with
Ex receiving the largest share (17,923), although
the average number of comments per post remains
stable across all categories (7.3—8.0), suggesting
uniform interaction behavior. Lexical density, re-
flected in the average tokens per post, ranges from
63 in CCS to 75 in Ex, indicating only minor varia-
tion in text granularity.

3.5 Inter-annotator Agreement Score

To assess annotation consistency, we conducted
an Inter-Annotator Agreement (IAA) analysis us-
ing Krippendorff’s Alpha (K), Cohen’s Kappa (C)
for pairwise comparisons, and Fleiss’ Kappa (F)
for group agreement across the full dataset. Pair-
wise Krippendorff scores were K (1,2) = 0.6633,
K(1,3) = 0.7470, and K(2,3) = 0.6783, while
the overall agreement among all three annotators
was K (1,2,3) = 0.6963 (Table. 2). These results
indicate substantial inter-annotator reliability and
consistent labeling across annotators.

4 Analysis of REDDIX-NET

This section outlines key experiments on REDDIX-
NET that use LLMs and PLMs for user classifi-
cation, sentiment analysis, comment classification,
and metadata-temporal analysis. Details follow in
subsequent subsections.

4.1 REDDIX-NET User Classification

This experiment aims to identify users offering spe-
cific services based on their posts using LLMs.
Users often employ coded language and sugges-
tive presentation to evade moderation. While our
analysis focuses primarily on textual signals (titles,
descriptions, and comments), the dataset retains
contextual references to associated media, enabling
future multimodal extensions. Users’ services are
treated as ground truth, and LLMs are prompted to
classify posts into predefined service categories.

Posts that remained uncategorized were embed-
ded using Sentence-BERT and clustered via K-
means (k = 5, aligned with the five service cate-
gories). Cluster centroids were manually reviewed
and mapped to the closest category based on dom-
inant semantic patterns. We evaluated multiple
state-of-the-art LLMs for this task, including GPT-
4 (Wiggers, 2022), LLaMA 3.3-70B-Instruct (Tou-
vron et al., 2023), Gemini 1.5 Flash (Google, 2023),
Mistral 8x7B (Jiang et al., 2023), and Claude
Haiku.
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Metric VS PS Ex CGI CCS Overall
No. of Posts per Category 1588 1501 2302 1103 1547 8146
No. of Words per Category 103844 102917 164131 73751 102490 557764
No. of Comments per Category 11373 10984 17923 7776 11176 60240
Avg No. of Comments per Post per Category 7.5 7.6 8 73 7.5 -
Avg No. of Tokens per Post per Category 72 74 75 69 63 -
Avg No. of Posts per Performer per Category 150 162 120 97 175 -
No. of Performers per Category 11 10 19 12 9 -

Table 1: Statistical summary table of the REDDIX-NET dataset, detailing post counts, word counts, comment
volumes, and average engagement metrics across the five defined service categories (VS, PS, Ex, CGI, CCS)

Annotator  Krippendorff(X) Cohen(C) Fleiss(£)
(1,2) 0.6633 0.554 —
(1,3) 0.7470 0.681 —
(2,3) 0.6783 0.740 —

(1,2,3) 0.6963 — 0.608

Table 2: Inter-Annotator Agreement Scores

4.2 REDDIX-NET Expression Analysis

This analysis examines user responses to posts to
understand how engagement patterns reflect emo-
tional and psychosocial reactions rather than direct
mental health outcomes.

We performed sentiment analysis on REDDIX-
NET using both pre-trained and GoEmotions-fine-
tuned (Demszky et al., 2020) BERT-based models
(PLMs) and LLMs (Qwen 2.5 Turbo, GPT-40). The
models predict fine-grained emotion labels, which
are aggregated into higher-level psychosocial cate-
gories (e.g., sadness/anxiety — mental health con-
cern; joy/trust — positive experience; anger/disgust
— exploitation indicators). LLMs extract senti-
ment polarity (positive, neutral, negative, mixed),
emotional spectrum, tonal variation (casual, for-
mal, playful, aggressive), confidence scores, and
key phrases. A stratified sample of LLM-generated
sentiment outputs was manually reviewed to verify
consistency with the intended polarity and emotion
labels.

GoEmotions fine-tuned BERT models produced
probability distributions across emotion categories,
later aggregated into broader psychosocial indi-
cators using predefined affective computing map-
ping rules. Emotional spectrum, confidence
scores, keyphrases, and tonal variation were de-
rived through weighted emotion analysis, normal-
ized classifier certainty, transformer-based atten-
tion ranking, and stratified manual validation, with
all features stored as aggregated statistics from di-
rect Reddit post responses. The fine-tuned BERT
model further evaluates emotional dependency, var-
ied emotional states, exploitation signals, user ex-

perience, and mental health-related expressions.
Using Hugging Face transformers, BERT maps
star ratings (e.g., “5 stars” — satisfaction; “1 star”
— aggression) to discrete emotions via a custom
dual-mapping framework.

4.3 REDDIX-NET Comments Classification

While sentiment analysis captures emotional tone,
it fails to represent interaction intent. Therefore,
comments were categorized into 19 thematic buck-
ets (Table 6) derived through an iterative qualita-
tive analysis of representative samples. The tax-
onomy captures recurring intents, including pur-
chase intent, negotiation, verification, harassment,
emotional dependency, and authenticity concerns,
while remaining moderation-oriented for analysis
of explicit service interactions.

Classification Methodology. Comments were
classified using GPT-4 with a few-shot prompting
setup (Appendix). Each comment was processed
individually, and a multi-label scheme was adopted
to account for overlapping intents. Comments not
confidently assigned were embedded and clustered,
then re-evaluated using the same few-shot prompt
to map clusters to predefined buckets.

Handling Ambiguity and Validation. Ambigu-
ous comments received all semantically relevant
labels. A stratified random sample validated label-
ing consistency and taxonomy reliability. Nineteen
interaction buckets were derived through grounded,
qualitative coding by three annotators, who itera-
tively merged overlapping themes. Validation in-
cluded manual review and inter-annotator agree-
ment analysis. The final dataset features store nor-
malized proportions of aggregated comment-label
distributions.

4.4 Time-based Analysis on REDDIX-NET

We analyzed metadata to examine temporal engage-
ment trends, tracking fluctuations in posts and com-
ments to identify peak and low activity periods.
Hour-of-day analysis revealed engagement cycles
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in sexual service-related discussions, offering in-
sights into user behavior, participation patterns, and
content visibility dynamics.

5 Results and Analysis

In this section, we will discuss all the results that
we have obtained from the experiments that we
mentioned in the previous section.

5.1 REDDIX-NET User Classification

Table. 3 summarizes the performance of multiple
large language models for classifying posts into
predefined service categories using precision, F1-
score, accuracy, and error-based metrics includ-
ing MSE, MAE, and JSD. Performance varies con-
siderably across categories, with Virtual Services
(VS) and Physical Services (PS) generally achiev-
ing higher F1-scores than Exhibitionism (Ex) and
Couples and Group Interactions (CGI), indicat-
ing stronger textual separability. GPT-4 demon-
strates relatively stable performance across cate-
gories, whereas Claude 3.5-Haiku attains the high-
est Fl-score in VS, and LLaMA-3.3-70B-Instruct
performs competitively in CCS classifications over-
all.

The accuracy values appear comparatively high
because classification was performed on balanced
confidence-solicitation samples from dedicated
communities rather than in realistic mixed-content
environments. Therefore, F1-scores provide a more
reliable estimate of category separability under
contextual ambiguity. Preliminary ablation trends,
influenced by lexical leakage from repeated pro-
motional phrases, were excluded from the final
evaluation. For methodological clarity, exploratory
clustering analyses should be separated from super-
vised classification results. Furthermore, reporting
macro-averaged precision, recall, and confusion
matrices would improve interpretability and better
characterize misclassification behavior.

5.2 REDDIX-NET Expression Analysis

We analyze user expressions using sentiment, emo-
tion, and tone, employing both LLM- and PLM-
based approaches.

Sentiment Analysis: As shown in Figure 2, pos-
itive sentiment constitutes the largest proportion
across all categories (approximately 40-50%), fol-
lowed by neutral sentiment (around 30%). Nega-
tive and mixed sentiments appear less frequently.
This distribution reflects the predominance of pos-
itive or neutral expressions in the dataset’s user

Cat. Pre(%) F1(%) MSE
GPT-4

\] 45.1 62.0 005 0.14 044 85.7
PS 39.3 56.1 0.07 0.18 0.56 81.8
Ex 25.0 39.6 0.06 0.14 049 85.8
CGI 28.6 432 0.13 020 0.70 79.5
CCs 333 49.6 005 0.15 048 84.8

Llama-3.3-70B-Instruct

VS 49.0 64.0 0.05 0.14 0.51 84.7
PS 50.1 62.2 005 0.15 0.51 85.2
Ex 43.0 58.0 0.11 023 071 71.4
CGI 42.0 54.0 0.11 020 0.67 79.9
CCs 49.0 67.0 004 0.15 046 85.1

Mistral 8x7B

\] 42.0 56.0 003 012 042 87.9
PS 47.0 61.0 0.06 0.18 0.64 82.2
Ex 40.0 55.0 0.10 022 0.70 78.4
CGI 41.0 56.0 0.08 0.19 0.63 81.1
CCs 44.0 58.0 004 0.13 043 86.9

Gemini 1.5 Flash

\S] 48.0 63.2 005 014 047 85.9
PS 475 64.3 004 0.13 048 87.2
Ex 325 48.2 0.06 0.17 0.61 82.7
CGI 31.0 46.2 0.11 020 0.71 80.1
CCs 39.5 56.1 005 0.16 048 843

Claude 3.5-Haiku

VS 52.0 66.0 0.06 0.16 0.54 84.1
PS 46.3 56.9 005 013 046 86.6
Ex 35.8 51.8 0.08 0.19 0.63 81.0
CGI 36.7 524 0.13 021 0.68 79.3
CCs 37.8 524 004 0.15 046 85.5

MAE JSD Acc (%)

Table 3: Comparative evaluation of different large lan-
guage models (LLMs) across various service categories
(VS, PS, Ex, CGI, CCS). The models are assessed based
on multiple performance metrics, including Precision
(Pre), F1-score, Mean Squared Error (MSE), Mean Ab-
solute Error (MAE), Jensen-Shannon Divergence (JSD),
and Accuracy. The category is abbreviated as Cat.

comments. Variations across categories are evident;
for example, VS and PS exhibit slightly higher
proportions of mixed or negative sentiment than
CCS. These observations describe sentiment pat-
terns within REDDIX-NET and do not necessarily
generalize beyond this context.

Emotion Type Analysis: Table 4 presents the
distribution of emotion categories derived from
user comments. Emotions such as desire and joy
appear frequently across multiple categories, par-
ticularly in VS and Ex. PS shows comparatively
higher proportions of emotions such as lust and
disgust, while CGI and CCS exhibit more balanced
distributions, including neutral expressions. These
results reflect model-inferred emotional signals and
provide an approximate characterization of user re-
sponses within the dataset.

Tonality Analysis: Table 5 illustrates the dis-
tribution of tonal expressions. The casual tone is
most prevalent across all categories, especially in
VS and Ex. PS shows relatively higher propor-
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Figure 2: Distribution of sentiment classifications across
five different service categories (VS, PS, Ex, CGI, CCS).

Emo(%) VS PS EX

Des 31.8 253 326 276 313
Joy 31.8 114 272 227 237
None 7.8 03 11.0 151 10.7

Int 9.2 1.5 9.8 10.1 9.2
Sur 5.6 0.1 6.0 6.5 6.9
Ant 44 101 43 5.4 4.0
Lus 25 164 33 2.1 4.6
Ang 1.8 6.3 1.4 32 29
Exc 1.4 9.5 22 25 2.1
Ind 1.1 0.6 0.8 1.7 0.9
Pla 0.8 1.4 0.1 1.0 0.8
Dis 07 126 05 0.8 1.4
Inf 0.1 0.1 0.3 1.1 1.0

Frus 1.0 44 0.5 0.2 0.5

Table 4: Detailed breakdown percentages of top 14 emo-
tions (Emo) types across five service categories (VS,
PS, EX, CGI, CCS). The emotions include Desire (Des),
Joy, Interest (Int), Surprise (Sur), Anticipation (Ant),
Lust (Lus), Anger (Ang), Excitement (Exc), Indiffer-
ence (Ind), Playfulness (Pla), Disgust (Dis), Informa-
tional (Inf), and Frustration (Frus), along with instances
labeled as None.

tions of erotic and playful tones compared to other
categories. Formal and neutral tones are consis-
tently present across categories, while aggressive
and explicitly sexual tones occur less frequently.
These patterns highlight differences in linguistic
style across service types.

Cross-Correlation Analysis:  Correlation
analysis (Figure 6 in Appendix) indicates that
relationships between sentiment and tone are
generally weak or inconsistent. In contrast, certain
emotions align more closely with specific tones
(e.g., anger with an aggressive tone, joy with a
playful tone). Category-level variations are also
observed, with PS showing weaker correlations
than other categories. These findings describe
associations within the dataset rather than causal

relationships.

Tone(%) VS PS EX CGI CCS
Cas 623 286 618 610 628
For 138 89 149 163 133
Inf 69 89 64 63 55
Neu 62 103 77 81 81
Play 55 136 43 33 52
Agg 17 42 17 24 20
Ero 14 145 13 12 09
Flir 12 91 11 08 15
Se 10 19 09 07 07

Table 5: Illustration of the distribution of top nine tonal
expressions across five service categories. The tones
include Casual (Cas), Formal (For), Informal (Inf), Neu-
tral (Neu), Playful (Play), Aggressive (Agg), Erotic
(Ero), Flirtatious (Flir), and Sexual (Se).
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Figure 3: Category-wise impact proportion highlight-
ing the proportion of emotional dependency, exploita-
tion, mental health concerns, neutral perceptions, and
positive experiences across different online prostitution
categories. This provides insights into the psychosocial
expression patterns associated with various engagement

types.

5.3 REDDIX-NET Comments Classification

The baskets/categories are defined as: b, : Payment
or delivery complaints. b;,: Fantasy and violent de-
mands. b;,: Legal and ethical concerns. b;,: Com-
petition or self-promotion. b;,: Emotional support
requests. by,: Unclassified comments. b;,: Price
or service negotiations. by,: Verification and iden-
tity inquiries. b,: Specific content requests. by,,:
External link sharing. b;,,: Unsolicited requests or
harassment. by,,: Reviews and recommendations.
bt,5: Service demands (intent to purchase/engage).
bs,,: Skepticism or authenticity questions. by,,:
Multilingual comments. b, : Positive engagement
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Bucket(%) VS PS Ex CGI CCS
by, 04 05 03 07 07
b, 04 05 09 16 LI
br, 05 09 17 17 18
br, 07 11 04 19 17
b, 13 11 45 38 36
b 13 18 17 09 07
by, 05 08 07 19 09
b 17 27 28 45 67
b 123 119 61 39 45
by 07 32 50 45 45
by, 27 55 45 32 31
by 53 46 33 64 36
by 79 36 212 167 206
b, 62 64 78 64 54
b, 13 20 22 97 54
by 246 273 139 128 143
by 26 23 34 52 45
b 193 193 106 7.1 8.1
by 101 46 89 7.1 89

Table 6: This table presents the comments classification
of the posts of the different users. Each of the 19 bucket
types by, € {1,2,...,19} captures a distinct user com-
ment or behavior.

(enjoying the post). by, : Self-assertive or confident
expressions. by,.: Sexual propositions or explicit
requests. b;,,: Ambiguous or multi-response com-
ments.

Table 6 summarizes comment category distribu-
tions across service types using a multi-label clas-
sification scheme, where percentages are reported
independently for each bucket. Positive engage-
ment (b, 4) is more common in VS and PS, while
service demand (b;,,) is more prominent in Ex,
CGI, and CCS. Content requests (bs,) and explicit
propositions (b;,,) occur more frequently in VS
and PS. Lower-frequency categories (e.g., b¢,—by,)
remain rare across all service types. Overall, the
results provide a descriptive overview of interac-
tion patterns and labeled comment behaviors rather
than mutually exclusive user intents.

5.4 REDDIX-NET Temporal Analysis

Temporal activity patterns are illustrated in Fig-
ures 4 and 5, which show post and comment distri-
butions across hourly intervals. Engagement levels
increase from early hours, peak during mid-day to
evening periods (approximately 12—-19 hours), and
decline thereafter. A relatively high comment-to-
post ratio is observed during peak periods, indicat-
ing increased interaction levels. Since timestamps
are aggregated without user location normaliza-
tion, these patterns represent global activity trends
within the dataset rather than region-specific be-

haviors. Overall, the temporal analysis highlights
recurring activity cycles in REDDIX-NET and pro-
vides insights into when higher interaction volumes
occur within the observed data.
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Figure 4: Illustration of comment activity trends over
different hourly ranges in a day, highlighting peak en-
gagement times for Channels A, B, and C. The x-axis
categorizes days into six time periods, while the y-axis
measures the proportion of total posts in each window.
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Figure 5: Visualization of temporal posts activity pat-
terns across distinct hourly intervals, emphasizing peak
engagement periods for Channels A, B, and C.

6 Conclusion

This study introduces REDDIX-NET, a benchmark
dataset for mapping and moderating solicited ex-
plicit content on platforms such as Reddit. Us-
ing state-of-the-art LLMs, we classify interactions
into five behavioral classes through scalable Al-
driven moderation. Findings highlight challenges,
including evasion tactics and contextual complex-
ity, demonstrating that accurate classification de-
pends on both post content and behavioral patterns
derived from sentiment and comment analysis.

Our framework does not make legal judgments,
as service legality is jurisdiction-dependent. In-
stead, it identifies and categorizes unregulated so-
licitation on mainstream platforms that often vi-
olates platform policies and bypasses regulatory
oversight. The resulting behavioral classifications,
including PS, VS, and CCS, are intended to sup-
port moderation and policy enforcement rather than
provide definitive legal assessment.
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Limitations

This study, while offering a novel dataset and
benchmark for online sexual service moderation, is
subject to certain limitations. Contextual ambiguity
in online discussions makes classification difficult,
even for advanced LLMs. While we employed di-
verse annotation strategies, human bias may still
affect labeling. The dataset is Reddit-specific, lim-
iting generalizability to other platforms. Also, the
dataset primarily contains explicit-service posts,
so model performance on this benchmark should
not be interpreted as indicative of real-world mod-
eration accuracy in mixed-content environments
where explicit posts represent a small minority. Ad-
ditionally, evolving evasion tactics pose ongoing
challenges for Al moderation, requiring frequent
updates.

Future research should focus on several key di-
rections. These include enhancing sentiment anal-
ysis with more deterministic methods, integrating
Al systems with human-in-the-loop approaches to
improve contextual understanding, and further in-
vestigating how emotionally charged engagement
patterns may relate to psychosocial indicators in
online discourse. Our study also offers several im-
portant real-life insights, which are discussed in
detail in Appendix-6. Crucially, all these analy-
ses done in this paper are confined to data sourced
from specific Reddit channels and do not purport to
replicate real-world conditions. The findings reflect
only the content of this dataset, and interpretations
are subject to its inherent limitations and may vary
across regional and individual perspectives. An-
other future work will be to extend this benchmark
by incorporating mixed-content datasets with nega-
tive examples to evaluate detection performance in
real-world moderation scenarios.

Ethics Statement

The ethical dimensions of research concerning on-
line sexual services are multifaceted and deeply
sensitive, demanding rigorous safeguards and de-
liberate ethical oversight. Our study seeks to en-
hance online safety and inform content moderation
strategies while remaining acutely aware of the po-
tential for misuse, exploitation, or harm. To uphold
the highest ethical standards, we established a com-
prehensive framework that emphasizes participant
privacy, robust data security, and principled use
throughout the research lifecycle.

To promote transparency and responsible en-

gagement, we will release a detailed datasheet
alongside the REDDIX-NET dataset.  This
datasheet outlines the dataset’s structure, data col-
lection pipeline, annotation methodology, and us-
age limitations. We explicitly state that REDDIX-
NET is intended strictly for benchmarking and not
for model training or any application that could
facilitate harm or exploitation.

We prioritized annotator safety and well-being
by collaborating with a technical, community-
driven organization to recruit and manage our an-
notation team (One of the authors is a part of this
organization). This organization (due to anonymity
considerations, we are unable to disclose the orga-
nization’s name. However, upon request, all rel-
evant details will be shared with authorized per-
sonnel) independently oversaw ethical review pro-
cedures and secured formal IRB approval for the
study. One female annotator was intentionally in-
cluded in the process to ensure sensitivity toward
gender dynamics and to mitigate implicit biases in
the annotation of content related to online sexual
services. All annotators were clearly informed of
the emotionally sensitive nature of the data and
were provided with mental health resources and
protocols for emotional self-care. Annotators were
encouraged to take breaks and access professional
support as needed throughout their work.

We implemented a layered, automated
anonymization protocol to ensure complete
de-identification of users and channels. All
usernames, profile links, subreddit identifiers,
timestamps, and geolocation metadata were
stripped or replaced with generic placeholders
such as [USER], [PROFILE], or [SUBREDDIT].
Personally identifiable information (PII), including
phone numbers, email addresses, and physical
locations, was redacted or tokenized as [INFO
REDACTED]. Images were processed through auto-
mated pipelines to blur or crop identifiable regions,
removing any visual cues to re-identification. A
secondary manual verification step will precede
any public release to ensure comprehensive
compliance with anonymization requirements.

The dataset was sourced from Reddit, a publicly
accessible platform, and all data collection adhered
to Reddit’s terms of service. We emphasize that de-
spite these precautions, both Reddit and the LLMs
used may carry inherent biases. Future users are
encouraged to critically evaluate and mitigate such
biases in their downstream applications.

REDDIX-NET will be distributed under
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a restrictive Creative Commons Attribution-
NonCommercial-NoDerivatives 4.0 (CC BY-NC-
ND 4.0) license, requiring users to accept an
ethical usage agreement. Access will be granted
only after a valid research use case is submitted
and approved via a dedicated form. We release
only a curated subset of the dataset, not the full
corpus, to minimize risks. Additionally, all dataset
access will be logged, ensuring accountability
and traceability in case of any ethical breaches or
re-identification attempts.

To further reinforce ethical use, we outline a
responsible usage checklist:

* Permitted Uses: Academic, non-commercial
research with recognized IRB or ethical
committee approval; development of harm-
reduction strategies; bias detection and fair-
ness audits; and responsible studies involving
sensitive content.

* Prohibited Uses: Attempts to re-identify
users or profiles; any activity contributing to
sexual exploitation or violating relevant le-
gal frameworks such as the Immoral Traffic
(Prevention) Act (1956); or commercial use
without explicit written approval.

A clarification is warranted regarding the an-
notation team: the annotation effort was directly
coordinated by one of the authors, a member of
the IRB granting organization’s research team. All
annotators were also members of this organization,
and the work was conducted collaboratively with
the research team. Although no financial compen-
sation was provided, the annotators volunteered
because they were driven by their strong belief in
and commitment to the project’s objective. The
annotators were fully informed of the study’s goals
and aligned with its ethical standards as outlined in
the approved IRB protocol.

By adhering to these principles, we aim to en-
able responsible research that promotes societal
benefit, respects individual dignity, and avoids in-
fringement upon consensual adult expression. This
project exemplifies our commitment to ethical inno-
vation and accountable Al deployment in sensitive
domains. We acknowledge the use of Al assistants
to draft portions of the paper and support related
tasks, such as editing and formatting, with all con-
tent reviewed and finalized by the authors.
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Appendix-1: Prompts

Classification/Evaluation Prompt

Classification Prompt

Here is the content of a post. It has the
following attributes:

1. Title: "title"

2. Image Description: "image_description"
3. Comments: "comments"

Your task is to classify this post into one
of the following five categories of services
related to online prostitution: 1. Physical
Services: Posts offering in-person sexual
services or physical prostitution. 2. Virtual
Services: Posts offering virtual interactions
such as video calls, virtual sex, or promot-
ing platforms like OnlyFans. 3. Exhibi-
tionism: Posts showcasing exhibitionistic
behavior, such as public displays or other
forms of showcasing oneself. 4. Content
Creation and Sales: Posts promoting or sell-
ing photos, videos, or other content without
direct interaction. 5. Couples and Group
Interactions: Posts seeking interactions in-
volving couples, threesomes, or group sce-
narios. 6. Miscellaneous Fun/Exploration:
Posts describing non-specific fun, explo-
ration, or interactions that do not fall into
the other categories.

Carefully analyze the title, image descrip-
tion, and comments. Then determine which
of the five categories the post best fits. Re-
spond with only the category name. If the in-
formation is insufficient, respond with *Un-
categorizable’. Return only the category
name or "Uncategorizable" based on your
analysis, in the response.

\

Hyperparameters

Key hyperparameters we used in our experiments
include the temperature, which controls the ran-
domness of predictions and is typically set between
0.2 and 0.5 to ensure a more deterministic setting,
and the max token length, chosen based on the
average post length. Additionally, the models are
fine-tuned with a learning rate range of le-5 to le-
3 and a batch size of 16-64, with the number of
training epochs determined by the loss function’s
convergence. During inference, models may use
nucleus sampling (top-p) with a probability thresh-

old of 0.9. The evaluation metrics for this task
include Distribution Accuracy, Accuracy, F1 Score,
Precision, Mean Absolute Error (MAE), and Shan-
non Entropy of the distribution.

Prompt 1 instructs an Al to classify a post into
one of five distinct categories related to online pros-
titution services based on the post’s title, image
description, and comments. It delineates clear def-
initions for each category, ranging from physical
and virtual services to exhibitionism, content cre-
ation, couples and group interactions, and miscel-
laneous fun/exploration, ensuring that the classifi-
cation process is both structured and comprehen-
sive. The prompting strategy emphasizes a careful,
context-based analysis of the provided attributes
and requires the Al to return only the appropriate
category name or "Uncategorizable" if the infor-
mation is insufficient, thereby promoting precise,
deterministic decision-making in the classification
process.

Sentiment Analysis Prompt

Sentiment Analysis

You are an expert Al performing sentiment
analysis.

Analyze the following text and provide the
following insights: 1. Sentiment: Posi-
tive, Neutral, or Negative, with a confidence
score (0-1). 2. Emotion Classification: Iden-
tify the dominant emotion (e.g., joy, anger,
sadness, surprise, etc.). 3. Keywords: Ex-
tract the main keywords or phrases relevant
to the context. 4. Tone: Determine the
tone (e.g., formal, casual, playful, persua-
sive, etc.).

Output Format:

e Sentiment: [label], Confidence: [score]
¢ Emotion: [emotion]

* Keywords: [keywords]

e Tone: [tone]

The provided sentiment analysis prompt in-
structs an expert Al to perform a comprehensive
evaluation of a given text by extracting multidi-
mensional insights. Specifically, it requires the
Al to determine the overall sentiment - positive,
neutral, or negative while providing a confidence
score, classify the dominant emotion (such as joy,
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anger, or sadness), extract key phrases or keywords
pertinent to the context, and assess the tone (e.g.,
formal, casual, or playful) of the text. The prompt
also specifies a structured output format, ensuring
results are returned consistently and in a standard-
ized manner. This prompting strategy is designed
to facilitate a detailed, context-aware analysis that
leverages both qualitative and quantitative dimen-
sions, thereby enhancing the interpretability and
reliability of the sentiment analysis process.

Comments Classification Prompt

You are an expert content analyst. For each
comment provided, classify it into exactly one of
the following 18 classes:

1. Users Who Are Enjoying the Post and Its
Contents (Engagement & Positive Sentiment)

- "Wow! You look absolutely stunning!”

- "Absolutely mesmerizing, I'm hooked!"

- "Stunning visuals, keep up the great work!"

2. Users Who Are Demanding Such Services (Intent
to Purchase/Engage)
- "How much do you charge for this service?”
- "Where can I reach you for more details?”
- "Are you available for a private session?”

3. Users Who Are Requesting Specific Content
(Content Demand Trends)
- "Can you do a video in a red dress?”
- "Id love to see more dance moves from you!"
- "Could you post more outdoor shoots?”

4. Users Who Are Skeptical or Questioning
Authenticity (Trust & Credibility Issues)
- "Is this actually you or just edited?”
- "Has anyone actually met her? Looks fake."”
- "Seems too polished—are these authentic?”

5. Users Who Are Providing Reviews &
Recommendations (Word-of-Mouth & Service
Feedback)
- "Shes super professional and amazing to work
with!”
- "Had a great time, shes very professional!”
- "Overpriced, not worth it.”

6. Users Who Are Discussing Legality & Ethics
- "Isn’t this kind of thing banned here?”
- "Should this even be allowed on this
platform?”
- "Im concerned about the legality of this
content."”

7. Users Who Are Competing or Self-Promoting
Services
- "Check out my profile if you like this!"
- "I offer exclusive content at a discount!”
- "I can do this for half the price. DM me!"

8. Users Who Are Negotiating Prices or Services
- "Can you do this for \$40 instead?”
- "Is there any discount if I book multiple
sessions?”
- "How about a special rate for returning
customers?”

9. Users Who Are Complaining About Payment or
Delivery Issues
- "I paid but never got my order!”
- "She stopped replying after I sent the
payment!"”
- "This is a scam, don’t fall for it!”

10. Users Who Are Making Unsolicited Requests or
Harassment

- "Send me something for free first!”

- "I’11 find you if you don’t reply!”

- "Do this for me, or else!”

11. Comments that are Multi-Lingual
- "Teri nazaron mein vo jadu hai.”
- "Include comments from languages which are
not English.”
- "acha hai”

12. Comments that are Fantasy and Violent Demands
- "Show me an online act that blends erotic
fantasy with a violent edge.”

- "I demand you to enact a dark fantasy scene
with intense aggression.”

13. Comments that are Emotional Support
- "Your posts always brighten my day!"
- "I appreciate your openness; it helps me
feel less alone.”

14. Comments that are Verification and Identity

Inquiries
- "Is this really you or just an
impersonator?”
- "Can you prove that this is your real
account?”

15. Comments that are External Link Sharing
- "Check this link out for exclusive content:
[external link]"
- "Visit my page for more: [link]"”

16. Comments that are Illicit Propositions /
Explicit Requests
- "Can you send me private pics? I1l pay
extra."”
- "Do you do custom videos with nudity?”

17. Comments that are Self-Assertive/Confidence
Expressions
- "Im the best at what I do, no one compares!”
- "I always get what I want, and this is no
different.”

18. Comments that are Ambiguous or Multi-Response
Comments
- "I’m not sure what to think about this..."
- "Interesting... I wonder whats really going
on."

For each comment provided, classify it into
exactly one of the above categories and return
the output as a JSON object with each original
comment as a key and its classification as the
value.
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Figure 6: Correlation heatmaps depicting the interplay between sentiment, emotion, and tone across multiple dataset
categories. Darker shades denote stronger correlations, while lighter hues indicate weaker associations.

Appendix-2: Sentimental Analysis

Sentimental Analysis using LLMs

The above prompt positions the Al as an expert
content analyst, using a persona-based approach to
accurately classify user comments into 18 prede-
fined categories. This structured prompt incorpo-
rates few-shot examples for each category, ranging
from positive engagement and service inquiries to
external link sharing and ambiguous expressions,
thereby guiding the Al with concrete instances of
desired outputs. By instructing the Al to evalu-
ate each comment and return a JSON object map-
ping each comment to its classification, the strategy
leverages contextual cues and demonstration-based
learning to ensure consistent, precise categoriza-
tion.

Distribution of Tone Types Across Sentiment
Types: Based on the two nested pie charts (Figure
7) showing sentiment analysis alongside emotions
and tone distribution, here’s a comprehensive analy-
sis: The sentiment distribution in both charts shows
a predominantly positive and neutral outlook, with
48% positive sentiment the largest segment, fol-
lowed by 42.9% neutral and 7.21% negative. This
indicates that the overall communication style in
couples and group interactions tends to maintain a
constructive, balanced emotional atmosphere, with

very few instances of negative exchanges.
Looking at the emotional aspects in the first chart,
Desire (29.4%) and Joy (23.9%) emerge as the dom-
inant emotions, collectively accounting for over
half of the emotional expressions. This is followed
by a notable segment of "None" (14.8%) and "In-
terest" (9.03%), suggesting that while interactions
are generally emotionally engaged, there are also
periods of neutral or emotionally reserved commu-
nication. The presence of other emotions, such as
Anticipation, Surprise, and Excitement, in smaller
proportions indicates a rich diversity of emotional
expression, though negative emotions like Anger
remain minimal (3.04%).

The tone analysis in the second chart provides in-
teresting insights into the communication style: a
Casual tone strongly dominates at 65.7%, followed
by a Formal tone at 17.2%. This suggests that most
interactions maintain a relaxed, comfortable atmo-
sphere while still preserving some level of formal-
ity when needed. The presence of Neutral (7.89%),
Informal (5.26%), and Playful (2.28%) tones, with
minimal Aggressive tone (1.67%), indicates that
the communication environment is generally con-
ducive to open and comfortable interaction while
maintaining appropriate boundaries and respect.

Confidence Score Distribution by Sentiment:
From Figure. 7, the four sentiment categories (Pos-
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Figure 7: The Confidence Score Distribution by Sentiment: Box Plot Comparison of Positive, Neutral, Mixed, and

Negative Categories

itive, Neutral, Negative, Mixed). Overall, each box
plot reveals moderate to high median confidence
values, suggesting that the underlying model gener-
ally assigns sentiment labels with a notable degree
of certainty. However, the presence of outliers and
varying interquartile ranges across subplots indi-
cates that classification confidence can fluctuate
depending on the specific context or linguistic cues
in the data.

A closer inspection of the individual subplots
highlights subtle differences in how sentiments are
classified. In contrast, other classes (e.g., (a) CCS
and (c) Ex) exhibit a broader spread for Neutral
or Mixed sentiments, suggesting that the model
occasionally encounters more ambiguity when dis-
tinguishing between emotionally neutral content
and text that blends multiple affective tones. Neg-
ative sentiment typically shows a slightly wider
distribution, suggesting potential variability in the
strength with which negative cues are detected.

Collectively, these findings underscore a robust,
yet context-sensitive classification process. While
Positive sentiment often emerges with higher, more
consistent confidence scores, Neutral, Mixed, and
Negative categories reveal more diverse confidence
intervals, reflecting the nuanced nature of human
language and emotional expression. The recurring
outliers across subplots further emphasize that cer-

tain instances may challenge the model’s ability
to assign a definitive sentiment category. Overall,
the distribution of confidence scores across these
five classes illustrates a generally reliable classifi-
cation framework, albeit one that must navigate the
inherent complexities of the sentiment-laden text.

Sentimental Analysis using PLM (BERT)

In reviewing Figure 9 describing the sentiment
proportions across five categories, a clear trend
emerges. Positive sentiments such as “apprecia-
tion” and “satisfaction” account for a substantial
share across most categories, indicating that user
feedback skews favorably. “Neutral” sentiment
also appears consistently, though at varying levels,
suggesting a notable fraction of content that neither
leans strongly positive nor negative. In contrast,
“aggression” and “frustration” are relatively lower,
suggesting that overtly negative expressions are
less common in the overall dataset.
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Figure 9: Sentiment Analysis using BERT Model

A closer look reveals subtle differences in sen-
timent composition among the categories. For ex-
ample, Physical Services, Content Creations, and
Sales exhibit a higher prevalence of “appreciation,”
indicating more frequent expressions of gratitude
or praise. These observations are derived from a
BERT-based model that leverages contextual em-
beddings to classify text with a high degree of nu-
ance. Consequently, the analysis highlights both
the generally positive nature of user communica-
tions and the importance of contextual factors in
shaping sentiment.

Appendix-3: REDDIX-NET Metadata
Analysis

Figure 10 provides a clear visual summary of how
performers are distributed and overlap across mul-
tiple categories, including Miscellaneous Fun, Con-
tent Creation and Sales, Physical Services, Virtual
Services, Couples and Group Interaction, and Exhi-
bitionism. Each row corresponds to a category, and
the black dots indicate shared performers among
these categories. The bar chart at the top shows the
number of performers participating in each specific

combination of categories. Notably, “Exhibition-
ism” and “Couples and Group Interaction” are the
most prevalent, as evidenced by the tallest bars, sug-
gesting their high popularity or frequent reporting.
Overall, the figure underscores that while many
performers concentrate on a single category, a note-
worthy subset engages in multiple overlapping ar-
eas, highlighting the importance of cross-category
involvement. Looking at the intersection sizes in
the top bar chart, it is evident that most performers
participate in only one or two categories. However,
a distinct group of five performers is active across
a broader range of categories, indicating significant
overlap in their services and interactions. Addi-
tionally, other smaller clusters—such as a group
of three performers—reveal that although single-
category involvement is common, a considerable
minority diversifies their participation.
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Figure 10: Total No. of performers per category and
their overlap

Appendix-4: Labelling Process

The dataset was annotated through a structured
labeling process executed by a team of three
trained annotators (two male, one female). The
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composition of the annotation team was deliber-
ately designed to include a female perspective, a
methodological choice intended to mitigate poten-
tial gender-based observational biases. This en-
sures a more balanced and representative interpre-
tation of the illicit services offered across different
genders within the corpus.

The annotation workflow proceeded as follows:
Each annotator was assigned a subset of user pro-
files and their associated activities within the desig-
nated subreddits. The fundamental unit of analysis
was the user’s explicit service offering, distilled
from their posts, comments, and profile descrip-
tions. Annotators were tasked with performing a
qualitative analysis of this content to identify the
nature of the advertised service and classify it ac-
cording to a predefined annotation schema.

This schema was developed iteratively based
on a preliminary content analysis of the data. It
consists of five mutually exclusive categories that
encapsulate the primary types of illicit services
observed. The categories are formally defined as:

¢ Content Creation and Sales (CCS): This
category encompasses the production and sale
of digital media. It includes, but is not limited
to, the sale of pre-made or custom photosets,
video clips, and subscriptions to platforms like
OnlyFans or Fansly, where explicit content
is monetized. The key differentiator is the
transactional nature of acquiring a static or
pre-recorded media product.

¢ Couples and Group Interactions (CGI):
This label applies to services that explicitly
involve more than one participant, such as
live performances by couples, or services mar-
keted towards groups. This category is dis-
tinct from individual services and highlights
collaborative or multi-person offerings.

» Exhibition (Ex): This category is defined by
performative acts where the service is a live
or public display for an audience. This pri-
marily includes real-time webcam services
(camming) or other forms of live, voyeuristic
exhibition where the interaction is centered on
the act of being watched.

* Physical Services (PS): This label is assigned
to any service that requires direct, in-person
physical contact or meetups. Annotators iden-
tified these services through explicit keywords

related to location, availability for "in-call" or
"out-call" appointments, and other language
indicating a non-virtual transaction.

* Virtual Services (VS): This category cov-
ers interactive, One-on-one Services con-
ducted remotely. Examples include syn-
chronous activities such as sexting, live video
calls, and "Girlfriend/Boyfriend Experience"
(GFE/BFE) simulations that occur in real time
but without physical presence. This is dis-
tinct from CCS as the service is an interactive
experience rather than a media product.

Upon completion of the independent annotation
phase, the labels were compiled for a quantitative
reliability assessment. To validate the consistency
and reproducibility of our schema and the anno-
tators’ judgments, we calculated Inter-Annotator
Agreement (IAA) scores. This analysis was con-
ducted for all possible annotator pairs (1,2), (1,3),
and (2,3), as well as for the complete triad of anno-
tators (1,2,3) to provide a comprehensive measure
of concordance across the dataset.

Procedure Involving Data Collection and
Construction

1. Data Collection The data for this study was
collected from three specific subreddits identi-
fied as primary hubs for discussions related to
illicit services. Data extraction was performed
using the Reddit API, facilitated by the PRAW
(Python Reddit API Wrapper) library, which
enabled the retrieval of both posts and com-
ments from these subreddits.

2. Data Cleaning The initial dataset underwent
cleaning to remove irrelevant or extraneous
content. Posts and comments deemed non-
substantive, such as greetings (e.g., "Hi,"
"Hello!"), were removed to ensure the dataset
focused solely on meaningful exchanges re-
lated to the research topic.

3. Data Preprocessing To protect the anonymity
of individuals involved, several preprocessing
steps were implemented. Posts containing vis-
ible faces were excluded from the dataset, as
most posts naturally blurred such identifying
features. Additionally, all usernames and Red-
dit IDs were stripped from the data, retaining
only the content of the posts and comments
for analysis.
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Appendix-5: Ablation studies on feature
importance

The evaluation is summarized in the table. 7 pro-
vides insights into the relative contribution of dif-
ferent feature sets to classification performance.

Exclusion of Emotion Features: The model
maintains near-perfect performance (approximately
0.99 across Accuracy, Precision, Recall, and F1
Score) even when emotion-related features are re-
moved. This indicates that emotion features are
complementary rather than strictly required for
classification accuracy, suggesting that other ex-
pressive signals already capture sufficient discrimi-
native information for the core prediction task.

Use of Individual Feature Sets in Isolation:
When the model is trained using only sentiment fea-
tures, only emotion features, or only tone features,
performance drops substantially, with metric val-
ues ranging between approximately 0.07 and 0.14.
This demonstrates that while each feature set con-
tains a useful signal, none is sufficient on its own
to support robust classification. Effective perfor-
mance, therefore, depends on combining multiple
expressive cues.

Exclusion of Comment Features: The removal
of comment-related features results in extremely
poor performance (approximately 0.07 across met-
rics), indicating a near-total failure of classifica-
tion. This sharp decline underscores the central
role of comment-derived contextual information in
distinguishing service categories, highlighting that
engagement context is foundational to the model’s
predictive capability.

Relative Contribution of Expressive Features:
The ablation results indicate that expressive fea-
tures contribute unequally to model performance.
Removing sentiment, tone, or metadata features
leads to substantial degradation in classification ac-
curacy, whereas removing emotion features alone
does not significantly affect performance in this
experimental setup (Accuracy 0.99, F1 0.99).
This suggests that sentiment polarity and tonal cues
serve as the primary discriminative signals for cat-
egory prediction, while emotion features play a
complementary role, supporting psychosocial in-
terpretation rather than being strictly necessary for
classification accuracy.

Feature Set Accuracy  Precision  Recall  F1 Score
No Sentiment Features 0.03 0.04 0.03 0.03
No Emotion Features 0.99 0.98 0.99 0.99
No Tone Features 0.02 0.03 0.02 0.01
No Comment Features 0.07 0.06 0.09 0.06
No Metadata Features 0.03 0.03 0.02 0.03
Sentiment Features Only 0.14 0.12 0.13 0.11
Emotion Features Only 0.07 0.08 0.07 0.07
Tone Features Only 0.09 0.09 0.08 0.09

Table 7: Table representing ablation study on feature
importance.

Overall, these findings indicate that REDDIX-
NET benefits from a balanced combination of con-
textual comment features and LLM-derived expres-
sive signals, particularly sentiment and tone. To-
gether, these feature groups provide the strongest
predictive contribution, while emotion features en-
hance interpretability and support downstream psy-
chosocial analysis.

Appendix-6: Psychological and Social
Implications Study
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Figure 11: Category-wise impact proportion highlight-
ing the proportion of emotional dependency, exploita-
tion, mental health concerns, neutral perceptions, and
positive experiences across different online prostitution
categories. This provides insights into the psychosocial
expression patterns associated with various engagement

types.

For interpretability, emotion predictions were
grouped into five impact categories: emotional de-
pendency, exploitation indicators, mental health
concerns, neutral perception, and positive experi-
ence, which form the basis of Figure 11. The aggre-
gation into higher-level psychosocial impact cate-
gories was performed using a few-shot LLM-based
classification setup, where emotion predictions and
contextual comment text were provided to the LLM
to assign one or more impact categories. A strati-
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VS PS

Model
TP FP TN FN | TP FP TN FN

TP FP TN FN

Ex CGI CCS
TP FP TN FN|TP FP TN FN

LLaMA |0.19 0.01 0.60 0.20|0.19 0.01 0.61 0.19]0.19 0.01 0.55 0.25|0.18 0.02 0.55 0.3]0.2 0.0 0.6 0.2
GPT-4 |0.20 0.00 0.56 0.24(0.20 0.00 0.49 0.31|0.20 0.00 0.21 0.59]0.19 0.01 0.31 0.5]0.2 0.0 04 04
Gemini |0.19 0.01 0.59 0.21|0.20 0.00 0.58 0.22|0.20 0.00 0.39 0.41]0.20 0.00 036 0.4(0.2 0.0 0.5 0.3
Claude |0.19 0.01 0.62 0.18|0.18 0.02 0.59 0.21|0.20 0.00 0.45 0.35]0.20 0.00 0.46 0.3 (0.2 0.0 0.5 0.3

Mistral [0.19 0.01 0.54 0.26(0.19 0.01 0.59 0.21

0.19 0.01 0.51 0.29]0.19 0.01 0.52 03(0.2 0.0 0.6 0.2

Table 8: True positive, False positive, True negative, and False negative for each model across categories.

fied subset of the automatically assigned labels was
manually verified by annotators to ensure consis-
tency and reliability. Figure 11 presents the dis-
tribution of impact categories across service types
(VS, PS, EX, CGI, CCS). The stacked bar chart
shows that emotional dependency (blue) makes up
the largest proportion across all categories, consis-
tently occupying nearly half of each bar. Exploita-
tion (yellow) and mental health concern (orange)
appear in smaller proportions, with exploitation be-
ing slightly higher in EX and PS compared to other
categories. Neutral perception (red) is relatively
minor but present across all categories at compara-
ble levels. Positive experience (purple) consistently
accounts for the second-largest segment, reaching
close to one-third in some categories, such as CCS
and CGI. Overall, the chart highlights that emo-
tional dependency and positive experiences dom-
inate the distribution, while exploitation, mental
health concerns, and neutral perceptions remain
comparatively lower.

Note: We emphasize that these categories repre-
sent inferred psychosocial indicators derived from
linguistic expression and should not be interpreted
as clinical assessments of users’ mental health.

Appendix-7: Additional Observational
Insights

This appendix presents additional observational
insights derived from expressive and engagement
patterns within REDDIX-NET. These observations
are based on aggregated linguistic signals and user
interaction behavior and should be interpreted as in-
dicators of expressed psychosocial reactions rather
than direct measures of psychological or mental
health outcomes.

1. Engagement Intensity Across Service Cat-
egories. Different service categories exhibit dis-
tinct engagement dynamics. Categories such as
Exhibitionism (Ex) and Virtual Services (VS) show
higher proportions of emotionally expressive and
positively engaged comments, suggesting stronger

interaction intensity. These patterns reflect differ-
ences in how users linguistically respond to differ-
ent solicitation types.

2. Expressive Signals and Interaction Context.
Sentiment, tone, and emotion distributions reveal
variation in how users frame their interactions. For
example, certain categories demonstrate elevated
levels of desire, joy, or transactional tone, while
others show more neutral or skeptical expressions.
These expressive signals function as indicators of
conversational context rather than evidence of un-
derlying psychological states.

3. Psychosocial Indicator Patterns. The aggre-
gated impact categories (emotional dependency, ex-
ploitation indicators, mental health-related expres-
sions, neutral perception, and positive experience)
reflect patterns in how users articulate reactions
within comments. These categories capture observ-
able linguistic markers associated with engagement
behavior and do not imply clinical diagnosis or
causal psychological effects.

4. Platform-Level Behavioral Rhythms. Tem-
poral engagement patterns highlight cyclical activ-
ity in comment and post interactions. These pat-
terns reflect platform-level usage rhythms and col-
lective participation dynamics rather than region-
specific or individual behavioral conclusions.

5. Moderation-Oriented Implications. The ex-
pressive and engagement patterns identified in this
study may assist platform moderators and policy
designers in understanding how solicitation posts
generate interaction signals. Such insights can in-
form the development of context-aware moderation
tools without implying direct psychological impact
assessment.

Overall, these findings provide descriptive and
computational insights into how users linguistically
engage with explicit-service content within dedi-
cated communities on a mainstream platform. They
should be interpreted as platform-level behavioral
observations rather than claims about individual-
level psychological consequences.
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Metric GL GC GM L-C LM CM G-LC GLM G-CM L-CM
Pre (%) VS 70.59 70.59 7059 6133 6133 6566 67.89 72.12 74.23 63.40
F1 (%) VS 15.89 1589 1589 2244 2244 26.08 19.00 19.38 18.77 23.57
Pre (%) PS 53.11 53.11 53.11 5259 5259 5202 52.88 54.51 54.01 52.13
F1 (%) PS 4742 4742 4742 5171 5171 5187 5140 47.15 47.51 50.52
Pre (%) Ex 71.10 80.45 6350 75.88 69.83 67.03 74.63 70.87 83.98 90.69
F1 (%) Ex 40.10 40.10 40.10 17.11 17.11 20.52 28.44 33.59 36.61 17.76
Pre (%) CGI 85.00 85.00 85.00 86.18 86.18 86.86 85.61 86.54 86.01 87.95
F1 (%) CGI 17.19 1719 17.19 25.17 25.17 2320 22.14 25.84 23.84 27.68
Pre (%) CCS 5847 5847 5847 60.00 60.00 5926 61.96 55.64 56.78 59.78
F1(%)CCS 19.03 19.03 19.03 1474 1474 5.05 16.31 20.00 18.48 15.74
MSE 0464 0464 0464 0486 0486 0475 0471 0.465 0.461 0.482
MAE 0464 0464 0464 0486 0486 0475 0471 0.465 0.461 0.482
JSD 0.128 0.128 0.128 0.142 0.142 0.144  0.134 0.126 0.125 0.139
Acc (%) 6243 6243 6243 5588 5588 56.10 60.19 62.28 63.24 57.07

Table 9: Evaluation Results of aggregation of LLMs (ensemble methods). Here, G— Gemini 1.5 Flash, L— LlaMA
3.3-70B-Instruct, M— Mistral 8 x7B, Q— Qwen 2.5 Turbo, C— Claude 3.5 Haiku.

Appendix-8: Ensemble Ablation Analysis

An evaluation of dyadic (two-model) and triadic
(three-model) ensembles was conducted to mea-
sure the impact of model aggregation. The results,
shown in Table 9, highlight several key findings
regarding the performance of these combined mod-
els.

The analysis reveals that triadic combinations
consistently outperform dyadic pairs, particularly
in overall accuracy and F1 scores. The G-C-M
(Gemini-Claude-Mistral) ensemble is the top per-
former, achieving the highest accuracy (63.24%)
and the lowest Jensen-Shannon Divergence (JSD)
of 0.125, which indicates the best alignment with
the ground truth distribution. This configuration
also registered the lowest overall error (MSE/MAE
of 0.461). A notable trade-off between precision
and recall was observed for the *Exhibition’ (Ex)
category, where some ensembles maintained per-
fect precision but at the cost of a significantly lower
F1 score.

In summary, aggregating three diverse models,
especially the G-C-M combination, yields more
robust and accurate predictions than simpler two-
model ensembles. Additionally, we have conducted
an ablation study on feature importance, focusing
on sentiment, emotion, and tone, which yielded
valuable insights detailed in Appendix 5.

Note: It is important to note that the above obser-
vations are based on a limited and domain-specific
dataset; therefore, the interpretations should be
viewed as preliminary hypotheses rather than
definitive conclusions.

Appendix-9: Error Analysis

We performed a comprehensive error analysis,
summarized in the table. 8 (for our multi-label
classification task across six distinct categories,
assessing performance based on per-category True
Positives, False Positives, False Negatives, and
True Negatives. A predominant challenge across
all models was the high rate of FNs, largely due
to the failure to interpret subtle, coded, and slang-
based language. For instance, Virtual Services and
Exhibitionism have missed classifications when
posts lacked explicit keywords, relying instead on
implicit phrases like online sessions” or suggestive
imagery. False Positives typically arose from
contextual misinterpretations, such as flagging
benign terms like meet and greet” as Physical
Services or generic pronouns like “we” as Couples
and Group Interactions. Significant confusion was
also observed due to the inherent ambiguity of the
Miscellaneous Fun category and the substantial
thematic overlap between Virtual services and
Content Creation and Services, making it hard for
models to distinguish between live interactions and
content sales.

Model-specific behaviors revealed distinct trade-
offs between precision and recall. GPT-4 and
Llama adopted a more conservative, high-precision
approach, minimizing FPs but resulting in high
FNs by overlooking nuanced cues, particularly in
the Ex, MF, and CGI categories. Conversely, Mis-
tral demonstrated stronger recall for VS and CCS
by recognizing industry-specific terms (e.g., Only-
Fans”), but this came at the cost of more FPs in the
PS category. Gemini proved adept at identifying
subtle Ex cues but tended to over-classify CGI and
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CCS content. Claude provided a more balanced
performance but struggled to resolve ambiguity be-
tween borderline PS and MF classifications. In
summary, all models were consistently challenged
by contextual ambiguity in vague terms like ar-
rangements,” the nuances of slang, and pervasive
overlaps between service categories.
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Abstract

The frequent introduction of new emojis in
each Unicode release creates a dynamic shift
in social media content, providing a unique
opportunity to explore the evolution of digital
language. Analyzing a large dataset of sam-
pled English tweets, we examine how newly
released emojis gain popularity and evolve in
meaning. We find that community size of
early adopters and emoji semantics are pos-
itively correlated with their popularity. Cer-
tain emojis experienced notable shifts in the
meanings and sentiment associations during
the diffusion process. Additionally, we pro-
pose a novel framework utilizing language mod-
els to extract words and pre-existing emojis
with semantically similar contexts, which en-
hances interpretation of new emojis. The frame-
work demonstrates its effectiveness in improv-
ing downstream text classification performance
by substituting unknown new emojis with fa-
miliar ones. This study offers a new perspective
in understanding how new language units are
adopted, adapted, and integrated into the fabric
of online communication.

1 Introduction

The language landscape of the Web era is ever-
evolving, characterized by the emergence and evo-
lution of new language units. Individuals have cre-
atively crafted out-of-vocabulary language units,
such as Internet memes and viral hashtags, to en-
capsulate and convey complex ideas, sentiments,
and cultural phenomena, fostering shared lexicons
that resonate across digital communities. Under-
standing the adoption and adaptation of these lan-
guage units is crucial for gaining insights into the
dynamic nature of online communication, the in-
formation diffusion process in social networks, and
the underlying social trends and movements. How-
ever, analyzing the dynamics of these emerging
language units in online communication presents

luxuan@arizona.edu

aiwei@umd.edu

unique challenges. These units lack universal con-
ventions and standards and their characteristics may
vary during diffusion, making it complex to track
their initial appearances, early adoption, and fre-
quency of use.

As a recent addition to this landscape, emojis of-
fer a distinctive opportunity to explore the diffusion
and evolution of new language units. Emojis are
visual symbols that are embedded into text. These
non-verbal symbols go beyond a single word or
phrase, encapsulating rich semantics spanning a
wide spectrum of emotions, actions, objects, and
concepts. Originating as emoticons in the early In-
ternet culture, emojis have evolved into a standard-
ized and universally recognized visual language.
Unlike other language units like hashtags or inter-
net memes, emojis undergo a standardized process
prior to their inclusion in the language. They are
proposed to the Unicode consortium, formally de-
fined by the Unicode standard, uniquely coded as
Unicode strings, such as U+1F603 for emoji &),
and then rendered by various platforms.

Since the Unicode started to adopt emojis in
2010, we have witnessed emojis’ remarkable rise
on the Web, with their adoption consistently in-
creasing across multiple platforms (Rong et al.,
2022; Lu et al., 2018; Kejriwal et al., 2021; Halver-
son et al., 2023). New emojis continue to be intro-
duced in response to user requests. From 2018
to 2022, five new versions of emojis (Unicode
11.0 to 15.0) have been released, some of which,
like the pleading face emoji (©9) and the partying
face emoji (58), have gained widespread adoption
among Twitter users.

This standardized approach ensures that emojis
maintain a stable form throughout their journey
within social networks, enabling precise tracking
of emoji adoption and diffusion. These attributes
— precise definition, standardized implementation,
stable form, and accurate release information — un-
derscore the unique suitability of emojis for study-
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ing the evolution of language in social networks.

We take the initiative to study the diffusion of
emerging language units on social media through
the unique perspective of Unicode-versioned emo-
jis. We investigate the diffusion of newly created
emojis introduced in Unicode versions 11.0 to 13.0,
across the Twitter platform, particularly the usage
frequency and semantic shift as the new emojis
cascade through social media.

Because of the rich semantics, the Unicode defi-
nition (such as “pleading face”) is far from enough
to interpret the meaning of an emoji. To this end,
we propose an interpretation framework that lever-
age language models (LMs) to identify words and
existing emojis that share similar semantic contexts
with the new emojis. Finally, we evaluate the prac-
tical implications of our framework by substituting
new emojis with semantically similar ones in senti-
ment classification and irony detection tasks, which
demonstrates the effectiveness of our approach in
helping NLP models interpret emerging language
units for downstream tasks. We summarize our
major contributions as follows:

* We explore the pattern of emoji diffusion ini-
tial adoption to widespread usage, with a fo-
cus on frequency and sentiment aspects.

* We introduce an interpretation framework to
interpret the semantics of new emojis by ex-
ploring the words or old emojis with similar
semantics.

* To validate the effectiveness of our interpre-
tation framework, we replace emojis in texts
with surrogates and improve the model per-
formance in the sentiment classification and
irony detection task.

2 Related Work

Our work builds upon three research areas: emoji
understanding and applications, innovation diffu-
sion on social media, and temporal effects in ma-
chine learning models.

Emoji Understanding and Applications. The
functions and applications of emojis are widely
studied, including their role in conveying senti-
ment (Ai et al., 2017), irony (Hu et al., 2017), top-
ics (Lu et al., 2016), and identity (Ge, 2019). Emo-
jis have been incorporated into various downstream
NLP tasks, notably sentiment analysis (Chen et al.,

—e— Emoji 11.0
Emoji 12.0
—e— Emoji 13.0
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Figure 1: Frequency trends per emoji version over three
years post-release. Y-axis: proportion of total emoji
usage from each version (shown every four months).

2019; Felbo et al., 2017; Eisner et al., 2016) and
irony detection (Hayati et al., 2019). While the
emoji development process (Lu et al., 2018) and
requests (Feng et al., 2020) have been examined,
the diffusion dynamics and evolving interpretations
of recently introduced emojis remain largely unex-
plored. Furthermore, existing methods often fail to
generalize effectively to these new, unseen emojis.

Innovation Diffusion on Social Media. Re-
search has explored the diffusion patterns of var-
ious online content like hashtags, memes, and
news (Ma et al., 2014; Johann and Biilow, 2019;
Kiimpel et al., 2015; Zhou et al., 2021), includ-
ing studies on general language innovation (Grieve
et al., 2018; Kershaw, 2018). We argue that the
standardized, versioned nature of Unicode emo-
jis presents a unique, controlled setting to study
language unit adoption. Therefore, this work
specifically investigates the diffusion of new emo-
jis through the lens of innovation diffusion the-
ory (Rogers et al., 2014; Ma et al., 2014), examin-
ing factors influencing their uptake and popularity.

Temporal Effects on Models. Language evolu-
tion on social media causes a temporal shift, de-
grading the performance of models trained on older
data when applied to newer text (Rottger and Pier-
rehumbert, 2021; Huang and Paul, 2018; Agarwal
and Nenkova, 2022). Newly introduced emojis,
appearing as out-of-vocabulary tokens to models
trained prior to their release, exacerbate this is-
sue. While methods like continual training can
adapt models (Rottger and Pierrehumbert, 2021;
Ke and Liu, 2022; Su et al., 2022), they incur sig-
nificant computational costs. We propose a novel
emoji substitution approach as a computationally
efficient alternative to help models interpret new
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emojis without requiring retraining.

3 Emoji Diffusion: Frequency and
Semantics

We explore the diffusion of new emojis (Uni-
code 11.0-13.0, released 2018-2020) on Twitter
from May 2018 to May 2022, focusing on us-
age frequency and semantic evolution, particularly
through the lens of sentiment context. Our dataset
comprises English tweets collected via the Twitter
API'.

3.1 Emoji Usage Frequency Dynamics

Newly released emojis generally exhibit increasing
usage over the subsequent two years (Figure 1),
though adoption rates vary dramatically both be-
tween versions and within versions. The popularity
often follows a power-law distribution, similar to
established emojis (Lu et al., 2016), with top emo-
jis being orders of magnitude more frequent than
others (Figure 2). Adoption speeds also vary; for
example, @ initially lagged behind others in Emoji
11.0 but later surged in popularity, suggesting dif-
fusion across different community boundaries over
time. We also observe that older emoji versions
(e.g., Emoji 11.0) can eventually plateau or de-
crease in usage, potentially as users adopt newer
alternatives.

While overall usage grows, short-term frequency
can be influenced by external events. Fine-grained
weekly analysis revealed temporary spikes in us-
age coinciding with events like New Year’s Day
and Valentine’s Day, confirmed by examining as-
sociated keywords during those periods (details in
Appendix A).

3.2 Semantic Evolution during Diffusion

Given increasing adoption, we investigate if emoji
meanings adapt during diffusion. As a proxy for se-
mantic context, we analyze the sentiment of tweets
containing new emojis using Vader (Hutto and
Gilbert, 2014), averaging scores over two-month
periods.

For most top emojis studied (from Emoji 11.0),
the average sentiment score remained relatively
constant, suggesting stable interpretations (Fig-
ure 3). However, a notable exception is @ (plead-
ing face), whose average sentiment score progres-
sively increased (became more positive) during the
first year post-release.

1https://developer.twitter.com/en/docs/
twitter-api

This shift suggests an evolution in usage. Ini-
tially, @ appeared frequently in negative contexts,
but over time, its usage in positive contexts grew
significantly (see Appendix Figure 6 for score dis-
tributions). Analysis of highly associated words
(via PMI) supports this: early associated senti-

mental words included negative terms like ‘{sad ‘
and ‘-‘, while a year later, positive terms like

‘\prettiest * and ‘[cutest|’ became prominent (Ta-
ble 1). This demonstrates that the perceived mean-
ing and application context of an emoji can evolve
as it diffuses through the user population.

Time Period Top 10 PMI Sentimental Words

cry |sad please miss -
sorry idk [wish . stop

sobbin rotect  C rettiest pls
2019-10 ae e P 0.221
precious hug cutest sad heart

Score Avg.

2018-10 -0.198

Table 1: Top 10 associated words with positive or nega-
tive sentiments of emoji @ in October 2018 and Octo-
ber 2019. Red and blue highlight positive and negative
words, respectively. The darker the background color,
the more sentimental the words.

4 Influencing Factors of Emoji Diffusion

The observed popularity discrepancies (Section 3)
raise the question of what influences the diffu-
sion process. Viewing emojis as digital innova-
tions, we apply Rogers’ diffusion of innovation
theory (Rogers et al., 2014), examining factors re-
lated to the diffusion network (early adopters) and
the innovation itself (emoji semantics). We defined
early and late stages as two months and fourteen
months post-release, respectively.

Diffusion theory suggests larger early adopter
communities accelerate spread (Ma et al., 2014;
Steffes and Burgee, 2009). We proxied commu-
nity size by the popularity of hashtags co-occurring
with new emojis early on (Yang et al., 2012; Zhou
and Ai, 2022) (details in Tables 5 and 6 in Ap-
pendix B.1). We found positive Spearman cor-
relations between early hashtag counts and late
emoji counts for the top 10 emojis across ver-
sions (e.g., p = 0.580,p = 0.08 for Emoji 11.0;
p = 0.530,p = 0.11 for 12.0), indicating a ten-
dency for larger initial communities to predict
greater eventual popularity.

The innovation’s characteristics also mat-
ter (Rogers et al., 2014). We proxied semantic
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Figure 3: Average Vader scores of the tweets containing
the top 5 popular emojis in Emoji 11.0 from October
2018 to October 2019.

popularity using the early-stage frequency of se-
mantically similar words generated by GPT-4 (Ope-
nAl, 2023) (details in Tables 7 and 8 in Appendix
B.2). We found significant positive correlation for
Emoji 12.0 (Spearman p = 0.780, p < 0.01; Pear-
son r = (0.812) and positive tendency for 11.0, sug-
gesting emojis representing frequently discussed
concepts tend to become more popular. The weaker
correlation for 13.0 might reflect limitations in key-
word proxies for certain emoji semantics. Overall,
both early community size and semantic relevance
show associations with emoji diffusion success,
aligning with innovation diffusion principles.

5 Interpret Emojis with Language Models

The analysis so far shows that the semantic of emo-
jis not only affect their diffusion process, but also
evolves during the diffusion process, both of which
highlights the importance of an effective frame-
work to interpret new emojis dynamically.
Although ChatGPT is capable of showing us sim-
ilar words to emojis in Emoji 11.0 to 13.0, it relies
on the stereotypical associations to infer emojis’

semantics and lacks the understanding based on
the application scenario, which cannot capture the
semantic evolution during diffusion (Zhou et al.,
2024). Secondly, the pre-training data of Chat-
GPT may not cover the recently-released emojis or
emojis not included in the Unicode organization.
For example, GPT4 generates hallucinations when
prompting it to explain the semantics of &2 (bro-
ken) and & (onlooker), specifically used on the
WeChat app (Zhou et al., 2024).

To address these challenges, we utilize the cor-
pus containing new emojis and open-source lan-
guage models (LMs) to investigate the application
scenario and semantic meaning of emojis. Previ-
ous researchers used LMs in interpretation work
(Lin et al., 2023; Zhou et al., 2023; Romanou et al.,
2023) and relied on the attention mechanism to ex-
plore the inner association of the fine-tuning data
(Wang et al., 2021). In this section, we use the
attention score method and the cross-dataset infer-
ence method to explore words and old emojis with
semantics similar to new emojis.

5.1 Interpretation with High-attention Words

Attention scores are a well-studied interpretability
method to identify important tokens for LMs to
make the decision (Clark et al., 2019; Wang et al.,
2021). To understand what words are specifically
associated with newly created emojis, we design
an emoji prediction task and extract high-attention
words to interpret the emoji’s meaning.

5.1.1 Attention Calculation

Formally, we first construct an emoji classifica-
tion dataset with the input space x € & and the
pre-defined output space y € Y = {0,1,--- ,n},
where x is a tweet excluding the emoji and y rep-
resents the emoji label. To better distinguish the
word association between new and old emojis, the
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tweet with label 0 means that the tweet contains
the old emoji, and with label 1 < k£ < n means
that the tweet contains the new emoji k. Denote f
as the fine-tuned model in the emoji classification
dataset (specifically the Roberta model for our ex-
periments) (Liu et al., 2019). For each input tweet
z; € X with tokens {t},t? - #"}, where m is
the token number, we adopt f in the input ¢ and ob-
tain the attention scores {a},a?,--- ,a} and the
emoji prediction f(7). Since for Roberta model, the
embeddings of the [CLS] token in the last layer are
used to make the prediction, we compute the scores
a;" as the average attention scores of the m*" token
to the [CLS] token across different heads. For the
overall attention scores ay; of the token ¢ for the
emoji k, we extract the sentences with prediction
f(z;) = k and average the attention scores of the
token ¢ in these extracted sentences, which can be
formulated as

> piea 1 (@) = k) - 37 (a - 1(H] = 1)

gt = 4

_ J_
inex 1(f(zi) = k) - Z;ﬂﬂ (ti =)
where 1 is the indicator function. With the overall
attention scores, for each emoji k, we can extract
the keywords with the highest attention scores az;
to understand the semantics of the new emojis.

5.1.2 Experiment Setup and Results

To verify the effectiveness of the attention method,
we first extracted tweets containing emojis from
April 2022 to May 2022 using the Twitter APL.
We randomly selected six emojis from Emoji 13.0,
each appearing in more than 1,000 tweets: @& (smil-
ing face with tears), & (ninja), » (magic wand),

" (pinched fingers), ‘@ (coin), and & (people hug-
ging). A balanced dataset was constructed with a
total of 50,000 tweets, divided into 7 labels (label
0 for old emojis and labels 1 to 6 for the new emo-
jis), ensuring each emoji had a sufficient number
of tweets for accurate fine-tuning.

We fine-tuned the RoBERTa model pre-
trained on tweets (Barbieri et al., 2020)
(twitter-roberta-base?) on the emoji pre-
diction dataset with an 8:1:1 train-validation-test
split, achieving a training accuracy of 78.29%
and a test accuracy of 66.98%. The top 10 words
with the highest attention scores are presented
in the second column of Table 2, with words
recognized by the authors as having similar
semantics highlighted in bold.

2https://huggingface.co/cardiffnlp/
twitter-roberta-base

Emoji  Top 10 Attention Score Words ~ Top 3 Inference Score Old Emojis

same, its, o, me, no,

why, this, please, oh, i © (167), & 8.5, @ (6.1)

days, account, ninja, both,
)-§ assassins, who, samurai, coin,
gaming, website

(13.3), 20 (13.2), @ (10.2)

magic, wish, magician,
v wizard, follow, hours, tweet,
special, light, recent

(22.6), 3¢ (10.1), & (9.9)

this, puff, the, that, kiss,
another, you, art, perfect,
please

@ (10.2), & (7.8), 12 (6.1)

start, billion, coins, token,
) coin, money, proof, gob,
hours, follow

3¢ (25.1), # (16.4), ¥ (10.5)

thanks, hugs, my, hug,
& good, you, hugging, dear,
friend, happy

@ (11.2), € (8.9),  (8.3)

Table 2: Words with high attention scores and old emo-
jis with similar inference scores for emoji inference of
the new emojis from Emoji 13.0. High-attention words
suggest words with similar semantics and the applica-
tion scenario of emojis.

Table 2 demonstrates that attention scores are
effective in identifying words semantically similar
to specific emojis. These words not only mirror the
primary meaning of the emojis but also reveal their
application scenarios and extended interpretations.
For entity-related emojis such as &, ~ , and ‘@,
their high-attention words extend beyond their di-
rect symbolism. For instance, the word “gaming”
associated with Y@ highlights its frequent use in
the context of action video games. Similarly, the
term “token” linked with ‘@ (coin) suggests its ap-
plication in representing Bitcoin tokens, indicating
a broader usage beyond its conventional meaning.

Regarding sentiment-related emojis, the high-
attention score words encapsulate the sentiments
embedded in the emojis. For instance, the word
“perfect” associated with ..> implies positive senti-
ment, while “why” and “no” linked to &) suggest
negative sentiments. The qualitative results in Ta-
ble 2 demonstrate the effectiveness of using the
attention mechanism to probe the application set-
ting and the extensive meaning of the new emojis.

5.2 Interpret Emojis with Old Emojis

Words with high attention scores do not fully cap-
ture the sentiments inherent in emojis. For example,
the degree of negative sentiment conveyed by @),
or the specific sentiment associated with R and @,
remains ambiguous. Besides exploring words with
similar semantics, we employ the rich and complex
sentiments encoded in old emojis to interpret the
newly created emojis.

We utilize LMs to conduct cross-version infer-
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Figure 4: The upper half shows the framework of using
old emojis to interpret new emojis and the lower half
presents the pipeline of replacing new emojis in the
downstream prediction task dataset to old similar emojis
to enhance the results.

ence to explore old emojis with semantics similar
to a new targeted emoji. If the semantics and syn-
tactic features of the text containing two emojis
are similar, the semantics of two emojis are also
similar. Our method is to first fine-tune the LMs on
an emoji classification dataset with old emojis as
the labels, and we use the fine-tuned LMs to do the
inference on tweets containing new emojis. If LMs
predict tweets with a new emoji to contain another
old emoji, it means that two emoji share a similar
text context distribution, indicting similar seman-
tics. The pipeline of the interpretation framework
is shown in the upper half of Figure 4.

5.2.1 Cross-Version Analysis

We construct an emoji classification dataset with
the input tweets X,y and the pre-defined emoji
labels from old emojis {egld, eéld, - ,elo}. Pre-
trained LM f. is fine-tuned in tweet collec-
tion X,;;. We construct another tweet dataset
Xhew, Where each tweet contains the new emojis
{€0 sl s e, } and ask the fine-tuned LM
fe to do the inference on each tweet Z,cy € Xper-
The prediction on the tweet x,,¢,, containing the

emoji Ynew 18:

fe(ifnew) = argmaxp(eold|xnew)-
€old

The semantic similarity between an old emoji e;q

and a new emoji ey, can then be quantified as the
proportion of predictions equal to e 4:

El’new l(ynew:enew7fe (xnew):eold)

]l(ynew:@new)
(1

We sort the old emojis for each new emoji by
the calculated simi(-) values and extract the top
three old emojis with the highest similarity values
for each new emoji.

Simi(&)lda enew) =

Tnew

5.2.2 Experiment Setup and Results

We first constructed X4 using tweets from April
2020 to May 2020, before Emoji 13.0 appeared on
Twitter. We extracted 10,000 tweets for each of
the top 32 emojis from April to May, along with
an additional 10,000 tweets without any emojis.
This resulted in a training dataset, X,;4, compris-
ing 330,000 tweets and 33 emoji labels (32 emojis
plus a "no emoji" label). The pre-trained RoOBERTa
model, f., was fine-tuned on X,;4, and the fine-
tuned model was then used to infer on the test
dataset constructed with tweets from 2022 contain-
ing the emojis from Emoji 13.0, as described in
Section 5.1. We calculated the semantic similar-
ity values between the old and new emojis using
Equation 1 and presented the top 3 similar ones for
each new emoji, along with their similarity values,
in the third column of Table 2.

Table 2 reveals that preexisting emojis effec-
tively reflect the semantic content, particularly the
sentiment dimension, of new emojis. For sentiment-
related emojis such as @), older emojis such as &
(pensive face), @ (pleading face) and @ (weary
face) encapsulate the blend of sadness and begging
inherent in the new emoji. Furthermore, in the
case of entity-related emojis, while it may be chal-
lenging to pinpoint analogous emojis that precisely
capture an entity’s characteristics, it is feasible to
discern the underlying sentiments these emojis con-
vey. For example, the f& (ninja) emoji, in relation
to existing emojis such as '~ (sparkles), ** (eyes),
and @ (smiling face with smiling eyes), reveals the
positive sentiment in Y& in usage.

In the next section, we will demonstrate how
this associated emoji analysis can be applied to
downstream tasks. We find that simply substituting
new emojis with their similar old emojis, as emoji
surrogates, significantly increases the accuracy in
the sentiment classification and irony detection task
of fine-tuned language models.

5.3 Emoji Substitution in Downstream Tasks

Sentiment classification and irony detection are two
well-studied natural language processing (NLP)
tasks widely used in many deployed systems. Emo-
jis, as non-verbal tokens rich in semantics, have
been shown to be important for training effective
machine learning models for sentiment classifica-
tion or irony detection (Chen et al., 2019; Hayati
et al., 2019).

The current state-of-the-art (SoTA) method for
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text classification tasks on tweets involves fine-
tuning pre-trained language models on a training
dataset. However, given a fine-tuned language
model on a tweet dataset from 2020, testing on
tweets from 2022 containing the new emojis from
Emoji 13.0 may lead to imprecise predictions due
to the absence of these new emojis in the fine-
tuning data.

To address this issue, instead of fine-tuning mod-
els on 2022 tweets again, which requires high com-
putational cost, we propose a method to directly
substitute the new emojis with old emoji surrogates
known by the fine-tuned language models. We ex-
pect the semantics encoded in similar old emojis
(emoji surrogates) to compensate for the loss of se-
mantics in the unknown new emojis. We illustrate
the emoji substitution process in the downstream
classification tasks in the lower half of Figure 4.

5.3.1 Emoji Substitution

Suppose that we have a tweet classification dataset
Snew that contains the new emojis and that each
tweet is labeled with the label y € {0,1}. Given
a classifier fs fine-tuned in S,;4, where the new
emojis are not in the vocabulary of the classifier f;,
for each tweet s; = [t},t7,--- [t €
Snew, We can replace the new emoji €,,¢,, in tweet
8; € Spew With the old emoji surrogates (top 3 old
similar emojis sorted by the calculated similarity
value in Section 5.2) and obtain a dataset S’ with
s;=[thtF, -  €olds Coia> s+ + 1] Then we
feed the tweet s; with the old emoji surrogates to
the classifier f; to get the model prediction, which

is: fo(s) = argmax,eqq 1y p(yls;)-

y Enew, *

5.3.2 Experiment Setup and Results

For the existing classification datasets for tweets,
they were developed before 2018 and did not con-
tain the newly created emojis for Emoji 13.0 or
Emoji 14.0. Therefore, we collect tweets from
2020 and 2022, respectively, and ask LLM to anno-
tate the labels. Due to the superiority of LLMs over
human crowd-workers on the text annotation task
(Gilardi et al., 2023; Zhou et al., 2024), we utilize
ChatGPT to annotate the sentiment or irony label
for tweets (Ouyang et al., 2022). Given a tweet
input s, the ChatGPT model (GPT-3.5 for Emoji
13.0 and GPT-40 for Emoji 14.0), a sentiment label
set {positive, neutral, negative}, an irony label set
{irony, non-irony}, we ask ChatGPT to annotate
the tweet with the given sentiment and irony label
sets. We repeat the LLM annotation process twice

with the temperature 0.7 and only keep the exam-
ples and labels agreed by two LLM annotators.

We first collect tweets from April 2020 to May
2020 and then use ChatGPT to label the sentiment
of each tweet as S,;4. We first split S,;4 into train-
ing, validation, and test dataset by 8:1:1 and down-
sample the training set to make a balanced set with
35,388 tweets. We fine-tune the Roberta classifier
(twitter-roberta-base) pre-trained on tweets
before August 2019 as f; (Barbieri et al., 2020).
We repeat the collection and labeling process on
tweets from April 2022 to May 2022 to form Sy,¢y-
In the randomly sampled test dataset, the fine-tuned
model f; can achieve an accuracy of 67.52% in
tweets from 2020 and 67.65% in tweets from 2022
in the sentiment classification task, which means
that the two-year language evolution is not signif-
icant to greatly affect the overall performance of
the classifier.

To validate ChatGPT’s reliability for tweet an-
notation, we evaluated its performance on the
SemEval-2015 Task 10 sentiment classification test
set (Rosenthal et al., 2015). ChatGPT achieved
77.29% agreement with the gold standard labels.
This accuracy compares favorably to the reported
average human agreement of 75.70% obtained dur-
ing the dataset’s construction. Given this compara-
ble performance to human annotators on a standard
benchmark, we consider ChatGPT sufficiently reli-
able for annotating tweets in our study.

To evaluate the effectiveness of our emoji re-
placement method for tweets containing new emo-
jis, we randomly selected 16 popular emojis
from Emoji 13.0 and Emoji 14.0, each appearing
more than 300 times in S,e,. These included 8
sentiment-related emojis and 8 entity-related emo-
jis. We collected a total of 91,066 tweets containing
the selected emojis and used the fine-tuned lan-
guage model f, to make predictions for each tweet.
Next, we applied the proposed emoji replacement
method, substituting the new emojis with exist-
ing emoji surrogates, and asked fs to re-predict.
Additionally, we prepared two baseline methods
for replacing new emojis with text: one replaced
the new emoji with its corresponding emoji name
(words representing the emoji’s meaning), while
the other replaced the emoji with a description gen-
erated by ChatGPT, leveraging its detailed under-
standing of emoji semantics (Zhou et al., 2024).
The generated descriptions of ChatGPT for each
emoji and the prompt are shown in Table 9 in the
Appendix. We computed the prediction accuracy
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Emoji 13.0 (sentimental)

emoji  surrogates  # test original acc replaced acc name acc description acc

% & 23,080 64.44+1.38 66.4+3.53 60.9+1.49 58.5+ 7.77
@ 1,908 55.8 £10.0 649+142 659+1.97 64.1 +£1.07
& 6,580 82.44+201 9044122 86.4+1.63 85.2 +3.92
6,972 80.8+1.53 83.6+1.05 65.7+2.89 64.8 £ 2.85

Emoji 13.0 (entity)
fi B3¢ 614 2394234  207+253 244+132  283+206
2 00Q 6,649 56.1£1.53 58.4+£219 56.0£2.74 56.8 £+ 2.50
9 wEG 3,209 56.0£5.22 61.3+0.88 59.2+0.49 56.3 £+ 0.59
& EA0D 922 66.5+1.11 67.44+0.82 68.1+0.85 61.1 4 5.56

Emoji 14.0 (sentimental)

D & 9305 787+036 77.2+0.88 70.9 £5.22 70.544.48
W Y 9328 80.0+£0.92 8254049 77.5+3.37 61.7+0.84
Yo 9374 76.7£0.07 81.9+£0.18 80.2+249 81.2+1.15
W tee 9333 80.4+0.53 79.9+1.31 76.7+1.84 78.240.49

Emoji 14.0 (entity)
e R 1702 86.2+0.16 87.7+0.25 86.7+0.75 81.4+1.38
- &4 1325 83.3+0.32 85.0+048 822+1.28 79.0 £3.15
& K+ 383 89.2+1.67 8944166 86.9+1.10 88.4 £ 0.86
@ } 382 93.3+0.18 92.74+0.74 90.8 & 0.00 89.0 + 1.41

Table 3: Sentiment prediction accuracy using emoji
replacement for Emoji 13.0/14.0. Model pretrained pre-
Aug 2019 (new emojis excluded). Accuracy columns
compare: original text, replacement with similar old
emojis, emoji names, or GPT descriptions.

for original tweets, emoji-replaced tweets, name-
replaced tweets, and description-replaced tweets
for each emoji. The results of the sentiment classi-
fication task are presented in Table 3, and those of
the irony detection task are presented in Table 10
in the Appendix.

From Table 3, we observe a notable performance
improvement for the model f fine-tuned on tweets
without new emojis when replacing the new emojis
with older emojis of similar semantics. Specifi-
cally, the model exhibits a relative improvement
of 5.02% for sentimental emojis and 4.71% for
entity-related emojis from Emoji 13.0, as well as
a relative improvement of 1.78% and 1.51% for
sentimental and entity-related emojis from Emoji
14.0, respectively. When compared to replacing
new emojis with text (names or generated descrip-
tions), our proposed method outperforms in 11/16
cases. This is likely because the words from emoji
names or ChatGPT-generated descriptions fail to
fully capture the complex sentiments conveyed by
the emojis. Furthermore, as shown in Table 10
in the Appendix, a similar pattern emerges in the
irony detection task, where our emoji replacement
method achieves the best performance in 13/16
cases. These findings demonstrate the effectiveness
and robustness of our proposed method in address-
ing out-of-vocabulary emoji tokens in downstream
text classification tasks.

We also repeat the experiments on the Roberta
model with new emojis in the pretrained corpus
(twitter-roberta-base-2022-154m, pretrained
on tweets before December 2022) (Loureiro et al.,
2023), and present the results of sentiment classifi-

cation in Table 11 in the Appendix. Compared with
Roberta model pretrained on tweets before 2020
(twitter-roberta-base), the average relative im-
provement of replacing new emojis with old emojis
becomes smaller or even negative, which follows
our expectation that the fine-tuned model fs has
learned the semantics of new emojis in the pre-
training data and the substitution of emojis causes
loss of information.

6 Implications

Our research reveals the patterns of emoji diffusion
and proposes a framework to understand the seman-
tics of new emojis. We expect that our exploration
of emoji diffusion can benefit the emoji designer by
considering the influencing factors to design more
attractive emojis in future works. For model devel-
opers, our emoji replacement framework can pro-
vide an effective way to increase the generalization
of the fine-tuned LLMs on texts containing new
emojis without further parameter updates, which
can also be extended to other NLP tasks. For future
emoji researchers, our work provides a pipeline to
explore the pattern of new emoji diffusion and pro-
poses a framework to utilize open source LMs to
interpret the emoji semantics and usage scenarios.
Moreover, our work provides an insight into the
diffusion patterns of a new language unit, which
can inspire future researchers to generalize our
diffusion exploration pipeline and interpretation
framework on other new non-verbal tokens, such
as memes and viral hashtags. Along with our work,
we expect that the exploratory study on the lan-
guage unit diffusion can reveal the evolution mech-
anism of the content in digital communities.

7 Conclusion

In this work, we analyzed the diffusion patterns of
recently created emojis, finding external events in-
fluence short-term frequency and sentiment mean-
ings can evolve during adoption. Early adopter
community size and emoji semantics correlate with
eventual popularity. We proposed an interpretation
framework using associated words and similar ex-
isting emojis. Its effectiveness was demonstrated
by substituting new emojis with interpreted surro-
gates, improving model performance on sentiment
and irony detection tasks. This framework offers a
way to enhance model generalization to new emojis
in downstream applications.
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8 Limitations

There are two limitations in our work. First, the
sample size for our correlation measurement in
Section 4 is small and such a small sample size
is difficult to obtain the significant correlation (p-
value< 0.05). We select 10 emojis from each ver-
sion to analyze the factors that influence the emoji
diffusion, since the emoji number is a long-tailed
distribution, where the emoji numbers after the top
10 are close. We measure the association across
three versions of emojis to make our conclusion
more generalizable.

Second, when analyzing the characteristics of
new emojis, in this paper, we only focus on the
semantic features of emojis, also the focus of the
previous work, but we find that the visual features
could also be an important feature for emoji dif-
fusion and may also influence the emoji seman-
tics. For example, after one year of diffusion, the
number of tweets with ~ (white heart) is 10 times
higher than the tweets with € (brown heart). These
visual features play an important role in exploring
emoji usage and downstream emoji applications.
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Figure 5: Frequency trends by week of the top 5 popular
emojis in Emoji 11.0 from the end of 2018 to the start
of 2019.

Emoji Time period Top 10 PMI words

birthday, happy, hope, great, days,

&3 51st week, 2018 . .
we, day, year, amazing, christmas

happy, new, year, birthday, 2019,

= st week, 2019 happynewyear, may, everyone, years, 2018

amazing, you, wait, love, thank,

= Slst week, 2018 thanks, see, beautiful, heart, so

looking, valentines, tomorrow, valentine,

& 7th week, 2019 . .
ever, amazing, pretty, sweet, beautiful, you

Table 4: Highly-associated words (quantified by PMI
value) of emoji 23 and & in different weeks. The seman-
tics of the associated words coincide with the external
events happened at that week.

Appendix

A Weekly Frequency Fluctuations and
Event Correlation

Seeing the continuous growth of new emojis’ pop-
ularity after release, we then examine the change
in emoji frequency in a more fine-grained time pe-
riod. We visualize the count of the 5 most popular
emojis of Emoji 11.0 at each week from November
2018 to March 2019 in Figure 5. We observe two
significant bumps on the lines of &5 (partying face)
and &7 (smiling face with hearts): a bump for &3 in
Week 1 of 2019 and the a bump for & in Week 7
of 2019.

The bumps coincide bursting external events
(New Year in Week 1 and Valentine’s day in Week
7), which have been discussed in literature as pos-
sible triggers for information cascade (Zhou et al.,
2021; Crane and Sornette, 2008). We hypothesize
that external events also influence the adoption of
new emojis.

To verify, we examine whether the words associ-
ated with the new emoji in that period are related to

external events. We collect the tweets with emojis
in the first and seventh week of 2019 and calculate
pointwise mutual information (PMI) between each
emoji e and each word w. The PMI equation can

be formulated as PMI(e, w) = log p](Jé)e;(Ug)’ where

p(w), p(e) and p(e, w) refer to the probability of
a tweet containing the word w, the emoji e, and
both of them, respectively. We present the top 10
associated emojis (based on PMI) for emoji & and
&7 in different weeks in Table 4 and highlight the
words related to external events, as recognized by
the authors.

From Table 4, we observe that for emoji %3 from
the 51st week of 2018 to the 1st week of 2019,
the words about the New Year event such as “hap-
pynewyear” and “2019” appear in the associated
words, and for emoji &7, the associated words about
Valentine’s days show in the 7th week of 2019. The
observation verifies our hypothesis and suggests
that external events can influence the adoption of
new emojis.

Date = 2018-10 Date = 2019-10
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=20%
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Proportion of emojis (%
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1.0 -1.0 -05 0.0 0.5 1.0
Sentiment score

Figure 6: Distribution of Vader scores of tweets contain-
ing emoji @ in October 2018 and October 2019. During
one year period, @ concentrate more on the positive
tweets.

B Details of Influencing Factor Analysis

B.1 Influence of Community Size on Emoji
Popularity

We first identify the early stages of Emoji 11.0,
Emoji 12.0, and Emoji 13.0 as July 2018, Septem-
ber 2019, and November 2020, respectively, two
months after their initial release, and set the late
stage as one year after the early stage. We count the
number of co-occurring hashtags for each emoji in
the early stage and the number of emojis in the late
stage. We present the top 10 most used emojis in
the late stage from Emoji 13.0, along with their top
3 popular co-occurring hashtags, in Table 5 and the
count of emojis and hashtags in the early and late
stages of emoji diffusion. The co-occurring hash-
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Emoji  Co-occurred hashtags

PLTPINKMONDAY, PLTPINKSUNDAY,

# hashtag (early)  # emoji (late)

€ PLTCyberMonday 79982.2 67,103
A"_l"'INYDAY, HeartbreakWeather, 18806.0 11,583
NiallHoran
EveryVoteCounts, StayHome,

& StaySafe 71729 7,829
Bitcoin, gold,

DeFi 10267.2 5,900
MissguidedCyberTreat, PLTPINKMONDAY,

4 ibelieveinfairys 115011 3,355

2 syur_abalkhan, DerApotheker, 1128.8 4510
wolfpac

- GreenIndiaChallenge, SupportSmallStreamers,

¥ RRRMovie < 46272.1 3,014
Election2020, PLTPINKMONDAY,

@ TREASURE 83920.8 2,497
Il::Iapp_yThanksgwngvc, Design, 866.6 2113

moji
}\ﬁ;gr;inschf’resenls. LatentVoices, 33433 1,666

Table 5: Co-occurred hashtags for top 10 popular emojis
in Emoji 13.0 in the late stage. # hashtag (early) rep-
resents the hashtag number in the early stage of emoji
diffusion, two months after the first appearance of emo-
jis. # emoji (late) shows the emoji number in the late
stage, one year after the early stage.

tags for emojis in Emoji 11.0 and 12.0 are shown
in Table 6.

B.2 Influence of Emoji Semantics on Emoji
Popularity

Our prompt for querying GPT-4 is composed as
follows: Show me five common single words on
Twitter with similar semantics to this emoji: emoji,
where emoji is a new emoji from Emoji 11.0, 12.0,
or 13.0, such as &7 (smiling face with hearts). We
count the average number of words in the early
stage of new emojis (the same month as in Section
B.1) and the emoji number in the late stage (one
year after the early stage). Since we find that the
emoji and word counts are on the same scale, we
calculate the Spearman rank correlation coefficient
and the Pearson correlation coefficient for the log-
arithm of these two numbers as the measurement
of association (Zar, 2005; Cohen et al., 2009). We
present the word and emoji numbers for the top 10
popular emojis from Emoji 13.0 in Table 7, and
for the similar words for emojis in Emoji 11.0 and
12.0, we show them in Table 8 in the Appendix.

Emoji  Co-occurred hashtag # hashtag (early) # emoji (late)
SaveShadowhunters, EXO,
T
3 BTSARMY. 37122.3 101,667
- TeenChoice,
- SouhilaBenLachhab, Cover 70924.1 36,449
& Prediction, Democrats, 51218 29549
Obamacare
Heatwave, SummerSkinSafety,
D
® WorldEmojiDay 693.8 14,650
B Ethereum, cryptocurrency, 220753 13.070
eth
TRuMP, WorldCup2018,
(=] UFC231 11416.0 2,137
» Directive, ItsACelebration,
“  TeamNGH 761 616
& MAGA’ CRO, 8831.0 539
Boxing
. Cakes, baking,
weekendreads 1979.1 435
TMay, Chequers,
UK 1736.25 339

(a) Co-occurred hashtags for emojis in Emoji 11.0

Emoji  Co-occurred hashtag # hashtag (early) # emoji (late)
J9, 3YearsWithCBX,
StreamLYTLM 448.50 85.981
i Tszanfv, TeamGalaxy, 144.20 13473
withGalaxy
o 13ReasonsWhy3, 13ReasonsWhy,
@ DeleteFacebook 29160 13,127
v thestrlpperolﬁmal, 20 9321
camren, natiese
. StarTrekDiscovery, Friends,
RossGeller 3900 4433
6 PCr%OdEmO‘]l, PeriodStigma, 12.0 3.648
PeriodPoverty
Q onlyfans, camgirl, 793.0 2729
cammodel
” AccessATE, InstructionalDesign,
CADET 9.70 2,603
o wolvsden 7.0 2,393
[ - 0 1,936

(b) Co-occurred hashtags for emojis in Emoji 12.0.

Table 6: Co-occurred hashtags for top 10 popular emojis
in Emoji 11.0 and 12.0. # hashtag (early) represents the
hashtag number in the early stage of emoji diffusion,
two months after the first appearance of emojis. # emoji
(late) shows the emoji number in the late stage, one year
after the early stage.
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Emoji

Words with similar semantics

# word (early)

# emoji (late)

please, sorry, help,

°s 12973.8 101,667
sad, desperate
s love, happy, adorable,
ove, happy, adorable 33005.4 56,449
blissful, sweet
o dizzy, confused, woozy,
= drunk, lightheaded 1242.0 29,549
® hot, sweaty, exhaus'ted, 25782 14,650
overwhelmed, burning
g  colebrating, party, woohoo, 1470.0 13,070
ecstatic, jubilant
@ cold, fr'eezmg, shivering, 5916 2137
frosty, icy
Emoji ~ Words with similar semantics # word (early)  # emoji (late) & c;]teilsogt, cu;ildly, 41126 616
bittersweet, emotional, touched, plush, adorable
“ relieved, grateful 1401.8 67,103 loud, explosive, bang
: . & ’ ’ ’ 1273.2 539
gesture, expressive, Italian, 190.8 11583 pop, fireworks
cmphasis, talkative . sweet, delicious, cute, 53032 435
a hug, comfort, support, 3714.6 7,829 frosting, treat ’
embrace, togetherness
. . step, walk, run,
r\n(lmey, currency, cash, 5999 8 5.900 sole. toe 2263.0 339
change, gold
/ magic, enchantment, spell, 609.6 5355 (a) Words with similar semantics for emojis in Emoji 11.0.
wizardry, mystical
N stealthy, mysterious, skilled, .y 510 Emoji Words with similar semantics # word (early) # emoji (late)
warrior, covert ’ i
‘:;r:érlfvgé:clzm’ 21063.2 85,981
« green, leafy, indoor, s
= botanical, decorative 726.6 3.014 stand. upright. wait
T — o e A 4793.4 13473
& incognito, hidden, undercover, 403.8 2,497 solo, idle
sneaky, disguised dired. 1 bored
- G ired, sleepy, bored,
bread, flat, pita, 674.0 2,113 @ exhausted, drowsy 1676.2 13,127
naan, food
- warmth, earthy, comfort,
sign, protest, message, | ; 496.6 9,321
board, banner 1311.0 1,666 stable, rich
o ) “ small, little, ASl'g;“’ 3843.8 4433
Table 7: Words with similar semantics (from ChatGPT) precise, minima
for top 10 popular emojis in the late stage in Emoji 6 blzog, bleed, drip, 1376.2 3.648
. red, donate
13.0. # word (early) represents the word number in the '
early stage of emoji diffusion, two months after the first w ST Spacs cosmic, 398.6 2.729
appearance of emojis. # emoji (late) shows the emoji olind. aid. mavieat
. A ind, aid, navigate,
number in the late stage, one year after the early stage. mobility, independence 2662 2603
® p}lrple, geometrlc, round, 3426 2393
violet, circle
a“ otter, playful, aquatic, 487 4 1,936

furry, adorable

(b) Words with similar semantics for emojis in Emoji 12.0.

Table 8: Words with similar semantics (from ChatGPT)
for top 10 popular emojis in Emoji 11.0 and 12.0. #
word (early) represents the word number in the early
stage of emoji diffusion, two months after the first ap-
pearance of emojis. # emoji (late) shows the emoji
number in the late stage, one year after the early stage.
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Emoji ChatGPT Description
Emoji 13.0
® Bittersweet smile
@ Trying to act clever
- ‘Warm embrace
e Perfectly done
A Step up
B  Stealthy move
#d  Shiny coin
@  Juicy blueberry
Emoji 14.0
& Feeling overwhelmed
@ Teary gratitude
KA Heartfelt gesture
< Respectfully noted
o Serene lotus
s Disco vibe
@&  Coral reef
A Cozy nest

Table 9: ChatGPT-generated descriptions for emojis
from Unicode Emoji 13.0 and 14.0. The prompt used
for generating descriptions is: Please use a few words
to replace the emoji: {emoji}, preserving its meaning
and ensuring the text reads naturally. Only give me the
most suitable substitution.

Emoji 13.0 (sentimental)

emoji  surrogates  #test  original acc  replaced acc name acc description acc

@ 23,080 720+287 74.6+1.68 7431045 73.1 £0.15
®@ 1,908 567467 69.7+£7.85 67.0+£5.15 68.4 +4.96
& 6,580 95.0+£081 958+0.06 93.9+0.46 95.5 £0.08
6972 8574038 86.8+0.16 858+0.13 86.2 +0.32
Emoji 13.0 (entity)
A (LR 614 96.8 £045 97.1£0.21 96.9£0.31 96.9 £0.22
2 0 6,649  97.0£005 97.1£0.15 97.1+£002 97.2+0.02
) HEG 3209 97.0£006 97.1£0.09 97.2+006 97.3+0.25
@@ Hee 922 97.6 £0.08 97.7£0.07 974 +£0.12 97.5 £0.04
Emoji 14.0 (sentimental)
S 9305 782+£0.53 788+£0.52 76.2+0.07 77.5+0.30
& 9328 93.6+£0.46 94.0+£0.03 92.0+£0.88 93.440.54
o 9374  96.2+£0.19 96.5+0.01 96.1+£0.35 96.440.13
% 9333 84.4+0.84 845+0.83 762+5.78 84.140.37
Emoji 14.0 (entity)
@ LV 1702 97.1£0.24 97.2+£0.08 96.7+£0.31 97.0 £ 0.39
- ¥ ) 1325 95.5+£0.38 95.6+£0.24 95.1+£0.19 95.7+0.20
1 K 383 98.34+0.14 98.7+0.14 97.940.14 97.6 4 0.00
@ K 382 96.0+0.41 96.1+0.28 9524027 9534025

Table 10: Results of the emoji replacement method on
irony detection tasks for selected emojis from Emoji
13.0 and Emoji 14.0, using models pretrained on data
prior to August 2019 (excluding new emojis in the pre-
training data). All values are reported in percentage.

Emoji 13.0 (sentimental)

emoji # test ori acc replaced acc
® 23,080 66.57 £0.03  60.63 £ 0.06
@ 1,908 5822+ 1.61 68.10+2.71
& 6,580 8386 +£442 91.33+0.35
6,972 83.14+ 052 83.90+0.16
Emoji 13.0 (entity)
A iy 3¢ 614  29.36+9.85 24.60 +9.94
p-§ Q) 6,649 58.69+0.95 57.45+3.36
D HEH 3,209 63.05+1.03 66.55+0.42
) EAOD 922 67.95+2.83 68.17+1.62

Table 11: Results of emoji replacement method on the
sentiment prediction task for selected emojis from Emoji
13.0 on models pre-trained on data before December
2022, including new emojis in the pre-training data.
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Social Construction of Urban Space:
Using LLMs to Identify Neighborhood Boundaries From Craigslist Ads
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Abstract

Rental listings offer a window into how ur-
ban space is socially constructed through lan-
guage. We analyze Chicago Craigslist rental
advertisements from 2018 to 2024 to exam-
ine how listing agents characterize neighbor-
hoods, identifying mismatches between insti-
tutional boundaries and neighborhood claims.
Through manual and large language model an-
notation, we classify unstructured listings from
Craigslist according to their neighborhood. Fur-
ther geospatial analysis reveals three distinct
patterns: properties with conflicting neighbor-
hood designations due to competing spatial def-
initions, border properties with valid claims
to adjacent neighborhoods, and “reputation
laundering" where listings claim association
with distant, desirable neighborhoods. Through
topic modeling, we identify patterns that cor-
relate with spatial positioning: listings further
from neighborhood centers emphasize different
amenities than centrally-located units. Natural
language processing techniques reveal how def-
initions of urban spaces are contested in ways
that traditional methods overlook.

1 Contested Neighborhood Boundaries

Neighborhood location matters for a wide range
of individual and collective outcomes (Sampson
et al., 2002; Sharkey and Faber, 2014; Minh et al.,
2017; Chyn and Katz, 2021). Beyond objective
demographic characteristics, the subjective fea-
tures of a neighborhood—its reputation, status, or
stigma—shape resident satisfaction, place attach-
ment, and overall well-being (Tran et al., 2020;
Kullberg et al., 2010; Permentier et al., 2011; Otero
et al., 2024). Neighborhood reputation also struc-
tures the economic value of property, patterns of
investment, and the residential mobility that drives
neighborhood stratification (Krysan and Crowder,
2017; Evans and Lee, 2020; Kirk, 2024; Korver-
Glenn and Mayorga, 2024).
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Figure 1: Extracting neighborhoods from unstructured
rental listings with LLMs (RQ1, Section 3) provides
insight into the social construction of space (RQ2, top)'
and allows us to study how language changes relative to
distance from neighborhood centers (RQ3, bottom).2

We define neighborhood identity not just as
a boundary in space, but as the spatial area that
corresponds with the patterns of social activity and
perceptions of people living in the area. This con-
ceptualization builds on a lineage of research utiliz-
ing user-generated content (UGC) to define urban
space (Plangprasopchok and Lerman, 2009; Hol-
lenstein and Purves, 2010; Hiippala et al., 2019;

'Conflicting conceptions of the Humboldt Park neighbor-
hood according to the official City of Chicago limits (blue),
Zillow’s boundary (red) and rental advertisements (points).
Orange points depict unit listings claiming to be Humboldt
Park while purple points claim elsewhere. The green star
denotes the LLM-defined social center of Humboldt park.

% Across Chicago, the share of place-based language de-
creases and generic “boilerplate” language increases in listings
for units further from the social center of the neighborhood.

307

Proceedings of the 7th Workshop on Natural Language Processing and Computational Social Science (NLP+CSS), pages 307-321
July 3, 2026 ©2026 Association for Computational Linguistics



Brunila et al., 2023). Because this identity is so-
cially constructed through interaction and language,
it is inherently fluid and contested. Identifying a
singular “true” neighborhood boundary is not our
aim, but rather, mapping the contours of contesta-
tion: the systematic slippage between institutional
maps and the spatial claims made by social actors.

Neighborhoods are socially constructed through
interaction and language (Zelner, 2015; Hohle,
2023; Stuart et al., 2024), yet traditional urban re-
search often relies on rigid administrative bound-
aries as a proxy for neighborhood identity. In prac-
tice, listing agents frequently navigate a tradeoff be-
tween geographic fidelity and reputational leverage,
substituting symbolic identity for physical proxim-
ity when properties sit at the periphery of desirable
areas. We characterize this behavior not as ran-
dom noise, but as a systematic distortion of urban
space. Still, an important question remains: do
spatial claims that depart from institutional maps
always represent strategic “‘reputation laundering"
(Stuart et al., 2024), or might they reflect legitimate
disagreements arising from the inherent ambiguity
of socially constructed boundaries?

A related challenge for urban sociology has been
the difficulty of observing and classifying such dis-
tortions at scale. Conventional data is blind to the
strategic manipulation of spatial labels, and tradi-
tional NLP methods like string-matching struggle
to distinguish between casual mentions and strong
locational claims. Large Language Models (LLMs)
provide a transformative opportunity to recover this
latent social variable: claimed neighborhood iden-
tity. By evaluating LL.Ms on Chicago Craigslist
rental advertisements (2018-2024), this work pro-
vides answers to the following Research Questions:

* (RQ1) Measurement Viability: Can zero-
shot LLMs accurately identify specific neigh-
borhood claims (vs. mere mentions) in un-
structured rental listings compared to more
traditional string-matching?

* (RQ2) Social Location: Where are neigh-
borhoods actually located according to listing
claims, and can we define a meaningful “so-
cial center” for each neighborhood?

* (RQ3) Linguistic Substitution: How does
marketing language vary with spatial loca-
tion? Specifically, does place-based language
change as listings move farther from their
claimed neighborhood center?

Section 2 describes our spatially-anchored cor-
pus of Chicago listings. Section 3 evaluates
LLM performance against string-matching base-
lines (RQ1). Section 4 develops a framework for
identifying neighborhood “‘social centers” (RQ2).
Section 5 and Section 5.2 analyze the semantic
structure and statistical associations between unit
language and spatial positioning (RQ3). Finally,
Section 6 contextualizes these findings within the
broader field of computational social science.

2 Craigslist Housing Advertisements

We use data collected from Chicago Craigslist
rental advertisements from 2018 to 2024 to iden-
tify listings with mismatches between the neigh-
borhood containing the unit and the neighborhood
claimed by the listing agent.’

2.1 Why Craigslist?

These rental listings offer a particularly valuable
lens for examining how neighborhoods are socially
constructed and contested because Craigslist’s plat-
form design creates an unusually unconstrained
environment for spatial classification. Unlike many
digital platforms that restrict users to predeter-
mined administrative or commonly recognized
neighborhood boundaries, Craigslist allows adver-
tisers to freely designate any neighborhood label
in their listings with unstructured text. This fea-
ture transforms rental advertisements into sites of
boundary-making where the socio-spatial imagi-
nary of the city becomes visible.

The neighborhood fields in these listings repre-
sent more than mere locational information—they
reveal how real estate actors actively participate
in constructing, reinforcing, or challenging exist-
ing spatial hierarchies. When landlords and prop-
erty managers assign neighborhood labels to their
listings, they engage in acts of spatial categoriza-
tion that reflect both market strategies and internal-
ized cognitive maps of urban space. These choices
may align with officially recognized boundaries, re-
producing understandings of place, or deliberately
transgress established spatial categories to claim
association with perceived higher-status areas.

3We have been actively collecting data in Chicago since
2018, providing a rich window into the discursive construc-
tion of urban space. It includes all available advertisements
each day from December 2018 until June 2024 using the web-
scraper Helena (Chasins et al., 2018; Hess and Chasins, 2022).
Occasional changes to the architecture of the Craiglist website
result in limited periods of data loss, the longest of which was
from August 2019 to early October 2019.
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Preceding computational analysis of Craigslist
rental listings explores price distributions (Boe-
ing and Waddell, 2017), neighborhood descrip-
tions (Kennedy et al., 2020; Besbris et al., 2021),
housing policy interventions (Boeing et al., 2021),
exclusionary language (Stewart et al., 2023), af-
fordability (Hess et al., 2023), and home security
(Somashekhar et al., 2024). Holistically, research
shows that rental listings on Craigslist align with
and appear to reproduce social inequality. Recent
work has begun to focus on the importance of neigh-
borhood names and the places those names describe
(Schachter et al., 2024), with specific focus on con-
tested naming: when advertisements use neighbor-
hood names that seem to diverge from the name
most local residents would use for that space.

2.2 Why Chicago?

We focus on Chicago because it stands as a
quintessential “city of neighborhoods," where lo-
cally recognized community areas hold exceptional
cultural, economic, and social significance (Hwang
and Sampson, 2014). Chicago is an ideal site
for examining the social construction of urban
space due to the high salience of its neighbor-
hood boundaries. While the city maintains 77 of-
ficially recognized community areas, these rigid,
non-overlapping boundaries often fail to represent
the fluidity of neighborhood identity in reality. By
using Chicago’s stable institutional definitions as
a point of comparison, we can more effectively
identify and quantify how real estate actors use
language to challenge or reinforce existing spatial
hierarchies. This neighborhood orientation is so
deeply embedded in Chicago’s social fabric that
it shapes how residents understand their place in
the city, influences social networks, and structures
daily mobility patterns (Kaysen, 2024).

By analyzing patterns in how these spatial desig-
nations align with or diverge from official bound-
aries, we can observe in real time the processes
through which neighborhood reputations are re-
inforced or contested. The negotiated quality of
these spatial boundaries becomes particularly visi-
ble when examining cases where advertisers claim
association with neighborhoods other than those
in which units are formally located, according to
administrative boundaries. Such instances of spa-
tial repositioning offer a window into the dynamics
that shape how urban space is valued, categorized,
and ultimately experienced by various stakeholders
from listing agents to residents or potential tenants

to municipal administrators.

3 Detecting Neighborhoods with LL.Ms

Online rental advertisements are generally unstruc-
tured and vary widely between listings. Distin-
guishing between which neighborhoods are men-
tioned in a listing from which neighborhood(s) the
listing claims to be in is a nuanced task of great
importance to social scientists interested in the so-
cial construction of urban space. This answer to
“which neighborhood does this advertisement claim
the unit to be in?" is not always obvious, even to a
human annotator. For example,

...this fully restored East Lakeview
property sits on a beautiful tree-lined
street located in the heart of the popu-
lar Wrigleyville neighborhood . ..

It is clear based on the language that this adver-
tisement is not merely mentioning these neighbor-
hoods, but staking a strong claim to being located
in both. Wrigleyville is a Chicago neighborhood
within the larger neighborhood of East Lakeview,
so this claim is entirely coherent. However, recon-
ciling such competing claims at scale is a principal
challenge inherent to this particular task.

Furthermore, some listings contain mentions of
several irrelevant neighborhoods, even dozens like
this example:

... Disclaimer: Pricing, availability, and
specials are subject to change at any time
and without notice. HotSpot Rentals
services the following neighborhoods:
South Loop, Printers Row, Near North,
River North, Gold Coast, West Loop, Ful-
ton River District, West Loop Gate, The
Loop, Streeterville, Lakeshore East, New
East Side, Old Town, Medical District,
University Village, Near North, River
West, Lincoln Park South, Lakeview, Up-
town, Ukrainian Village, Wicker Park,
Edgewater, Ravenswood, Bronzeville,
Logan Square.

Making the distinction between neighborhood
mentions and strong claims that a unit is in a partic-
ular neighborhood is a nuance that large language
models are particularly well-suited for compared
to existing methods. To make this comparison, first
we label the full corpus using a bespoke string-
matching approach which serves as the baseline

309



“best practice” which we compare to the Language
Model-based labeling. Both sets of labels are eval-
uated against a subset of 200 manually labeled
neighborhood listings. These manual labels were
produced by authors of this article.

3.1 Manual Labeling

The process for creating our validation set of “gold
standard" labels considers three sources of infor-
mation for each advertisement in the following or-
der. First, if the title field includes a neighborhood
name, that becomes the manual label for the neigh-
borhood claim. Then if there is no claim in the
title, we consider the body of the listing. This is the
largest source of text in each advertisement, and
also the most ambiguous with respect to identifying
strong claims. When faced with multiple claims —
as in the quote above — we take the first claim as
the manual label. Finally, if neither the title nor
body fields contain a neighborhood claim, we ex-
tract a neighborhood claim from the neighborhood
field, if it exists. An advertisement only receives
the ‘unknown’ label if there is not a strong claim
in any of the three fields. We follow the same pri-
oritization scheme in the string-matching and LM
labeling procedures.

3.2 Data Pre-Processing

Before labeling we performed standard data pre-
processing and de-duplication on the raw text. We
removed common boilerplate text that appeared in
virtually all Craigslist listings (such as “QR Code
Link to This Post™), corrected Unicode translation
errors to ensure consistent character rendering, and
precisely mapped listings onto Zillow and City of
Chicago neighborhood boundaries to confirm ge-
ographical validity. We also performed thorough
de-duplication of listing entries by title and body
text, retaining only the most recent version when
multiple entries existed, as Craigslist saves edited
listings as separate posts. This preparation distilled
a clean dataset of 30,531 unique listings from an
initial corpus of n=128,764 initial observations.

3.3 String-Match Labeling Neighborhoods

To determine which Chicago neighborhood a rental
advertisement belongs to based on the text in the
post we begin with a list of 192 distinct neighbor-
hoods from Zillow, a real-estate marketplace com-
pany which provides commercial neighborhood
lists for major US cities. Then, we manually con-
struct a comprehensive list of regular expressions

that can match the official name and its alterna-
tives (e.g. wriggleyville, wriglyville, wrigglyville,
wrigley ville for wrigleyville). These regex patterns
are designed to be flexible with spaces and case-
insensitive. Following the same protocol as the
manual annotations, we use a function which tries
to match neighborhoods in the listing title, body
and dedicated neighborhood field. When multiple
neighborhoods match, we select the label which
appears earliest in the text.

3.4 Language Model Labeling Neighborhoods

We prompt GPT-4.1 mini as a high quality relative
to cost option.* Table 1 contains our prompt.

BASE_PROMPT

Extract the Chicago neighborhood from the
rental text.

Rules:

- NEVER use the address or zip code to
determine the neighborhood

- Choose only explicitly stated neighborhood
from possible responses

- If neighborhood is unclear mark
[unknown]

- Format precision: “lakeview” but not “x, vy,
z" for “lakeview residence near x, y, z"
text: {body}

Possible responses: {zillow_list}

Return only:

label: [neighborhood]

it as

Table 1: Prompt format for extracting Chicago neigh-
borhood claims from rental listings.

We create three separate labeling workflows, one
for each title, body and neighborhood field. We
input the data independently to avoid leakage. A
Zillow neighborhood list is provided to constrain
possible responses to items in the list. In the case
of unknowns, we prioritize the label from the title,
then the body, then the neighborhood field. Only
if all three are unknown is the final neighborhood
claim labeled ‘unknown’.

3.5 Label Post-Processing

While we engineer the prompt to provide struc-
tured output in the form label: response, the out-
puts still require post-processing. We implement a
multi-stage post-processing pipeline to standardize
the three LLM labels for each advertisement and as-
sess model performance against manual validation.
Through manual review we flag instances of minor
spelling discrepancies (e.g. ‘lakeview* instead of

*We compare a sample of regular vs mini vs nano, and

other non-OpenAl options. Reasoning models are unnecessary
for this extraction task.
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Metric String Match GPT-4.1

Accuracy 0.79 0.85
Macro Average F1 0.62 0.70
Weighted Average F1 0.77 0.85

Table 2: GPT-4.1 outperforms the string match-based
keyword search on the neighborhood claim labeling
task. While the performance gain is marginal, the LLM
labeling process was cheap, fast and can be scaled up.

‘lake view*, ‘wrigglyville® instead of ‘wrigleyville®).
For text normalization, we construct a replacement
dictionary to correct such instances. We implement
the same priority-based claim-selection algorithm
as is used for manual annotation and string match-
ing. The post-processing system first examines the
listing title label; if no neighborhood is identified,
it analyzes the listing body label, and if still unsuc-
cessful, it checks the neighborhood field label; and
only then returns *unknown’ classification. This
aligns with how potential renters process listing in-
formation, prioritizing the most prominent textual
elements. When faced with compound neighbor-
hood designations, we prioritize the first neighbor-
hood when multiple were present, just as we do for
manual labeling and string-matching. For outputs
that contain separators (e.g. ‘uptown, ravenswood°
or ‘avondale/logan square‘), we extract the first
neighborhood claim before a separator.

3.6 Evaluation of Labeling Task

We compare the string-match and LLM labels to
the manual labels in the 200-item validation set.
Performance metrics are shown in Table 2. While
accuracy scores are comparable (GPT-4 mini’s
85% is marginally better than the string match-
ing’s 79%), the disagreements largely reflect the
inherent ambiguity of neighborhood classification
— a challenge even human annotators face when
listings claim multiple neighborhoods. A notable
advantage of the LLM approach is its efficiency and
scalability. Unlike string matching on keywords,
which requires extensive manual configuration of
locale specific patterns, the pre-trained LLM can
work with a zero-shot prompt, making it adaptable.

4 Geospatial Analysis of Neighborhoods

Although Craiglists rental listings do not compre-
hensively show every available property in the
Chicago area, there is still substantial coverage
across the city, as seen in Figure 2. As a result, we
take these rental listings to be a reasonably repre-
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Figure 2: The city of Chicago and its constituent neigh-
borhoods, as defined by Zillow, colored to represent the
number of posts for properties located in each area

sentative sampling, which we use to identify neigh-
borhoods as they might be conceived of by the
people, or at least the realtors, of Chicago.

Neighborhood boundaries are nebulous and hard
to define; even the City of Chicago and Zillow,
both with access to a great deal of data/information,
have developed quite different maps of neighbor-
hood boundaries. Figure 1 shows that while the
official Zillow and city boundaries of Humboldt
Park include most of the posts claiming to be in that
neighborhood, none of the borders are the same. In
addition, borders between neighborhoods are likely
less rigid than an official boundary might suggest;
despite being located within the formal boundaries
of Humboldt Park, there are a number of listings,
mainly around the edges, claiming to be part of
other nearby neighborhoods, primarily Ukrainian
Village, Wicker Park, or West Town.

Using the rental listings, we conceptualize the
"social center" of the neighborhood as the centroid
of all listings that claim to be located within that
neighborhood. We use geopandas to identify the
centroid of all posts claiming to be in the same
neighborhood using the latitude and longitude co-
ordinates of all property locations. The map of
Humboldt Park suggests this is an effective method,
because the social center (represented by the green
star) is in fact located in the eponymous park which
is considered to be the heart of the neighborhood.

However, not all posts claiming to be in a given
neighborhood may have the same strength to their
claim; advertisements for apartments at the center
of a popular neighborhood like Logan Square likely
have different characteristics than posts for units on
the fringes of the neighborhood. The posts on the



fringes might even be trying to seem more desirable
by claiming to be in a more popular neighborhood,
whereas it might be more of an objective descrip-
tion of location for a property actually located on
Logan Square. We conceptualize this by identify-
ing how far from the social center a post is, using
three metrics for distance: 1) Raw Distance: Eu-
clidean distance between the latitude and longitude
coordinates of the post and that of the neighbor-
hood centroid; 2) Relative Distance: raw distance
for all posts in the neighborhood projected onto a
[0,1] interval using min-max scaling; 3) Z-scored
Distance: z-scored distance for posts claiming to
be in the same neighborhood

We use these measures to distinguish a specific
subset of the posts: those on the periphery of a
neighborhood. We define peripheral posts as those
that are in the furthest 20% of posts from the cen-
troid for a given neighborhood (for any neighbor-
hood labels with at least 5 posts).

4.1 Comparison of Neighborhood Boundaries

In order to get a more concrete understanding of
different conceptions of neighborhoods, we iden-
tify two more neighborhoods to explore more in
depth: Logan Square and Pilsen.

Logan Square is a well-known neighborhood in
Chicago, and also a neighborhood label where a
large number (n=2495) of listings claim to be. We
can see in Figure 4 that the City of Chicago bound-
aries for Logan Square contain primarily postings
claiming to be in the neighborhood (orange points)
without many posts claiming to be elsewhere (pur-
ple). The Zillow boundaries do encompass Lo-
gan Square claims that the Chicago boundaries do
not, but the areas excluded by Chicago also have
a higher concentration of claims of being in other
neighborhoods. In addition, there are a number of
listings claiming to be in Logan Square that are
outside both formal boundaries—these posts would
certainly be part of the *peripheral’ posts we de-
fined earlier. This kind of posting merits further
exploration to better understand what is happening
in listings that claim to be part of a neighborhood
when that might be more likely to be contested.

Although the blue City of Chicago boundaries
appear to be a better approximation for Logan
Square in Figure 4, this is not the case for every
neighborhood. Pilsen, shown in Figure 3, is an-
other well-known neighborhood within Chicago,
but it is not included as a distinct neighborhood by
the City of Chicago. However, even though Zillow

Figure 3: Contested boundaries for Pilsen neighborhood
according to Zillow’s definition (red). Orange points
depict listings claiming to be in Pilsen, purple points
are listings claiming to be elsewhere). The green star
depicts the Pilsen neighborhood centroid. This is an
example of what we call border stretching, demonstrat-
ing how static boundary systems may not capture the
neighborhood identities as experienced by the people
living in them.

does include Pilsen as an area, it also does not seem
to define it in the same way as Craigslist advertise-
ments. Many of the posts claiming to be in Pilsen
appear in a clustered way outside of the Zillow
boundaries, and even the centroid of the Craigslist-
defined neighborhood is outside the Zillow bounds.
This could represent a developing neighborhood
identity, which may not have been as strong at the
time of the map creation, and supports the need for
a more dynamic model of neighborhoods.

S Content Analysis of Rental Listing Text

We use the tomotopy Python package to identify la-
tent topics in the content posted in Craigslist rental
advertisements. tomotopy uses Gibbs-sampling
and is based on the LDA approach described in
(Blei et al., 2003) and (Newman et al., 2009). We
prepared the text corpus by combining listing titles
and body text from the Craigslist dataset. Standard
preprocessing was applied using NLTK — lowercas-
ing, removing alphanumeric characters, tokeniza-
tion, custom stopword filtering, and lemmatization.
We remove common real estate jargon that would
otherwise dominate the topic distributions with-
out providing meaningful differentiation between
the content in different listing types. For the LDA
implementation we selected hyperparameters that
allow for moderate document sparsity (o = 0.1)
and greater topic-word concentration (n = 0.01).
We trained for 100 iterations and tried £ = 5,7
and 10 topics which returned coherence scores of
0.7344, 0.7425 and 0.7509, respectively. After
manual review we decided to focus on the k = 7 re-
sults for our remaining analysis as these had clearer
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Topics Common Words
1. Furnished Short-Term  lease, home, month, furnished,
3.6% of corpus mo, amenity, community, view,

apartment, offer, blueground, ac-
cess, neighborhood, enjoy, stay,
loop

fee, lease, included, tenant, credit,
street, pay, deposit, application,
large, move, heat, per, gas, secu-
rity, pet, utility

apartment, rental, property, place,
hill, cheap, grove, find, apt,
height, center, agency, search, lo-
cal, credit

apartment, rental, property, place,
hill, cheap, alquilar, propiedades,
buscar, alquileres, height, search,
agency, google

floor, central, new, appliance,
dishwasher, heat, large, space, air,
stainless, feature, modern, steel,
living, cat, closet

subject, unit, change, price, cen-
ter, property, onsite, hour, avail-
ability, special, dog, pricing, stu-
dio, fitness, housing, amenity
contact, info, show, click, fea-
ture, view, call, id, renovated, ,
included, closet

2. Rental Terms
25.9% of corpus

3. Property Search
1.1% of corpus

4. Spanish Language
2.1% of corpus

5. Amenities
35.0% of corpus

6. Listing Conditions
13.3% of corpus

7. Contact Information
18.9% of corpus

Table 3: Topic interpretations based LDA topic model-
ing on Chicago Craigslist rental listings.

separation than the k£ = 5 topics and are more in-
terpretable than the £ = 10 results.

5.1 Topic Interpretations

We identify seven distinct topics in the Craigslist
advertisements, shown in Table 3. These topics
reveal distinct patterns in how rental listings are
framed, which have important implications for un-
derstanding the conception of neighborhood reputa-
tion and representation in the online rental market.

Topic 1 focuses on furnished short-term rentals,
highlighting amenities and comfort with words like
“furnished," “month," and “stay," suggesting a mar-
ket segment catering to temporary residents seek-
ing turnkey living situations. Topic 2 centers on
rental requirements and financial considerations,
with terms like “fee," “credit,” “deposit," and “ap-
plication," reflecting the administrative and finan-
cial aspects of renting. Topics 3 and 4 both relate
to property search, with Topic 4 specifically in-
cluding Spanish-language terms like “alquilar" and
“propiedades," indicating efforts to reach Spanish-
speaking audiences in Chicago’s rental market.
Topic 5, the most prevalent across the corpus at
approximately 35% of document content, focuses

on apartment features and amenities such as “appli-
ance," “stainless," “modern," and “dishwasher," un-
derscoring the prevalence of interior quality in mar-
keting rental properties. Topic 6 addresses listing
conditions and availability, featuring terms related
to pricing, special offers, and property policies. Fi-
nally, Topic 7 concentrates on contact information
and viewing arrangements, with words like “con-
tact,” “show," “click," and “schedule," facilitating
the connection between potential renters and prop-
erty managers. The distribution of these topics
across advertisements reveals how Chicago’s rental
market is presented online, with physical features
and financial terms dominating the discourse.

" e
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5.2 Regression Analysis

We estimate the relationship between listing char-
acteristics and proximity to the social center of
an associated neighborhood using OLS regression
with relative distance to neighborhood center as
our primary dependent variable. Our model in-
cludes unit characteristics (bedrooms, bathrooms,
rent, and square footage) and the topic proportions
identified in our LDA analysis. For a full table of
regression outputs see Table 5 in the Appendix.

This analysis reveals several patterns in spatial
representations. Advertisements with more bed-
rooms/bathrooms are associated with being further
from neighborhood centers, while higher-priced
listings are closer to their respective social cen-
ters. Most notably, listings with higher proportions
of Topic 3 (Property Search) content exhibit in-
creased relative distance from the center of the
neighborhood (+0.20, p<0.001). Conversely, list-
ings emphasizing apartment amenities (Topic 5) are
associated with being closer to the centroid (-0.03,
p<0.01). These findings indicate that misrepresen-
tation is not random but correlates with specific
marketing approaches in rental listings.

6 Results

Our analysis of over 30,000 unique Chicago rental
listings reveals that neighborhood boundaries are
actively renegotiated through strategic linguistic
claims. By establishing a “social center” for neigh-
borhoods based on the density of textual claims
rather than rigid municipal boundaries, we demon-
strate how agents navigate the tradeoff between
geographic reality and reputational leverage. The
following sections detail our findings in relation to
our primary research questions.
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6.1 Labeling Viability (RQ1)

We find that Large Language Models are highly ef-
fective for identifying neighborhood claims within
unstructured text, outperforming traditional string-
matching techniques. While the accuracy gain is
incremental (85% for GPT-4.1 mini vs. 79% for
string-matching), the LLM approach can scale be-
yond Chicago to other urban contexts without re-
quiring reconfiguration or the same level of local
real estate knowledge. Our labeling system prior-
itizes precision by selecting the single strongest
neighborhood claim, addressing the inherent ambi-
guity found in listings that mention multiple areas.

6.2 Defining Social Centers (RQ2)

Our geospatial analysis reveals that the “social
center” of a neighborhood—defined as the cen-
troid of all property listings claiming that iden-
tity—often aligns with local landmarks, such as
the eponymous park in Humboldt Park. However,
these Craigslist-defined centers frequently diverge
from institutional boundaries. We identify signifi-
cant variation in representation: neighborhoods like
Lake View are heavily overrepresented in claims
relative to their Zillow-defined footprints, while
areas such as Englewood and North Austin are sig-
nificantly underrepresented, suggesting a lack of
strong neighborhood identity or the presence of
territorial stigma in the rental market.

6.3 Linguistic Substitution (RQ3)

Our analysis characterizes spatial misrepresenta-
tion not as random market noise, but as a pre-
dictable distortion of urban space. We identify
three distinct patterns of spatial claim discrepan-
cies: (1) Conflicting Conceptions, where stake-
holders disagree on boundaries (e.g. Humboldt
Park in Figure 1); (2) Border Stretching, where
listings claim adjacent, plausible neighborhoods
(e.g. Pilsen in Figure 3); and (3) Reputation Laun-
dering, where properties or peripheral areas claim
association with distant, desirable neighborhoods.

To identify these patterns systematically, we op-
erationalize “peripheral claims" as those located
in the furthest 20% from a neighborhood’s so-
cial centroid. By comparing these LLM-labeled
claims against institutional Zillow boundaries,
we find evidence of systematic over and under-
representation. Specifically, Lake View is signif-
icantly overrepresented—claimed more frequently
than geographic distributions would predict—while

neighborhoods such as Englewood, North Austin,
and Hanson Park are significantly underrepresented.
This pattern is consistent with reputation launder-
ing: agents appear to distance properties from stig-
matized neighborhood names while strategically
claiming higher-status alternatives.

This substitution is statistically observable
through a compensatory language pattern. Regres-
sion results show that as properties move further
from the neighborhood social center, listing agents
substitute symbolic identity for physical proxim-
ity. For instance, generic property search language
(Topic 3) is positively associated with relative dis-
tance from centroid (4-0.20, p < 0.001), while spe-
cific interior amenity language (Topic 5) is neg-
atively associated (—0.03,p < 0.01). Further,
compared to central listings, the language used
in peripheral listings shifts from location specific,
non-portable amenities (Topics 1,5) toward more
abstract and generic property-search language (Top-
ics 2,3,4,6,7), a pattern illustrated in Figure 1.

7 Implications Beyond Sociology

The use of LLMs has exploded in recent years, and
they can be seen by the general public as a simple,
reliable solution to many routine problems. How-
ever, it remains an open question how powerful
they may be in interdisciplinary research (Ziems
et al., 2024). In order to better understand the im-
pact of NLP on a broader scale and help address
a specific question in the field of Urban Sociol-
ogy, we demonstrate the effectiveness of LLMs at a
notoriously difficult task: identifying where rental
listings claim to be located on a large scale, in order
to inform our understanding of processes of social
construction of urban space.

However, although the impact of language mod-
els on this task may be transformative in the abil-
ity to quickly expand the scope of analysis, the
quantifiable improvement on simple algorithms de-
signed by experts is perhaps more incremental. In
addition, the LLM labeling was certainly not per-
fectly accurate, suggesting that there is still room
for improvement in large language models that
might not be captured by tests and benchmarks de-
veloped solely within the field of NLP, and that in-
terdisciplinary collaboration could lead to improve-
ments both in NLP methodology and in making
research questions and analyses in a broad range of
fields more tractable and scalable.
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8 Limitations

Our analysis of Craigslist rental listings provides
valuable insights into neighborhood claims and so-
cial construction, but several important limitations
should be acknowledged. The process of collecting
data from Craigslist presents inherent challenges re-
garding post uniqueness and identification. Despite
our deduplication efforts, the platform’s structure
makes it difficult to definitively determine which
posts represent truly unique listings versus slightly
modified versions of the same property.

While our dataset offers substantial coverage
across Chicago neighborhoods, it cannot claim to
be fully representative of the entire rental market.
Craigslist represents just one segment of available
rental properties, potentially skewing toward cer-
tain price points or property types. Additionally,
our data may over represent certain management
companies and realtors who post frequently on
the platform, as opposed to “mom and pop" own-
ers. These high-volume posters are more likely to
use standardized language across multiple listings,
which may introduce uniformity in how neighbor-
hoods are described that doesn’t reflect broader
market patterns.

A fundamental challenge in this research is the
absence of an authoritative catalog of Chicago’s
neighborhoods. As we argue, such a catalog is
conceptually impossible. For practical purposes,
we relied on Zillow’s neighborhood boundaries as
our primary reference, but these designations do
conflict with local understandings. For example,
questions arise about whether "West Loop" con-
stitutes its own neighborhood distinct from "West
Loop Gate," or whether "East Rogers Park" should
be considered separate from "Rogers Park." These
ambiguities reflect the socially constructed nature
of neighborhoods themselves. Also, many units
along Lake Michigan have a view of the water,
and therefore advertise “views of the lake" or “lake
views" which can be impossible to distinguish from
listings claiming to be a “lake view" without con-
sidering the corresponding latitude and longitude
coordinates.

Furthermore, assigning a single neighborhood
label to each listing proved challenging when adver-
tisements contained multiple, sometimes compet-
ing neighborhood claims. Our hierarchical labeling
approach (prioritizing title, then body, then neigh-
borhood field) necessarily simplifies what can be
complex spatial positioning strategies employed

by listing agents. A rental advertisement might
strategically claim association with multiple neigh-
borhoods simultaneously, a nuance our single-label
framework cannot fully capture. For instance, a list-
ing located on the border between Logan Square
and Humboldt Park might leverage both neighbor-
hood identities depending on the perceived audi-
ence and market conditions.

These limitations highlight the inherent complex-
ity of studying socially constructed spatial bound-
aries through digital traces and suggest opportuni-
ties for future research employing more nuanced
approaches to neighborhood identification and clas-
sification.
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A Full Performance Metrics for Neighborhood Claim Validation
A.1 Topic Modeling Results

Working with more than 35,000 unique and often verbose advertisements, we fit a topic model on k = 25
topics to identify main themes in the rental listings. We do not provide interpretations of the topic, but
show the common words in Table 6.

String Match GPT-4 Mini

Neighborhood Prec. Recall F1 Prec. Recall F1 Support
the loop 0.12 050 020 1.00 1.00 1.00 2
rogers park 1.00 1.00 1.00 075 1.00 0.86 3
lake view 063 086 073 094 073 0.82 22
ranch triangle - 0.00 0.00 - 0.00 0.00 1
lincoln park 090 1.00 095 094 0.89 091 18
fulton river district - 0.00 0.00 1.00 1.00 1.00 1
south loop 1.00 1.00 1.00 1.00 1.00 1.00 3
park west - 0.00 0.00 - 0.00 0.00 1
west town 1.00 1.00 1.00 1.00 1.00 1.00 1
logan square 0.88 088 0.88 0.89 1.00 0.94 8
lake view east - 0.00 0.00 090 090 0.90 10
university village - little italy ~— — 0.00 0.00 - 0.00 0.00 2
uptown 1.00 0.83 091 1.00 0.83 0091 6
wicker park 1.00 1.00 1.00 1.00 1.00 1.00 4
portage park 1.00  1.00 1.00 1.00 1.00 1.00 2
old town 1.00 083 091 1.00 0.83 091 6
avondale - 0.00 0.00 - 0.00 0.00 1
west loop gate - 0.00 0.00 1.00 1.00 1.00 4
streeterville 1.00 1.00 1.00 1.00 1.00 1.00 2
ravenswood 1.00 0.80 0.89 1.00 0.80 0.89 5
wrigleyville .00 0.67 080 1.00 1.00 1.00 3
river north 0.83 071 077 086 0.86 0.86 7
buena park 1.00 1.00 1.00 0.75 1.00 0.86 3
bucktown 1.00 1.00 1.00 1.00 1.00 1.00 7
kenwood - 0.00 0.00 1.00 1.00 1.00 1
old irving park 1.00 1.00 1.00 1.00 1.00 1.00 1
edgewater .00 1.00 1.00 1.00 1.00 1.00 5
pilsen 1.00 1.00 1.00 1.00 1.00 1.00 7
garfield ridge 1.00 1.00 1.00 1.00 1.00 1.00 |
humboldt park 1.00 1.00 1.00 1.00 1.00 1.00 1
andersonville 1.00 1.00 1.00 1.00 0.67 0.80 3
west rogers park 1.00 1.00 1.00 1.00 1.00 1.00 1
ukrainian village 1.00 1.00 1.00 1.00 1.00 1.00 1
gold coast 0.75 1.00 086 0.75 1.00 0.86 3
hyde park 1.00 1.00 1.00 1.00 1.00 1.00 1
roscoe village 1.00 1.00 1.00 0.33 1.00 0.50 2
east garfield park 1.00 1.00 1.00 1.00 1.00 1.00 1
albany park 1.00 1.00 1.00 1.00 1.00 1.00 1
lincoln square 0.33  1.00 050 0.00 0.00 0.00 1
south shore 1.00 1.00 1.00 1.00 1.00 1.00 1
hermosa 1.00 1.00 1.00 050 1.00 0.67 1
ravenswood manor - 0.00 0.00 - 0.00 0.00 1
unknown 078 088 082 050 050 0.50 8
Average Metrics Total: 163
Accuracy 0.79 0.85

Macro Avg 076 074 062 0.78 0.81 0.70

Weighted Avg 0.88 079 077 091 085 0.85

Table 4: Detailed performance metrics by neighborhood for string matching and GPT-4 Mini classification methods.
The Support column indicates the number of test samples for each neighborhood. Dashes indicate cases where
precision could not be calculated due to zero predictions.
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Variable Coef. Std. Err. t P>t

Intercept 0.10 0.01 10.40  0.00
Bedrooms 0.02 0.00 8.83  0.00
Bathrooms 0.02 0.00 6.25  0.00
Rent 0.00 0.00 -1456 0.00
Square Footage 0.00 0.00 2.17  0.03
Topic 2 Rental 0.03 0.01 3.40  0.00
Topic 3 Property 0.20 0.01 14.99  0.00
Topic 4 Spanish 0.10 0.01 9.42  0.00
Topic 5 Amenities  -0.03 0.01 -2.98  0.00
Topic 6 Condition 0.02 0.01 1.86  0.06
Topic 7 Contact 0.05 0.01 5.56  0.00

Table 5: Regression results demonstrating how relative distance from the center of the neighborhood associates with
rental unit characteristics.
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Figure 4: Contested boundaries for Logan Square neighborhood according to the official City of Chicago limits
(blue), Zillow’s definition (red), and claims in Craigslist rental listings (orange points for listings claiming to be
in the neighborhood, purple if claiming to be elsewhere); the center of our Craigslist-defined neighborhood is

represented by a green star. Logan Square represents a popular neighborhood with many postings and a number of
nearby listings claiming to be within the neighborhood.
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Table 2: Topics for k = 25

Topic Common Words

Topic 1 hyde, property, si, terrace, la, estos, con, mac, elli, street

Topic 2 large, space, floor, living, dining, closet, bedroom, heat, storage, central
Topic 3 contact, call, schedule, photo, tour, please, unit, info, show, actual

Topic 4 space, walk, home, lease, great, living, street, one, loft, large

Topic 5 real, estate, star, text, tour, community, view, lounge, apartment, finish

Topic 6 lease, mo, blueground, month, furnished, amenity, stay, offer, view, access
Topic 7 cat, feature, floor, call, dishwasher, one, fee, lakeview, n, dog

Topic 8 modern, heat, property, central, bus, appliance, call, gas, cat, air

Topic 9 apartment, rental, lake, property, place, hill, alquilar, cheap, new, grove

Topic 10 unit, special, availability, subject, dog, weight, onsite, please, price, various
Topic 11 view, center, lake, amenity, free, onsite, community, michigan, call, window
Topic 12 fee, credit, deposit, tenant, new, security, included, move, pay, pet

Topic 13 hyde, apartment, regent, horas, onsite, market, la, est, e, museum

Topic 14 apartment, rental, lake, property, place, hill, cheap, find, new, grove

Topic 15 studio, property, bjb, internet, complimentary, e, change, picture, subject, fitness
Topic 16 fee, mile, white, home, tile, neighborhood, make, company, new, tenant
Topic 17 housing, water, included, heat, opportunity, landstar, equal, group, act, feature
Topic 18 contact, show, info, price, availability, email, renovated, included, click, web
Topic 19 lake, bus, block, cta, walk, red, minute, away, stop, distance

Topic 20 info, contact, show, click, il, id, feature, friendly, text, n

Topic 21 amenity, view, center, pool, fitness, luxury, outdoor, lounge, garage, window
Topic 22 logan, banker, coldwell, square, blue, real, estate, please, opportunity, equal
Topic 23 hyde, village, height, center, drexel, grand, nuestros, river, maintenance, m
Topic 24 fee, per, cat, lease, dog, application, deposit, one, heat, gas

Topic 25 new, appliance, stainless, steel, floor, central, large, feature, granite, dishwasher

Table 6: Topic clusters from LDA topic modeling on Chicago Craigslist rental listings, £ = 25.
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Abstract

Social media platforms have become central
to modern communication, yet they also har-
bor offensive content that challenges platform
safety and inclusivity. While prior research
has primarily focused on textual indicators of
offense, the role of emojis, ubiquitous visual
elements in online discourse, remains under-
explored. Emojis, despite being rarely offen-
sive in isolation, can acquire harmful meanings
through symbolic associations, sarcasm, and
contextual misuse. In this work, we system-
atically examine emoji contributions to offen-
sive Twitter messages, analyzing their distribu-
tion across offense categories and how users
exploit emoji ambiguity. To address this, we
propose an LLM-powered, multi-step modera-
tion pipeline that selectively replaces harmful
emojis while preserving the tweet’s semantic
intent. Human evaluations demonstrate that
our approach effectively reduces offensiveness
while preserving semantic integrity. Our anal-
ysis also reveals heterogeneous effects across
offense types, offering nuanced insights for on-
line communication and emoji moderation.

1 Introduction

Social media platforms host an incredibly diverse
range of content, which is central to how people
communicate online. However, due to varying de-
grees of censorship policies, platforms like Twitter
often become repositories for offensive language,
threatening the cohesion and safety of online com-
munities (Davidson et al., 2019). When analyzing
offensive tweets, most research has focused on tex-
tual elements—explicit slurs, abusive phrases, or
implicit language that reflects social biases (Caselli
et al., 2020; Zampieri et al., 2019). In response,
scholars have developed various approaches, many
leveraging Large Language Models (LLMs), to de-
tect offensive content across cultural and linguistic
contexts (Zhou et al., 2023a; Deng et al., 2022a).

Yet, despite these efforts, one critical aspect of on-
line communication has been largely overlooked:
the role of emojis in conveying offensive messages.
Emojis, as visual symbols, are embedded in the
context of communication and carry more com-
plex semantics than individual words. On the one
hand, very few emojis directly convey offensive
meanings: exceptions include emojis like ¢ (mid-
dle finger) and & (pile of poop), as emojis are
generally not designed with the intent to offend.
On the other hand, the widespread use of emojis
leads to varying interpretations. Emojis, with their
symbolic representation of objects or ideas through
similar shapes, can convey offensive meanings. For
example, users often use the ¥ (peach) emoji to
symbolize buttocks and the b3 (droplets) emoji to
symbolize sperm. Moreover, for sentiment-related
emojis, one of the key characteristics of emojis is
their ability to express irony or sarcasm (Hu et al.,
2017). Emojis such as (& (upside-down face) and
27 (rolling on the floor laughing) are often used
to intensify offense by conveying a sarcastic tone.
Even emojis typically associated with positive sen-
timent, such as & (smiling face with heart-eyes),
can take on an offensive meaning when used in
inappropriate contexts, such as sexual harassment.
Given the subtle yet potent ways in which emojis
contribute to offensive communication, it is essen-
tial to systematically examine their roles within
online discourse. We begin by identifying emojis
frequently found in offensive tweets and analyz-
ing how they relate to different types of offensive
content. To deepen our understanding, we classify
offensive tweets by category and investigate which
emojis are commonly used within each category.
While content moderation has traditionally fo-
cused on text (Zampieri et al., 2019; Pitsilis et al.,
2018; Husain and Uzuner, 2021), we argue that
emojis present a common jailbreaking way that
users exploit, either deliberately or unintentionally,
to convey offensive meaning through stereotypi-
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cal associations. To empower users to navigate
this complex landscape, we propose an audience-
oriented, mitigation-focused pipeline powered by
LLMs. Rather than resorting to full-text rewrit-
ing, which can eliminate linguistic nuance, our
approach performs a targeted emoji replacement.
This lightweight intervention is designed to reduce
the perceived offense for the viewer while preserv-
ing the semantic intent. The pipeline is imple-
mented to identify emojis that have the potential
to evoke offense, and recommend emoji surrogates
that preserve the tweet’s semantics. Human evalua-
tions show that this pipeline effectively reduces of-
fensiveness while maintaining the tweet’s meaning.
We also analyze its heterogeneous effects across
different tweet types and examine the relationship
between emoji functionality and offensiveness.
We summarize our contributions as follows:

* We explore the relationship between emojis and
offensive content in online communication, ex-
amining the roles emojis play under different
offensive types.

* We design and implement a multi-step LLM
pipeline to better moderate offensive emojis in
tweets and recommend emoji surrogates.

* We conduct a human evaluation to demonstrate
the effectiveness of our pipeline and analyze its
heterogeneous effects across offensive types.

2 Related Work

Our work is based on two lines of existing work:
emoji functionality and offensive content detection.

Emoji Functionality and Interpretation Emo-
jis, as prevalent visual elements, have attracted the
interest of researchers. The semantics embedded
in emojis extend beyond a single word token, giv-
ing their various functionalities such as expressing
sentiments and irony, softening tones, and enhanc-
ing communication (Ai et al., 2017; Ge, 2019; Hu
etal., 2017; Miller et al., 2016; Cramer et al., 2016).
The rich meanings and diverse functionalities of
emojis make them useful in various tasks, includ-
ing sentiment analysis, predicting user behavior,
and increasing communication (Felbo et al., 2017;
Chen et al., 2018, 2019; Zhou et al., 2023b; Zhou
and Ai, 2022).

Offensive Content Detection The prevalence of
social networks has encouraged users to develop

more flexible forms of offensive behavior. Re-
searchers have examined patterns of offense in on-
line communication and developed various meth-
ods to detect and mitigate offensive content in text
(Davidson et al., 2019, 2017; Pitsilis et al., 2018;
Poletto et al., 2021). There is increasing interest in
leveraging them for the effective detection of hate
speech and other hidden performance bias (Huang
et al., 2023; Li et al., 2023; Zhu et al., 2023; Zhou
et al., 2025). Furthermore, due to their text gener-
ation capabilities, some studies have used LLMs
to augment collected datasets, thus enhancing the
robustness of hate speech detection models (Xiao
et al., 2024; Nghiem and Daumé 111, 2024).

Beyond general offense, researchers have ex-
plored offenses of different types (Vandenbosch
et al., 2015; Davidson et al., 2019; Zhong et al.,
2019), as each offense type tends to target dif-
ferent groups. Given the strong link between of-
fense and culture, researchers have also explored
offensive content across multiple languages (Pit-
silis et al., 2018; Deng et al., 2022b; Husain and
Uzuner, 2021; Battistelli et al., 2020) and more
increasingly diverse datasets have emerged to en-
hance the detection of offensive content. A few
recent studies study the value of emojis as signals
for offensive language detection (Kirk et al., 2021;
Mubarak et al., 2023; Wiegand and Ruppenhofer,
2021). Furthermore, our research contributes to the
understanding emoji-based offense in two unique
ways. First, we conduct a systematic, bottom-up
analysis of how a wide range of emojis contribute
to offensive language. Second, building on this
systematic understanding, we propose a pipeline
that aims to reduce offensiveness through targeted
emoji replacement, beyond the task of detection.

3 Emojis in Offensive Contexts

We begin our exploration of emoji functionality
in offensive contexts by analyzing their roles and
distributions. To identify offensive content, we first
collected a broad, random sample of public tweets
geolocated to the U.S. from January 1 to December
31, 2019, via the Twitter API'. We then employed
a two-step approach to create a high-quality dataset
of offensive tweets. Given the prohibitive cost of
applying LLMs to our full one-year dataset, we
first used the efficient finetuned RoBERTa model

1https://developer.twitter.com/en/docs/
twitter-api
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2 to perform a broad initial filtering (Liu et al.,
2019; Barbieri et al., 2020). The goal of this step
was high recall to capture a wide range of poten-
tially offensive content. Tweets with a predicted
probability greater than 0.5 were selected, and this
smaller subset was then processed by GPT-4 for a
high-fidelity classification of whether the tweet con-
tained offensive content (OpenAl, 2023). Detailed
prompts can be found in Appendix A.2. Our choice
of GPT-4 for this large-scale annotation task was
informed by prior work demonstrating that LL.Ms
show strong agreement with human judgments on
nuanced social computing tasks, including emoji
interpretation (Zhou et al., 2024b; Lyu et al., 2024).

This process resulted in 9,285 annotated offen-
sive tweets. To ensure precise annotation, we define
offensive content as posts containing unacceptable
language (profanity) or targeted offenses, whether
direct or veiled, including insults, threats, profane
language, or swear words, following the defini-
tion used in previous work (Poletto et al., 2021;
Zampieri et al., 2019). Moreover, to validate the
annotation quality, one author manually reviewed
a random sample of 100 tweets and confirmed 91
out of 100 as offensive tweets.

3.1 Emoji Role in Offensive Tweets

To understand how emojis function in offensive
tweets, we developed a taxonomy grounded in the
literature on emoji functions (Section 2) and their
interaction with offensive language. We categorize
emojis into four roles:

* Offensive in itself. The emoji alone constitutes
an offense, such as « (middle finger).

* Intensify offense. Emojis can enhance the inten-
sity of an offensive tweet by expressing irony or
sarcasm (Weissman and Tanner, 2018), thereby
amplifying its offensive nature.

» Mitigate offense. Emojis can also soften or ad-
just the tone of a tweet, reducing its offensive
impact (Cramer et al., 2016; Ge, 2019).

* Unrelated to offense. The emoji is not directly
connected to the offensive content of the tweet.

Based on the proposed taxonomy, we use GPT-
4 to annotate the role of all emojis present in the
collected offensive tweets. Furthermore, to vali-
date the annotation quality, one author annotated a

Zhttps://huggingface.co/cardiffnlp/twitter-roberta-base-
offensive

Offense in itself 4 94
5,214

Intensify offense

Mitigate offense

Unrelated to offense 2,324

3000 4000 5000
# of Emojis

0 1000 2000

Figure 1: Distribution of emoji role in offensive tweets

Role Top 10 Frequent Emojis
a0 BNV

Intensify offense LYV YY

Offensive in itself

3G @9 &

Mitigate offense LYYV

Unrelated to offense @@ M@ @q»

Table 1: Top-10 emojis under each emoji role in offen-
sive tweets

random sample of 100 tweets from the dataset and
confirmed an agreement of 83%. The distribution
of emoji roles is illustrated in Figure 1. Detailed
prompts can be found in Appendix A.2.

The distribution (Figure 1) reveals that most an-
notated emojis intensify, mitigate, or are unrelated
to the offense, with few being offensive in them-
selves, as expected given that few emojis carry
inherently offensive meanings. The prevalence of
intensification suggests a notable link between emo-
jis and offensive expression. Table 1 lists the top 10
emojis for each role. Emojis categorized as “Offen-
sive in itself” (e.g., &, « ) show no overlap with
other categories and are often used for direct in-
sults. Conversely, significant overlap exists among
the top emojis for the other roles. Emojis like &
and @ appear across these categories, highlighting
their context-dependent functions. Notably, even
positive emojis like & can intensify offense, par-
ticularly in contexts like sexual harassment.

Given that specific emojis (e.g., @) seem linked
to particular offensive themes, we next apply topic
modeling to further explore emoji usage across
different types of offensive content.

3.2 Emojis Associated with Different
Offensive Topics

To better understand the offensive context in which
each emoji appears, we identify the latent offen-
sive types embedded in each tweet and explore
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the emojis associated with each specific type. To
summarize the offensive types across tweets, we
first clustered tweets into distinct topics using unsu-
pervised topic modeling (BerTopic (Grootendorst,
2022)). We then extracted representative words
(ranked by tf-idf) for each topic and used GPT-4
to generate topic descriptions (Aizawa, 2003). We
set a minimum threshold of 20 documents per clus-
ter for our dataset, resulting in the identification
of 14 distinct topics. Using the topic descriptions
and representative keywords, we employed GPT-4
to summarize the offensive types and align each
topic with its corresponding offense category. The
types and their associated topic descriptions are
presented in Table 8 in Appendix B.

To validate our GPT-4-assisted thematic group-
ing, we performed two checks. First, our derived
categories align well with established offense types
like sexual and violent offenses from related work
(Vandenbosch et al., 2015; Davidson et al., 2019).
Second, to quantitatively assess the rigor of the
GPT-4 annotations, one author annotated a random
sample of 100 tweets from the dataset and con-
firmed an agreement of 84%.

Based on the associated topics under each type,
we further summarize the taxonomy of each offen-
sive type, as outlined below:

* Sexual Content and Gender Issues: This of-
fensive type includes sexual harassment, gender
discrimination, body shaming, and objectifica-
tion. Gender-based insults and derogation also
fall into this category.

* Personal Attacks and Disrespect: This includes
direct insults, disrespect, or derogation targeting
individuals based on personal characteristics.

* Racial and Ethnic Offense: This includes racial
slurs, ethnic stereotyping, and various forms of
discrimination based on race or ethnicity.

* Political and Social Issues: This includes politi-
cal attacks and harassment against individuals or
groups over their political views.

* Violence and Abuse: This includes topics re-
lated to physical or verbal abuse and violence.
This can be related to threats, aggressive behav-
iors, and other forms of violence as forms of
offensive content.

We aggregate the emojis within each topic and
use the matching relationship between topics and

Offense Type Top 10 Frequent Emojis

Sexual Content

SNTePBLLH &

Personal Attacks and Disrespect

Racial and Ethnic Offense

Political and Social Issues REQOVS (=

Violence and Abuse POV e

Table 2: Top-10 emojis under different offense types.
Note that there are 8 emojis for the offense type: politi-
cal and social issues, in our dataset.

offensive types to assign emojis to each offensive
type. In Table 2, we present the top 10 most fre-
quent emojis for each offensive type. We note that
for the type of “political and social issues” of of-
fense, only 8 emojis are present.

From Table 2, we observe that different offensive
types are associated with distinct sets of frequently
used emojis. The emojis used often reflect the of-
fensive nature of the tweet. For tweets classified
as “Sexual Content,” we find that users frequently
employ emojis such as o7 (droplets), \§ (eggplant),
and W (tongue) to symbolize body parts. Emo-
jis like @ (smiling face with heart-eyes) and &
(kiss), which typically convey positive sentiment,
are used in these contexts to amplify the offensive-
ness when combined with sexual content. For the
“Personal Attacks,” “Racial Offense,” and “Political
Issues™ categories, item-related emojis such as &
(pile of poo), (i (trash), and @ (rat) are commonly
used to dehumanize the target and intensify the of-
fensive content. Moreover, for the "Violence and
Abuse" category, the most frequent emojis, such as
@ (rage) and @ (cursing face), reflect users’ ag-
gressive emotions and sentiments. These findings
demonstrate that specific emojis are closely related
to the offensive context of the tweet, amplifying
the underlying offensive content.

Now that we have explored the prevalent offen-
sive types and their associated emojis, we are also
interested in understanding whether these emojis
are predominantly used in offensive content or ap-
pear more frequently in unoffensive content. In the
next section, we will address this question by quan-
tifying the distribution of emojis across unoffensive
and offensive tweets.

3.3 Emoji Distribution: Usage in Offensive vs.
Non-Offensive Tweets

To quantify this distribution and determine whether
the emojis listed in Table 1 are predominantly as-
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Frequency in offensive tweets  Emojis

High frequency S ANRQEOWRNY
Moderate frequency PWPVLTH > ¢
Low frequency LIS ADY IS

Hee

)
we'e

Table 3: Categorization of Emojis Based on Frequency
in Offensive vs. Non-Offensive Tweets.

sociated with offensive content, we analyzed usage
patterns: For each target emoji, we randomly col-
lected a sample of 1,000 tweets containing it and
calculated the proportion of offensive tweets within
the sample for that specific emoji.

This percentage reflects how frequently an emoji
co-occurred with offensive content within our col-
lected samples. We then categorized the emojis
based on this calculated offensive content rate:

* High Frequency: Emojis where over 30% of the
tweets in their respective sample were offensive.

* Moderate Frequency: Emojis where 20% to
30% of the tweets in their respective sample were
offensive.

* Low Frequency: Emojis where less than 20% of
tweets in their respective sample were offensive.

Table 3 presents the emojis categorized accord-
ing to their association level with offensive content
based on this analysis.

Table 3 indicates that most emojis appearing in
offensive tweets with a high frequency are item-
related, used to dehumanize others or suggest body
parts. For moderately frequent emojis, we find
that they predominantly convey negative sentiment,
such as &9 and @. In contrast, emojis with positive
or neutral sentiment are used less frequently in of-
fensive tweets. This suggests that offensive tweets
are more likely to be accompanied by negative or
dehumanizing emojis.

4 Reduce Offense with Language Models

The analysis so far emphasize that emojis play a
significant role in conveying offense, with their
function closely tied to the context of the tweet.
Our next question shifts from content creation to
content consumption: how can we empower users
to curate a less offensive online experience? Rather
than relying on platform moderation, we explore
an audience-oriented intervention. This approach
is motivated by recent work showing that audience

desire more personalized control over their content
consumption (Jhaver et al., 2023), effectively fram-
ing the goal from censoring authors to empowering
viewers to manage their online experience.

While audience-side tools are promising, heavy-
handed solutions like a full-text rewrite of an offen-
sive tweet can be counterproductive. Such rewrit-
ing can drastically reduce content diversity (Pad-
makumar and He, 2023; Guo et al., 2023), and
audience may still wish to understand the gist of
the original message. Therefore, we propose a
more nuanced, audience-side pipeline that acts as
a lightweight filter, selectively replacing the of-
fensive emojis. Functioning much like a browser
extension, this targeted approach does not alter an
author’s original writing. Instead, it operates on
the viewer’s end to reduce their exposure to of-
fensive content, thereby enhancing their subjective
experience.

4.1 Task Setup

Our goal is to design a tool that, from the audi-
ence’s perspective, replaces potentially offensive
emojis with surrogates that mitigate perceived of-
fense while preserving the semantic meaning. We
design a multi-step pipeline that leverages LLMs
to iteratively select appropriate emoji surrogates.
This process is guided by our findings from Sec-
tion 3, which we incorporate into the prompts to
ensure that the replacements align with the original
tweet. The input is any tweet a user encounters on
their feed. The output of our pipeline is a locally
rendered version of that tweet, where potentially
offensive emojis have been substituted with alter-
natives to enhance the viewing experience.

4.2 Pipeline to Identify Emoji Surrogate

Our pipeline consists of four steps. Initially, we
classify whether the tweet contains offensive con-
tent. If offensive content is detected, we then cat-
egorize the roles of each emoji into one of four
categories, as described in Section 3.1. Once we
identify emojis that either serve as the offense them-
selves or intensify the offensive tone, we leverage
LLMs to suggest appropriate emoji surrogates. We
present the visualization in Figure 2. Below, we
provide a detailed explanation of each step and the
details of prompts are shown in Appendix B.2.

Offensive Content Classification Our first step
is to determine whether the tweet contains offen-
sive content. If offensive content is identified, we
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Skip: No offense detected

_— —

s
Tweet | | Identify Identify | |Search emoji Summarize |
Post Offense Type Emoji Role surrogates Jjustification

Skip: Emoji unrelated to offense

Figure 2: Multi-step pipeline to suggest the emoji sur-
rogates for selected tweets. The blue person icon repre-
sents the end-user of our system.

prompt LLMs to classify it into one of the pre-
defined offensive types (sexual, personal attacks,
racial offense, political issues, or violence). To
guide the model, we include the taxonomy of of-
fensive types within the prompt, along with two
demonstrations: one featuring an offensive tweet
and the other a non-offensive tweet, to serve as
examples for accurate classification. For non-
offensive tweets, we leave them as is, while of-
fensive tweets are passed to the next stage.

Determining the Role of Each Emoji We pro-
vide the LLM with the identified offense type (from
step 1), our four-dimensional emoji role taxonomy
and exemplars for each role. Crucially, we incorpo-
rate findings from our analysis (Section 3), such as
common emojis for each offense type and role, and
their general offensive frequency, into the prompt
to guide the LLM towards more contextually accu-
rate role identification.

Recommending Emoji Surrogates We ask the
LLMs to suggest emoji replacements that remain
consistent with the original content and sentiment
of the tweet. We also include two demonstrations
within the prompt. Emojis classified as “Mitigate
offense” or “Unrelated to offense” are intentionally
preserved to prevent losing the original semantics.

Summarize the justification Finally, we ask
LLMs to summarize the reasoning of emoji re-
placement. The output presented a summarized
justification explaining how the emoji substitutions
reduce the offense level.

4.3 Experiment and Setup

For the experiment, we use GPT-4 as the LLM to
recommend emoji surrogates and run the multi-step
pipeline on our collected 9,285 offensive tweets
(Section 3). To demonstrate effectiveness, we com-
pare it with a direct prompting baseline, where the
LLM is simply asked to replace emojis in offensive
tweets to mitigate offense while maintaining tone
(prompt details are shown in Appendix B.2).

After running our proposed pipeline, we gener-
ated emoji surrogates for a total of 7,142 tweets.
For the remaining offensive tweets, no emojis were
identified as playing a role in intensifying offense
or directly representing offensive content.

4.4 Qualitative Evaluation

Emoji Distribution after Substitution We first
examine whether offensive emojis were effectively
eliminated by comparing the emoji distributions for
each offensive type before and after running our
pipeline and the baseline. Our analysis shows the
multi-step pipeline successfully eliminates most
item-based emojis frequently used for offense (e.g.,
&, 02, §) and reduces the frequency of negative
sentiment emojis (@, @) and those with sarcas-
tic tones (). In contrast, the direct prompting
method retained many problematic emojis (e.g., 03,
¥ in sexual content). This suggests our multi-step
approach, informed by prior analysis, is more ef-
fective at filtering offensive emojis. (The full emoji
comparison in Table 9 in Appendix B.1).

Case Studies To illustrate the pipeline’s effec-
tiveness, we present several case studies covering
different offensive types. These examples show-
case how the pipeline identifies the role of emojis
in context and recommends appropriate, less offen-
sive surrogates while providing step-by-step justi-
fications. These detailed examples and the LLM’s
reasoning are provided in Appendix 4.6.

4.5 Human Evaluation

This section details the human-centered study to as-
sess the pipeline’s effectiveness for reducing emoji-
related offensiveness from a viewer’s perspective.

Evaluation Design The goal of our pipeline is
to reduce offensiveness while preserving seman-
tics. A straightforward evaluation approach is to
present the original and processed tweets side by
side and ask audience to assess whether the pipeline
effectively reduces offensive content and whether
semantic meaning is preserved. However, this
method may introduce cognitive bias, as audience
might be inclined to perceive the two versions as
inherently similar (Haselton et al., 2015).

To mitigate this bias, we conduct a within-
subject user experiment in which annotators evalu-
ate each tweet independently by answering a series
of questions related to semantics and offensiveness.
We recruited native English-speaking annotators
with a >98% approval rate from Prolific (details in
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Category Measured Variables (Scale / Type)

Offensiveness

Emojis (% Yes)

Semantics
(% Yes), Clarity (% Yes), Fluency (% Yes)

Offensiveness Score (/-5), Sarcasm (% Yes),
Body Symbol Emojis (% Yes), Dehumanizing

Sentiment (7-3), Arousal (/-3), Extra Meaning

Table 4: Measured variables for tweet annotation. De-
tailed variable meanings are shown in Appendix A.3

Appendix A.1). Each annotator assesses 60 tweets
presented in a randomized order, consisting of 20
original tweets, 20 versions of these tweets pro-
cessed by our pipeline, and 20 versions processed
by the baseline method. We then compare the dif-
ferences in responses to the tweets before and after
processing to assess the pipeline’s impact. This
methodology allows us to measure the change in
perception for each annotator individually. This
focus on the delta is powerful because it controls
for the inherent subjectivity of perceiving offen-
siveness, providing a clearer signal of our interven-
tion’s effect. Consequently, our primary analysis
relies on the statistical significance of this within-
subject change, making traditional inter-annotator
agreement scores a less critical measure for evalua-
tion robustness. Ideally, annotators should perceive
the rewritten tweets as less offensive.

Measures We collected measures that aim to as-
sess the offensiveness and semantic aspect of each
tweet. For offensiveness, we firstly measured the
perceived level of offensiveness by asking annota-
tors to rate how offensive they find each tweet on a
scale from 1 to 5, ranging from ‘not offensive’ to
‘extremely offensive.” Additionally, based on the
findings in Sections 3.1 and 3.2, we observe that
emojis can enhance offensiveness by expressing
irony, symbolizing body parts, or dehumanizing
the target. We ask annotators whether the emojis
in each tweet exhibit these functionalities.

We also consider the influence of emoji replace-
ment on the semantic aspect, given emojis’ role,
such as conveying sentiment. For each tweet, we
ask annotators to assess the sentiment, emotion
arousal, whether the emojis contribute external
meaning, clarity, and fluency. These annotations
allow us to quantify the semantic integrity of each
tweet. We present the collected variables in Table
4 and the questionnaire in Appendix A.3.

Average Evaluation Result For our evaluation,
we randomly sampled 600 tweets for evaluation.

Measured Variables Original Direct Multi-step
Offensiveness Score (1-5) 3.00 2.94 2.58*
Sarcastic (% Yes) 34.0%  38.0% 37.5%
Body Symbol (% Yes) 49.5%  51.0% 52.0%
Dehumanization (% Yes) 20.0%  12.5% 16.5%
Sentiment Score (1-3) 1.48 1.59 1.64
Arousal Score (1-3) 2.14 2.06 2.01
Extra Meaning (% Yes) 25.0% 24.5% 19.0%
Clarity (% Yes) 74.0%  70.5% 72.5%
Fluency (% Yes) 77.0%  76.0% 77.0%

Table 5: Human evaluation results comparing our pro-
posed multi-step pipeline with the direct prompting
method. Statistical significance is indicated as follows:
*: p < 0.05 (paired t-test).

This sample size was determined to be sufficient
for our analytical goals, as it yielded a diverse set of
examples covering all identified offense types. We
then present annotators with 600 tweets: 200 origi-
nal tweets, 200 tweets from our multi-step pipeline,
and 200 tweets via direct prompting. Each tweet
is annotated by two annotators with the predefined
questions. After annotation, we compute the av-
erage scores for overall offensiveness, sentiment,
and arousal, as well as the percentage of ‘Yes’ re-
sponses for other variables. The results for the
original, pipeline-processed, and direct-prompting-
processed tweets are shown in Table 5.

As shown in Table 5, our proposed multi-step
pipeline significantly reduces the offensiveness
scores assigned by annotators. In terms of semantic
preservation, tweets processed by our pipeline ex-
hibit no notable changes in meaning. Compared to
our pipeline, the direct prompting baseline achieves
only a minor and statistically insignificant reduc-
tion in offensiveness. We suspect this is because,
without prior knowledge of the relationship be-
tween offensiveness and emojis, LLMs struggle
to identify suitable emoji surrogates.

4.6 Qualitative Evaluation: Case Studies

We present four random examples of the origi-
nal tweet and the revised tweet after processing
through our pipeline, covering different offensive
types in Figure 3. In addition, we include the justi-
fications summarized by the LLMs in the final step
of our pipeline for each emoji substitution.

The examples and justifications presented in
Figure 3 demonstrate that our pipeline effectively
identifies offensive content, provides the reasoning
behind its offensiveness, and captures the role of
emojis within the tweet. For instance, in the first
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Measurement Variables (A)  Personal Attacks Political/Social Racial/Ethnic Sexual/Gender Violence/Abuse
Direct Multi-step  Direct = Multi-step Direct Multi-step Direct Multi-step Direct Multi-step

Offensiveness (1-5) —0.18 —0.05 +0.15 —0.23 —0.09 —0.94* —0.38* —0.38* +0.12 —0.60*
Sarcastic (% Yes) —2.6% —2.6% +12.5%* +2.5% +2.9% +5.9% +5.0% +7.5% 0.0% +4.3%
Body Symbol (% Yes) +2.6% +2.6% +2.5% +2.5% +2.9% +4.7% 0.0% —15.0%* +4.8% 0.0%

Dehumanization (% Yes) —5.1% —12.8%* —7.5% —22.5%*  —2.9% 0.0% 0.0% +2.5% 0.0% —2.4%
Sentiment (1-3) +0.03 +0.00 +0.10 +0.25 +0.03 +0.24 +0.23 +0.13 +0.12 +0.17
Arousal (1-3) —0.31 —0.13 —0.20 —0.38 +0.24 —0.15 —0.20 +0.00 +0.10 —0.02
Extra Meaning (% Yes) -2.6% —20.5%* —-2.5% 0.0% 0.0% -2.9% +2.5% -7.5% —2.4% 0.0%

Clarity (% Yes) —2.6% —2.6% —10.0% 0.0% -5.9% 0.0% —-2.5% -2.5% +4.8% —2.4%
Fluency (% Yes) +5.1% +7.7% —15.0%* —5.0% —8.8% —8.8% +5.0% +2.5% +9.5% +2.4%

Table 6: Mean differences in human evaluation metrics after processing tweets using Direct Prompting or Multi-step
Pipeline (A = Processed Score - Original Score), across different offense types. *: p < 0.05 (paired ¢-test).

example, the LLM accurately interprets & as a
reference to a body part, which intensifies the of-
fense. It suggests replacing it with the flower emoji
# to keep the positive sentiment while reducing
the offensive nature of the tweet. Moreover, in the
second example, where the post includes the word
“tacos” and the @ emoji, our pipeline detects the
implicit racial offense toward Hispanic or Latino
culture. It recommends replacing @ with & to
reduce the offense while maintaining the semantics
of the post. In conclusion, our pipeline effectively
identifies offensive content within tweets, uncovers
the relationship between emojis and offensive ma-
terial, and precisely recommends emoji surrogates
to mitigate the offense while preserving the tweet’s
overall semantics.

While our case study demonstrates the effective-
ness of our multi-step pipeline, the next step is to
quantitatively assess its impact on offensiveness re-
duction for each tweet. In the following section, we
leverage human annotations to evaluate the offen-
siveness of tweets before and after LLM rewriting.

4.7 Heterogeneous Effects by Offensive Types

While our pipeline reduces overall offensiveness,
users may post offensive tweets of varying types.
This raises the question of whether our pipeline’s ef-
fectiveness remains consistent across offense types.
We re-calculate the variables within each category
and the results are presented in Table 6.

Table 6 shows our multi-step method effectively
removed contextually problematic emojis. It re-
duced dehumanizing symbols by 12.8% in personal
attacks and body-part symbols by 15.0% in sex-
ual offenses. Corresponding semantic shifts were
observed: e.g., emojis conveying ‘extra meaning’
decreased by 20.5% alongside dehumanizing ones
in personal attacks. These aligned changes suggest
the pipeline correctly targeted emojis based on their

function. Sarcasm levels were generally unaffected,
although the direct baseline notably increased per-
ceived sarcasm (+12.5%) while decreasing fluency
(-15.0%) for political tweets, likely reflecting con-
textually poor emoji choices.

Crucially, removing problematic emojis did not
consistently lower overall offensiveness scores, es-
pecially for highly offensive content. Despite re-
ducing dehumanizing emojis in personal (12.8%)
and political (22.5%) attacks, the change in offen-
siveness scores for these categories was statistically
insignificant. Examining individual cases revealed
that offensiveness reduction primarily occurred in
mildly offensive tweets (original score < 3). A simi-
lar pattern held for sexual offenses: removing body
symbols reduced offensiveness in some cases but
had no impact on tweets already rated maximally
offensive (score=5). This indicates that while emoji
moderation effectively removes specific offensive
elements, its impact on overall perceived offensive-
ness is limited when strong verbal attacks dominate.
Emoji replacement appears most effective for miti-
gating milder forms of offense.

We present a case study in Table 7 in Appendix
A. In the first example, replacing & with (&), &9)
does not reduce offensiveness, as strong verbal
attacks remain. In contrast, the second example
shows that removing & in a mildly offensive tweet
lowers its perceived offensiveness. This suggests
that emoji moderation is more effective in less se-
vere cases, while text plays a dominant role in
highly offensive tweets. Our analysis defines the
operational boundaries of our pipeline, showing its
effectiveness on mild but not severe offenses where
text dominates.

5 Implications

This work examines emojis’ often-overlooked role
in online offensiveness. Our proposed targeted
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ﬁriginal Tweet: @user THOSE LOV%
V!

Revised Tweet: @user THOSE LOVELY

Justification: The tweet "@moonstag1
THOSE LOVELY ¥ !" was identified as
containing "Sexual Contents" due to its
objectifying nature, likely referring to
someone's body part using the peach
emoji (¥ ), which is commonly associated
with buttocks. The peach emoji was
categorized as both the offense itself and
as intensifying the offense by visually
emphasizing the objectification. To
mitigate the sexual connotation while
maintaining a positive tone, the peach
emoji was replaced with the cherry
blossom emoji ( ¢ ), which conveys

@nal Tweet: @user @user They pref}
tacos over HEROES @

Revised Tweet: @user @user They prefer
tacos over HEROES

Justification: The tweet "They prefer tacos
over HEROES® " was identified as
containing a racial and ethnic offense,
implying a negative stereotype associated
with Hispanic or Latino culture. The @
(Angry Face) emoji was categorized as
intensifying the offense by adding a layer
of anger and hostility. To mitigate this, the
o emoji was replaced with the -
(Confused Face) emoji, which conveys
disapproval or confusion without the
aggressive emotional intensity, thereby
softening the overall impact of the tweet

/@inal Tweet: @user Unfortunately y%

he’s so nasty &

Revised Tweet: @user Unfortunately yes,
he’s so nasty

Justification: The tweet contains a personal
attack by calling someone "nasty" and
using the vomiting emoji (& ), which is a
form of derogation and disrespect towards
an individual. This falls under the category
of "Personal Attacks and Disrespect." The
vomiting emoji (@ ) is used to express
extreme disgust, directly contributing to the
personal attack and intensifying the offense
by amplifying the level of disgust and
disrespect. To mitigate the offense, the
vomiting emoji was replaced with the
confused face emoji (- ), which maintains
the negative sentiment but softens the

/@nal Tweet: | can't take much morem
Trump and his kind. It's so disheartening.
So vile. All of it. &

Revised Tweet: | can't take much more of
Trump and his kind. It's so disheartening.
So vile. All of it. &

Justification: The tweet falls under the
"Political and Social Issues" offense
category due to its strong negative
sentiment towards a political figure, Donald
Trump, and his supporters. The original use|
of the & emoji directly insults and
demeans the subject, making it an integral
and intensifying part of the offense. To
mitigate the offensive nature, the & emoji
was replaced with the < (Disappointed
Face) emoji. This replacement maintains
the tweet's tone of frustration and

disappointment without explicit vulgarity,

admiration more respectfully and less
WIicitly. / \

Sexual Content

Racial Offense

harshness, conveying disapproval and
discomfort without being overtly offensy

{ereby reducing the derogatory impact.

Personal Attacks Political Issues

Figure 3: Justification from our multi-step pipeline of emoji replacement. The red color highlights the reason of
choosing that emoji surrogate. The offense type of each tweet is labeled below.

moderation pipeline offers practical tools and con-
ceptual insights for improving online discourse.
For social media users and platforms, recognizing
how emojis intensify, mitigate, or reframe offense
can enhance communication clarity and modera-
tion transparency. It underscores that offense can
be conveyed beyond explicit text.

For content moderation researchers, our findings
emphasize the need to analyze non-textual cues.
Emojis implicitly carry offense through symbol-
ism, sarcasm, or stereotypes. We demonstrate that
LLMs can selectively substitute offensive emojis
while preserving semantic content.

For developers of moderation tools, this high-
lights the importance of incorporating non-verbal
signals like emojis, moving beyond current text-
centric models. It calls for broader multimodal un-
derstanding and opens opportunities for fine-tuning
or prompting techniques that address text-emoji
interactions in offensive communication.

6 Conclusion

In this paper, we investigate the role of emojis
in offensive social media content and propose a
multi-step LLM pipeline to mitigate offensiveness
while preserving tweet semantics. Our analysis re-
veals that emojis can amplify, mitigate, or subtly
alter offensive content, emphasizing the need for
moderation beyond textual cues. Through human
evaluation, we demonstrate that our approach ef-
fectively reduces offensiveness compared to direct
prompting. Our findings highlight the importance
of integrating emoji semantics into content modera-
tion and encourage future work to explore adaptive,
user-aware moderation strategies.

7 Limitations

Despite the promising results, our approach has
several key limitations. First, emoji interpretation
varies across individuals and cultural backgrounds
(Lu et al., 2016; Zhou et al., 2024b,a). In this study,
our focus on English-language tweets from U.S.-
based users was a deliberate methodological choice
for this foundational study. This scope allowed us
to first establish that a systematic relationship exists
between emoji use and offensive content and to test
our pipeline’s feasibility in a large, data-rich envi-
ronment while minimizing cross-cultural confound-
ing variables. Consequently, while the specific se-
mantic mappings we found are English-centric, we
argue that our core methodology, the framework
for analyzing emoji roles and performing targeted
replacement, is generalizable. We therefore posi-
tion our work as a proof-of-concept that offers an
adaptable blueprint for future work, where apply-
ing this framework across different languages and
cultures remains a crucial next step.

Second, our dataset’s scope is intentionally fo-
cused on a specific region (U.S.) and time period
(2019). This was a deliberate choice to establish a
foundational proof-of-concept using a large-scale,
stable, pre-COVID baseline dataset. However, we
acknowledge this limits the direct generalizability
of our findings regarding specific emoji trends, as
online communication evolves. While the funda-
mental behavioral patterns we identify (e.g., using
emojis for sarcasm or dehumanization) are likely
durable, the specific emojis used to express these
patterns may change over time and across regions.
Future work should validate these patterns on more
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contemporary and geographically diverse datasets.

Third, our study was designed to first answer a
critical prerequisite question: can our intervention
effectively reduce perceived offensiveness in a con-
trolled environment? Our work provides this foun-
dational validation, demonstrating that the pipeline
is successful at its primary task. We acknowledge
that this does not measure real-world user accep-
tance or behavioral responses, which is a vital next
step. However, this constitutes a different type of
research question that requires a distinct experimen-
tal setup (e.g., a custom user interface and a longi-
tudinal study), and we frame our current work as
an essential precursor to such future user-centered
studies.

Fourth, the effectiveness of our pipeline is inher-
ently tied to the capabilities and potential biases
of the LLMs it employs (e.g., GPT-4, RoBERTa).
These models, despite their advancements, can re-
flect biases present in their training data, potentially
leading to skewed interpretations of emoji offen-
siveness or unfair targeting of certain emoji uses
or user expressions. Furthermore, the generaliza-
tion of the pipeline to novel, rapidly evolving emoji
slang or newly introduced emojis is a continuous
challenge. LLMs may not immediately grasp the
nuanced offensive uses of emojis that emerge after
their last training update, requiring ongoing moni-
toring and model fine-tuning. Therefore, while we
justify our use of LLMs for their scalable analyt-
ical power, we emphasize that our human evalua-
tion (Section 4.5) serves as the final arbiter of our
method’s success, providing a crucial check against
these potential model-centric biases.

8 Ethical Consideration

Ethical considerations for the annotation process
were carefully observed. The privacy of annotators
was protected as no personally identifiable infor-
mation was collected. The task involved evaluating
tweet content and did not entail extensive or in-
trusive tool usage. In line with our Institutional
Review Board’s (IRB) protocols for research not
involving the collection of identifiable private in-
formation about human subjects, this portion of the
study was deemed exempt from formal IRB review.
We also note that Al assistants were employed to
support coding tasks during the implementation of
our experiments.
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(Score: 4)
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& Trump is a dis-
grace, a traitor and
must be removed

You all are dog
()6 Trump is a
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and must be re-

from office. moved from of-
fice.
Offensiveness Re- #TRUMP2020 #TRUMP2020
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-1 genius & genius &3

Table 7: Case study of tweets before and after dehuman-
izing emoji removal.
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Appendix
A Supplementary Evaluation Materials

A.1 Detailed Recruitment Process

Participant recruitment was conducted via the Pro-
lific online platform, yielding a cohort of 20 anno-
tators. To ensure high-quality data, we used strict
filtering criteria: participants were required to be
adults, identify as native English speakers, and have
a high platform approval rate (>98%) with exten-
sive prior task experience. All annotators were
provided with detailed instructions and examples
(see Appendix A.3) to calibrate their understand-
ing of the offensiveness scale, and we conducted a
pilot study to confirm these instructions were clear
regarding emoji use and interpretation. The annota-
tion protocol involved each individual assessing 60
tweets, a task projected to require approximately
90 minutes of engagement, with compensation pro-
vided at a rate of $18 USD per hour.

A.2 Detailed Prompts for Data Annotation

For all data annotation tasks described in Section
3, we used GPT-4 with a temperature setting of 0.
This was done to ensure deterministic and repro-
ducible outputs. The following zero-shot prompts
rely on clear definitions to guide the model.

Prompt for Offensive Content Classification

This prompt was used for the final, high-fidelity
classification of tweets after the initial ROBERTa
filtering.

Instruction:

Analyze the following tweet and determine if it
contains offensive content based on the definition
provided below.

Definition of Offensive Content:

Offensive content is defined as posts containing
unacceptable language (profanity) or targeted of-
fenses, whether direct or veiled, including insults,
threats, profane language, or swear words.

Output Format:

Your response must strictly follow this format:

Offensive: [ Yes/No]

Justification: [A brief reason for your classifica-
tion based on the definition.]

Tweet to Classify: {tweet}

Prompt for Emoji Role Annotation

This prompt was used to annotate the function of
each emoji within tweets that were already identi-
fied as offensive.
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Instruction: You will be given an offensive
tweet containing one or more emojis. For EACH
emoji in the tweet, determine its function based
on the definitions of the four categories provided
below.

Functionality Category Definitions:

Offensive in itself: The emoji alone constitutes
an offense.

Intensify offense: The emoji enhances the inten-
sity of the offensive tweet, for example by express-
ing irony or sarcasm.

Mitigate offense: The emoji softens or adjusts
the tone of the tweet, reducing its offensive impact.

Unrelated to offense: The emoji is not directly
connected to the offensive content of the tweet.

Output Format: For each emoji, provide your
response in the following format. Repeat for all
emojis present in the tweet.

Emoji: [The emoji character]

Functionality: [The name of the category from
the definitions above]

Justification: [A brief reason for the assigned
functionality based on the definition and the tweet’s
context.]

A.3 Detailed Questionnaire of Human
Evaluation

Annotator Background Questions

1. What is/are your native language(s)?
(Please specify in the text box below.)
[Fill in the blank]

2. In the past month, how often do you use so-
cial media platforms (e.g., Twitter, Reddit,
Instagram, TikTok, Messenger)? Please
select the option that best describes the fre-
quency.

* Never: Never in the past month
» Rarely: Fewer than once a week
* Sometimes: Two or three times a week

¢ Often: More than three times a week, but
not everyday

* Always: Almost everyday

3. In the past month, how often do you see
content that includes emojis on social me-
dia platforms? Please select the option that
best describes the frequency.

* Never: Never in the past month

* Rarely: Fewer than once a week
* Sometimes: Two or three times a week

e Often: More than three times a week, but
not everyday

* Always: Almost everyday

4. In the past month, how often do you use
emojis yourself when engaging on social
media platforms? Please select the option
that best describes the frequency.

* Never: Never in the past month
» Rarely: Fewer than once a week
* Sometimes: Two or three times a week

¢ Often: More than three times a week, but
not everyday

* Always: Almost everyday

Guidelines for Assessing Offensiveness

Offensiveness in the context of tweets refers to
content that conveys disrespect, hostility, or harm
toward an individual or group. This may occur
through negative intent, harmful stereotypes, or
inappropriate language. Offensive content is typ-
ically characterized by its potential to cause emo-
tional distress or harm to the dignity of those tar-
geted.

When assessing the offensiveness of a tweet,
consider the following factors:

Intent Evaluation
* Does the tweet imply a negative or derogatory

attitude toward any individual or group?

* Assess whether the speaker’s intent appears
harmful, disrespectful, or mocking.

Outcome Evaluation

* Could the tweet cause emotional harm or be
perceived as offensive by the targeted individ-
ual or group?

* Reflect on how the individuals or groups men-
tioned in the tweet might feel upon reading
it.

Content Evaluation
* Does the tweet include harmful stereotypes,

slurs, or degrading language?

* Look for both explicit and implicit elements
that might convey disrespect.
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Acceptability Assessment
Based on the content and context, determine

whether the tweet is socially acceptable:

* Acceptable: It is reasonable for the speaker
to make this statement.

* Unacceptable: The speaker should not have
made this statement.

Overall Offensiveness Rating

Rate the tweet’s offensiveness on a scale of 1 to 5:

¢ 1 (Not Offensive At All): No evidence of
harmful intent, outcome, or content.

2 (Slightly Offensive): Minimal or ambiguous
evidence of harmful content or intent.

* 3 (Moderately Offensive): Clearly problem-
atic in content or intent but without strong
emotional harm.

* 4 (Highly Offensive): Contains explicit dis-
respect, harm, or stereotypes; likely to cause
emotional harm.

* 5 (Extremely Offensive): Extreme disrespect
or hostility; causes significant harm or dis-
tress.

Examples of Assessing Offensiveness

To provide more clarity, here are a few examples
to illustrate how to evaluate the offensiveness of
tweets:

Example 1

Tweet: "People from [Group X] are lazy and don’t
want to work."

* Intent: Likely derogatory due to stereotyping.

* Outcome: Likely to cause emotional harm to
Group X.

* Content: Contains harmful stereotypes.
* Acceptability: Unacceptable.

* Overall Offensiveness Rating: 4 (Highly Of-
fensive)

Example 2

Tweet: "I had a terrible experience at [Restaurant
Y].”

 Intent: Negative but not targeting an individ-
ual or group.

* Outcome: Unlikely to cause emotional harm.
* Content: No harmful language.
* Acceptability: Acceptable.

* Overall Offensiveness Rating: 1 (Not Offen-
sive At All)
Example 3
Tweet: "This looks like something only a [Group

Z] person would wear."

e Intent: Ambiguous; may or may not be
derogatory.

¢ Outcome: Could cause mild emotional harm
to Group Z.

* Content: Implicitly reinforces stereotypes
about Group Z.

* Acceptability: Borderline unacceptable.

* Overall Offensiveness Rating: 3 (Moder-
ately Offensive)

Tweet Evaluation Form

Instructions: Please read the tweet carefully and
answer the following questions based on your inter-
pretation. Your responses will help us understand
perceptions of the tweet’s content.

Tweet: [Display the tweet here]

Offensiveness Assessment

a. Overall Offensiveness
On a scale from 1 to 5, where 1 means “Not
offensive at all" and 5 means "Extremely of-
fensive," how offensive do you find this tweet?

¢ 1 - Not offensive at all

2 - Slightly offensive

* 3 - Moderately offensive
* 4 - Very offensive

* 5 - Extremely offensive
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b. Offensive Elements (Optional)
If you found the tweet offensive, please briefly
mention which elements contributed to this
perception (e.g., language, emojis, insinua-
tions).

c. Is the tweet attempting to be humorous or
sarcastic?

e Yes
* No

d. Does the tweet contain any emoji to sym-
bolize human body parts?

¢ Yes
* No

e. Does the tweet contain any emoji to dehu-
manize a target?

* Yes
e No

Sentiment Analysis

a. Overall Sentiment
How would you rate the overall sentiment of
the tweet?

* 1 - Negative
* 2 - Neutral

¢ 3 - Positive

b. Emotional Intensity
How emotionally intense or stimulating is the
tweet? Consider the energy, excitement, or
agitation it conveys, regardless of whether the
sentiment is positive or negative.

¢ ] - Low arousal
¢ 2 - Moderate arousal

* 3 - High arousal
Extra Emoji Meaning

a. Do you agree with this statement: “The
meanings of all emojis in the tweet are dis-
closed by the text of the tweet."

* 1 - Disagree

* 2- Agree

Tweet Attributes

a. Clarity
Is the tweet clearly written? Does this tweet
provide enough information for the reader to
understand its meaning?

* Yes
* No

b. Fluency
Does the tweet sound fluent or natural? Con-
sider whether the tweet is easy to read and
flows smoothly.

* Yes
* No

B Supplementary Results

B.1 Qualitative Evaluation: Emoji
Distribution Comparison

We present the emoji distribution for each offensive
type before and after running our pipeline in Table
9.

B.2 LLM Pipeline Prompting Details

This appendix provides the detailed prompts used
in each step of the LLM pipeline described in Sec-
tion 4.2.

Step 1: Offensive Content Classification Prompt
You are tasked with analyzing a tweet for offen-
sive content. Determine if the tweet contains any
offensive language or sentiments. Offensive con-
tent includes any form of non-acceptable language
(profanity) or a targeted offense (veiled or direct),
such as insults, threats, profane language, or swear
words.

If offensive content is detected, identify the type
of offense based on the following categories:

1. Sexual Content and Gender Issues: In-
cludes sexual harassment, gender discrimina-
tion, body shaming, objectification, gender-
based insults, and derogation.

2. Personal Attacks and Disrespect:
Ranges from direct insults to subtle disre-
spect/derogation targeting individuals/groups
based on personal characteristics.

3. Racial and Ethnic Offense: Includes racial
slurs, ethnic stereotyping, and discrimina-
tion/prejudice based on race or ethnicity.

336



Offensive Type Topics

Personal Attacks and Disrespect 0_Personal Confrontations and Profanity, 1_Explicit Con-
tent Solicitation, 3_Offensive Language Usage, 6_Casual
Slang and Swearing, 9_Offensive Language and Slang Us-
age, 10_Casual Profanity Usage

Sexual Content and Gender Issues 4_Demeaning Language Toward Women

Racial and Ethnic Offense 2_Racial Slur Usage in Conversation, 11_Racial Discrimi-
nation and Stereotyping

Political and Social Issues 5_Clriticism of Trump’s Statements, 13_Offensive Political
and Religious Comments

Violence and Abuse 7_Child Abuse Concerns, 8_Sleep and Fatigue, 12_Student
Violence

Table 8: Categories of offensive types and the belonged topics. Numbers before each topic represents the topic

number, ranked by the number of tweets in this topic.

Offense Type Pipeline Emoji Distribution

Original
Sexual Content Direct prompting
Multi-step

Original
Personal Attacks Direct prompting
Multi-step

Original
Racial Offense Direct prompting
Multi-step

Original
Political Issues Direct prompting
Multi-step

Original
Violence and Abuse  Direct prompting
Multi-step

Table 9: Top 10 emojis by offense type, comparing the
emojis in the "Original" tweets against the outputs of
the "Direct prompting" baseline and our "Multi-step”
pipeline after substitution.

4. Political and Social Issues: Encompasses po-
litical attacks, social discrimination, harass-
ment, and aggression over political views or
social status.

5. Violence and Abuse: Includes topics related
to physical or verbal abuse, violence, threats,
and aggressive behaviors.

Your Response Should Include:
* Whether the tweet is offensive (Yes/No).

* If offensive, the offense category (e.g., Sexual
Content and Gender Issues).

* A brief justification for the chosen category.

Examples:

» Tweet: @sinnersworldxxx #e&Y RT
to fxp with a surprise in DM #sex
#horny https://t.co/VtTjihrWsP

e Offensive: Yes

» Offense Category: Sexual Content and Gen-
der Issues

* Justification: This tweet promotes sexually
suggestive behavior (e.g., "RT to f*p") and
references adult content (e.g., #sex, #horny),
violating standards around explicit material.

* Tweet: My throat hurts. Can god give
me a break &.

¢ Offensive: No

* Justification: This tweet expresses personal
discomfort casually and contains no inappro-
priate or offensive language.

Tweet to classify:

* Tweet: {tweet}

Step 2: Emoji Role Determination Prompt
You will be given an offensive tweet identified as
type: {of fense_type}. Analyze each emoji (e.g.,
&) within this tweet to determine its functionality.
An emoji may fit multiple categories.
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1. Emoji represents the offense itself
2. Emoji intensifies the offense

3. Emoji mitigates the offense



4. Emoji is not directly related to the offense

Use the following data (emojis based on pro-
vided list) to inform your analysis:

Emojis Often Associated with Specific Of-
fense Types:

e Sexual Content: &2, 9, @, ©, &, W, ©, &,
U, 0 0,0 @ 0w & 0w, =9,
g9

e Personal Attacks: &, @, 9, @, &@
4,8.0.0,0.9,.0,0,.0.9,0, v,
&

L er

©,,,,6, o,

* Racial/Ethnic: &, @, @, &, 63, =, w, 1Y,

* 9.0
* Political/Social: &, @, ), @, @, ©, L, &

o Violence/Abuse: &, @), 9, =, @, 0, @, 1Y,
@’ ‘é’ @’ @’ n

Popular Emojis by Typical Functionality:
o Offense Itself (1): ©, &, o, &, ,®, I,

w,U,@’@a ’Wam,@a\g’@’@’@
* Intensify Offense (2): &, @, @, W, =, &,

@’ @’ 7’— = \/9 U’ éf"’ \;:,:/a @9 w (M" s @9
@7 @7 ‘}J, @’ 0\)’ ’6, @

» Mitigate Offense (3) 80 9,9 e,
W (an .o e “z
v,@ ®, ©, \J,u, v,9,9,9,9,w,

\Y/, \'/7 \3}9 ,U{, @

» Unrelated (4): @, 9,09 ,8,0,,

@,”,@, 2. 80,0, %, V @, ,,V
Emoji Frequency in Offensive Tweets:
e High Freq.: «,&,\, W™, @,
» Medium Freq.: &,W,03,¥, ®, », U, @,
.9, 69, o, ’\,
s LowFreq.: ©,@,9,8,0,%, 0,9, ¥,

©.0,0,0,6,6,@

Your Task: For each emoji in the provided
tweet:

* State the emoji (e.g., @).

» Assign functionality category/categories (1-
4).

* Provide a brief justification based on context
and the data provided.

338

Examples:

* Tweet: Y’all seriously why do her
boobs look like analog sticks@ @

* Emojis: &, @
* Analysis for @:
— Functionality: 2 (Intensifies), 4 (Unre-

lated)

— Justification: Amplifies mockery, mak-
ing the comment seem excessively funny,
reinforcing disrespect. Also unrelated to
the core offensive content itself.

* Analysis for 27:
— Functionality: 2 (Intensifies), 4 (Unre-

lated)

— Justification: Emphasizes the offensive
joke as humorous, diminishing serious-
ness. Also unrelated to the core offensive
content.

e Tweet: just remembered some of the
stupid shxt I did last night, how do
I get myself in these situations &&

* Emojis: &, &

* Analysis for & (first):

— Functionality: 3 (Mitigates), 4 (Unre-
lated)

— Justification: Downplays potential of-
fense with humor/self-deprecation, fram-
ing it as non-serious.

* Analysis for & (second):

— Functionality: 3 (Mitigates), 4 (Unre-
lated)

— Justification: Repetition further empha-
sizes humor, reducing seriousness.

e Tweet: Fxxk de calorf
* Emojis: &
* Analysis for @:

— Functionality: 2 (Intensifies)

— Justification: Intensifies the expressed
frustration/discomfort, aligning with the
profanity to amplify sentiment intensity.



e Tweet: Like and RT for more
clipO#cum [...] #nuses. . .
https://t.co/gSNIDclo6s

« Emojis: 03
* Analysis for 03:

— Functionality: 1 (Offense Itself), 2 (In-
tensifies)

— Justification: Often implies sexual
acts/arousal, directly contributing to and
intensifying the explicit content.

Tweet to analyze:
o Tweet: {tweet}
* Emojis in Tweet: {emoji}

Step 3: Emoji Surrogate Recommendation
Prompt You are given an offensive tweet (type:
{offense_type}) where emojis have been classi-
fied by functionality:

1. Emoji represents the offense itself

2. Emoji intensifies the offense

3. Emoji mitigates the offense

4. Emoji is not directly related to the offense

Your task is to recommend replacements only for
emojis categorized as 1 (Offense Itself) or 2 (In-
tensifies Offense). Emojis categorized as 3 (Miti-
gates) or 4 (Unrelated) should be kept.

For emojis needing replacement:

* Suggest a replacement emoji (e.g., () that
maintains the tweet’s general tone but miti-
gates the specific offense.

* Choose replacements consistent with the
tweet’s original content context.

Your Response Should Include (for each re-
placed emoji):

* Emojis to Replace: Emoji
* Replacement Emojis: Emoji

* Justification: Brief explanation for the replace-
ment choice.

* (Finally) Revised Tweet: The full tweet after
all necessary replacements.
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Examples:

e Tweet: Y’all seriously why do her
boobs look like analog sticks@ @

* Emojis/Functionality: @ (2, 4), & (2, 4)
* Replacement I:

— Emoji to Replace: @

— Replacement Emoji: &

— Justification: Maintains playful tone
but shifts from ridicule to curios-
ity/confusion.

* Replacement 2:

— Emoji to Replace: &7

— Replacement Emoji: @

— Justification: Keeps tweet lighthearted
without amplifying offense; signals
amusement softly.

* Revised Tweet: Y’all seriously why do
her boobs look like analog sticks®@ @

» Tweet: Omg yes! =& sex havers roll

call &

« Emojis/Functionality: © (4), @ (2), ¥ (1,
2)

* Replacement 1:

— Emojis to Replace: @
— Replacement Emojis: &
— Justification: Retains excitement but soft-

ens intensity; conveys playful enthusi-
asm without explicit connotations.

* Replacement 2:

— Emojis to Replace: &

— Replacement Emojis: &

— Justification: Maintains mischievous
tone but mitigates offense; more light-
hearted/less suggestive.

&

* Revised Tweet: Omg yes! /& sex havers
roll call &

Tweet to process:
e Tweet: {tweet}

* Emojis in Tweet (with functionalities):
{emoji}



Step 4: Justification Summary Generation
Prompt You will be given an original offensive
tweet, its revised version where some emoji were
replaced to mitigate offense, and justifications for
the offense type, original emoji functionalities, and
emoji replacements.

Your task is to **summarize** these justifica-
tions into a single, concise paragraph explaining
why specific emoji were replaced.

Recall the emoji functionality categories:

1. Offense Itself

2. Intensifies Offense
3. Mitigates Offense

4. Unrelated to Offense

We only replaced emojis categorized as 1 or 2.
Your Response Should Include:

* A summary paragraph integrating the offense
type, the functionality of the replaced emojis,
and the reason for their replacements.

Inputs Provided:

* Original Tweet: {tweet}

* Emojis in Original Tweet: {emoji}
¢ Revised Tweet: {revised_tweet}

 Justification of Tweet Offense Type:
{offense_type}

 Justification of Emoji  Functionality:
{emoji_func}

* Justification of Emoji  Replacement:
{emoji_replace}

Generate Justification Summary:

Prompt of Direct Prompting The prompt for
the direct prompting baseline is:

You will be given a tweet with emojis. If this tweet
is offensive, try to only replace the emojis with
ones that maintain the tweet’s tone but mitigate the
offense. If the tweet is non-offensive, provide the
original tweet as the revised tweet.
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