Persona Prompting as a Lens on LLM Social Reasoning
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Abstract

For socially sensitive tasks like hate speech
detection, the quality of explanations from
Large Language Models (LLMs) is crucial for
factors like user trust and model alignment.
While Persona prompting (PP) is increasingly
used as a way to steer model towards user-
specific generation, its effect on model ratio-
nales remains underexplored. We investigate
how LLM-generated rationales vary when con-
ditioned on different simulated demographic
personas. Using datasets annotated with word-
level rationales, we measure agreement with
human annotations from different demographic
groups, and assess the impact of PP on model
bias and human alignment. Our evaluation
across three LLMs results reveals three key
findings: (1) PP improving classification on the
most subjective task (hate speech) but degrad-
ing rationale quality. (2) Simulated personas
fail to align with their real-world demographic
counterparts, and high inter-persona agreement
shows models are resistant to significant steer-
ing. (3) Models exhibit consistent demographic
biases and a strong tendency to over-flag con-
tent as harmful, regardless of PP. Our findings
reveal a critical trade-off: while PP can im-
prove classification in socially-sensitive tasks,
it often comes at the cost of rationale quality
and fails to mitigate underlying biases, urging
caution in its application. '

1 Introduction

Large language models (LLMs) are increasingly
deployed for content recommendations and mod-
eration on social media platforms, where a trans-
parent and trustworthy decision process is critical.
However, standard “one-size-fits-all” decisions and
explanations often fail to align with the diverse per-
spectives of a global user base (Qiu et al., 2024;
Padmakumar and He, 2024). Prior research shows
that role-play/persona prompts can shift model

'Disclaimer: Contains offensive or hateful material.
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You people are all  In what kind of environment Wedding feels a bit
the same... does an anemone live? anachronistic.

Persona Prompting

Persona Attribues
Age: 15, 35...

Gender: Male/Female
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Political view: left
Education: high school

Prompt Construction
As a 25-year-old
Caucasian Male,
classify the following
text...
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Multi-faceted Evaluation

Alignment with Ground Truth
Accuracy Macro-F1 Over-flagging Rate
Token-F1 I0U-F1

Inter-Persona Agreement
Krippendorff's Alpha

Alignment with Human Demographics
Real human annotators, e.g., user WY/WO

Figure 1: Our pipeline: Datasets are combined with
persona prompts, fed to LLMs, and the resulting labels
and rationales are evaluated against ground truth, inter-
persona agreement, and human demographic groups.

behavior with expert personas improving perfor-
mances, but can also magnify stereotypes or biased
associations learned during pretraining (Salewski
et al., 2023; Hu and Collier, 2024; Gupta et al.,
2024). Building on this insight, we link persona-
conditioned behavior to token-level explanation
alignment, and focus on how LLMs’ internal rep-
resentations of social groups shape not only the
classification but the rationales they select.

To probe these internal representations through
their behavioral outputs, we employ persona
prompting (PP). In our work, a persona is a con-
trolled prompt containing specific demographic
attributes (e.g., age, gender, political view). We
hypothesize that these prompts elicit systematic
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variations in model behavior, revealing the under-
lying stereotypes and associations the model has
learned from its training data. We quantify these
variations via alignment — the degree of agreement
— between model outputs (labels and token-level ra-
tionales) and human-annotated ground truths from
different demographic groups.

With three datasets of different levels of sub-
jectivity, we systematically investigate how spe-
cific demographic prompts influence not only
the final label but also the underlying token-
level rationales, offering a more detailed view of
how models’ internal social representations mani-
fest in their reasoning. Our analysis highlight how
PP can expose model biases and pave the way for
more socially-aware system evaluations. Our main
contributions are as follows:

(1) We propose and execute a comprehensive
methodology for auditing the impact of PP
on LLM reasoning, focusing on token-level
rationale alignment across multiple tasks and
demographic groups.

(2) We demonstrate that the effect of PP is highly
task-dependent: it can improve label predic-
tion in socially-sensitive tasks like hate speech
detection while having negligible or negative
effects on other subjective tasks, and often
shows a negative effect on rationale quality.

(3) We show that, despite PP, LLMs have consis-
tent biases toward certain demographic groups
and are overly safe by flagging normal as hate
speech at the cost of task performance.

2 Related Work

Our research is located at the intersection of situ-
ated explainability and persona-conditioned lan-
guage models. The central premise of our work
builds on the idea that a single, generic explanation
is insufficient for diverse user populations (Sokol
and Flach, 2020). Research in human-computer in-
teraction has consistently shown that user character-
istics — such as personality, demographics, and cog-
nitive traits — significantly influence how explana-
tions are perceived, used, and trusted (Farmer and
Ho, 2025; Khadar et al., 2025). This has motivated
the development of frameworks for generating ex-
planations tailored to specific user needs and con-
texts (Jeck et al., 2025; Qiu et al., 2024). However,
researchers also caution that hyper-personalization
can introduce risks, potentially leading users down
“rabbit holes” of biased or simplified information

(Nimmo et al., 2024).

With the advent of LLMs, persona prompting has
emerged as a scalable method to generate such tai-
lored outputs. This approach leverages the models’
capability to simulate diverse viewpoints (Cheng
et al., 2023), a technique explored for applications
ranging from social science research (Argyle et al.,
2023) to creating benchmarks for pluralistic align-
ment (Castricato et al., 2025). Several studies con-
firm that persona conditioning has a quantifiable
effect on LLM behavior (Hu and Collier, 2024,
Gupta et al., 2024) and can improve the subjec-
tive quality of generated text (Padmakumar and
He, 2024). Yet, this capability is a double-edged
sword (Kirk et al., 2024); persona prompts can also
amplify model biases, reduce factual consistency,
and introduce stereotypical reasoning (Kim et al.,
2024; Liu et al., 2024). This is particularly con-
cerning in sensitive domains like toxicity detection,
where persona-driven outputs can vary significantly
(Deshpande et al., 2023). In response, recent work
has focused on the coherence and psychological
grounding of LLLM personas to make them more
reliable (Joshi et al., 2025).

While prior work establishes the importance of
personalization and the risks of persona simulation,
most studies focus on classification outcomes or
high-level explanation quality. Our work extends
this research by conducting a fine-grained analysis
in both the critical domain of hate speech detection
and more subtle subjective tasks.

3 Evaluation Design

3.1 Persona Simulation via Prompting

To simulate subjective viewpoints, we prompt mod-
els using persona-conditioned instructions that rep-
resent demographic traits, our evaluation pipeline
is shown in Figure 1.

We design two types of personas: (1) single-
attribute persona: Each persona is defined by a
single attribute (e.g., Female, 15-year-old, or Mus-
lim), drawn from one of 21 personas from seven
categories: age, gender, education, race, religion,
political view, and loneliness. We base our selec-
tion on the 33 attributes by Castricato et al. (2025),
but we only kept those that we anticipate to sub-
stantially influence PP, as shown in, e.g., Cheng
et al. (2023) (see our detailed justification on the
selection in Appendix A.1).

(2) composite personas: To study the alignment
between personas and real human annotators from
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different demographic groups, we select three at-
tributes — Age (Y: 25, O: 45), Gender (Male, Fe-
male) and Ethnicity (B: African American, L: His-
panic and W: Caucasian) — and design another set
of 12 personas (e.g., a 25-year-old Caucasian Male).
We choose these attributes as we can compare them
with six real demographic groups’ annotations in
BRWRR (Thorn Jakobsen et al., 2023).

For each persona and data point (§3.3), we con-
struct a consistent, role-based prompt. A model
is tasked to classify the instance while stepping
into the shoes of someone with the specified back-
ground. The prompt includes the following key
components (see Appendix B for details):

* A persona description, e.g., “a 25-year-old
Caucasian male.”

* The task description and input text.

* An instruction to think step-by-step in-
character using <think>...</think> tags.

* A JSON format output:

{

"label"”: "<one of the categories>",
"rationale”: ["wordl”, "word2", ...]

}
* A rule to avoid breaking character.

We also tested the prompt variation without the
think-step-by-step reasoning instruction, which re-
sulted in worse performances, especially in ratio-
nale selection (Appendix C.1).

3.2 Baseline Generation

As a control group against persona-conditioned
results, we generate baseline predictions using
prompts that omit all persona context. These “neu-
tral” prompts follow the same structure — classi-
fication task, <think> step, and structured JSON
output — but without background information.

3.3 Datasets

We conduct our experiments on three tasks: Hate
speech detection (HateXplain), commonsense rea-
soning (CoS-E), and sentiment analysis (SST-2).
The HateXplain dataset (Mathew et al., 2021)
is specifically designed for explainable hate speech
detection. It consists of over 20,000 social media
posts, each annotated with one of three labels (Hate
speech, Offensive language, or Normal) as well as
highlighted rationales provided by three human an-
notators (except for normal label). To focus on
interpretation-sensitive cases, we exclude incon-
clusive labels (3 distinct labels from 3 annotators)

and samples that have less than three rationales (ex-
cept when label is Normal), then randomly select
a subset of 500 examples from the remaining data
(Normal: 301, Offensive: 75, Hate speech: 124).
In BRWRR (“Being Right for Whose Right Rea-
sons”), Thorn Jakobsen et al. (2023) re-annotate
existing rationale datasets with annotators from six
different demographic backgrounds, based on two
traits: age (Old: >38, Young: <36) and ethnicity
(B: African American, L: Hispanic and W: Cau-
casian). It allows us to demonstrate persona-driven
effects on less overtly social but still subjective
tasks such as sentiment analysis and commonsense
reasoning. We choose the CoS-E (Rajani et al.,
2019) and SST-2 (Socher et al., 2013) subsets,
which contain 500 and 263 instances, respectively.

3.4 Models

Our model selection is designed to ensure the ro-
bustness and generalizability of our findings across
a diverse set of modern LLLMs from multiple labs.
We evaluate one proprietary and two open-weight
LLMs: Mistral-Medium?, Qwen3-32B> and GPT-
0SS-120B*. All models are capable of role-based
prompting. Mistral does not support <think> tags,
so we explicit add the reasoning field besides label
and rationale. Inference is performed via API calls
using default parameters. Model outputs are parsed
to extract the predicted label and rationale, which
is mapped to a binary token-level mask.

3.5 Evaluation

We evaluate models’ performance on classifica-
tion and rationale selection. For classification,
we measure: (1) accuracy for CoS-E, and Macro-
F score for SST-2 (excluding the “no sentiment”
class, following the same metric as BRWRR) and
HateXplain. (2) Mean Absolute Error (MAE): the
distance between the predicted label and ground
truth. This metric is targeting HateXplain, as its
labels are ordinal. Since the prediction’s direction
is important to measure biases, we also compute
Mean Error (ME). For rationale selection, we con-
vert the rationales into a binary list and compute
Token-F7 and IOU-F1, following Thorn Jakobsen
et al. (2023). Token-F computes the F score by
considering the overlapping tokens between pre-
dicted and annotated rationales. IOU-F] measures

2https://mistral.ai/news/mistral—medium—3
3https://hf.co/Qwen/Qwen3—3ZB
*https://hf.co/openai/gpt-oss-120b

1154


https://mistral.ai/news/mistral-medium-3
https://hf.co/Qwen/Qwen3-32B
https://hf.co/openai/gpt-oss-120b

Intersection-Over-Union between predicted and an-
notated rationale tokens. 3

In addition, to quantify inter-persona consistency
in both classification and rationale selection, we
compute Krippendorft’s o for both label predic-
tions and binary rationale arrays. We apply the
nominal version of « (except for the HateXplain la-
bels, which we consider ordinal), which is suitable
for categorical data and robust to missing annota-
tions. For rationales, we treat each token binary
value as one annotation task.

To have robust performance evaluation, we run
each persona and baseline over three independent
runs. To rigorously assess the impact of persona
prompting beyond mean performance variations,
we compute sample-level bootstrap confidence in-
tervals (95% CI, 1,000 iterations) for the differ-
ences between persona and baseline performance.
For more experimental details, see Appendix A.2
on exact prompts used, hyperparameters and num-
ber of completions.®

4 Results

4.1 Evaluation on HateXplain

As HateXplain does not have annotators’ demo-
graphics, we analyze Baseline-GT and Persona-GT
performance (GT: Ground-truth annotations).

Label Prediction Figure 2 shows the label pre-
diction performances of baseline (no persona) and
different single-attribute personas. PP has quite
different outcomes depending on the model. GPT-
OSS-120B personas have the least deviations from
the baseline, while Mistral-Medium and Qwen3-
32B have more variations with most Mistral per-
sonas performing better than its baseline and all
Qwen3 personas performing worse than the base-
line. In addition, we see that Mistral shares similar
trends of performances with Qwen3 on some per-
sona attributes: Age, Political View, Race and Reli-
gion; while all three models share similar trends on
Gender and Loneliness, with better performance
on Male and Not lonely personas, in comparison to
Female and Somewhat lonely.

Label Prediction Over-flagging We also com-
pute the Mean Error (ME) to capture if models are
biased towards “Hate Speech” due to guardrails

SThese metrics measure the plausibility of ratio-
nales (Thorn Jakobsen et al., 2023).

Code and data is available at:
https://github.com/jingyng/PP-social-reasoning

Attribute group GPT-OSS-120B  Mistral-Medium Qwen3-32B

Age .86 + .02 .87 £+ .00 .61 £+ .02
Loneliness .86 + .01 .89 £+ .01 .54 + .02
Religion .86 + .01 .83 +.01 .63 + .01
Education .85 +.02 .84 +.00 .52 +.03
Race .84 + .01 .83 +.01 .64 £+ .01
Gender .85 +.02 .84+ .01 .66 +.03
Political .81 +.00 .57 + .00 .52+ .03

Table 1: Inter-annotator agreement on label prediction
among personas within the same attribute group, values
computed by Krippendorff’s «.

(see Appendix Figure 6, which shows the MEs of
different personas on label prediction). Models
in general tend to exaggerate the situation as all
ME:s are positive, i.e., models classify a statemen-
t/sentence as “Offensive” (O) or “Hate speech” (H)
while the ground truth is “Normal” (N) or “Offen-
sive”. We visualize the rate of over-flagging as a
heatmap in Figure 3.

Overall, GPT-OSS has the highest over-flagging
rate from O — H (almost all above 50%), Mis-
tral has in general very high over-flagging rate
from both N — O, and O — H, while Qwen3
has the lowest over-flagging rate from both N —
H and O — H (i.e.,, Qwen3 is the least in over-
flagging hate speech), but still high on N — O.
This shows that all models over-state the severity
of statements. In addition, comparing different
personas, the top performing personas (e.g., Male,
Not lonely, Right-wing, White, Atheist) have lower
over-flagging rates.

Label Agreement Across Personas Table 1
shows inter-annotator agreement among personas
within the same attributes, determined by Krippen-
dorff’s a. Here, GPT-OSS exhibits high agreement
for all attribute groups, with political view ranked
the lowest. Mistral also shows overall satisfactory
level of agreement (o > 0.80). The only exception
is political view (a = 0.57). For Qwen3, none of
the categories reach moderate agreement thresh-
old (o > 0.67). The category that ranks lowest in
agreement is political view (o = 0.52) and educa-
tion, followed by loneliness, all within the “poor
agreement” range. Overall, models show lowest
agreement on political view. This high level of
disagreement within the political persona group
manifests as the wide performance variance seen
in Figure 2, where the Right-wing persona substan-
tially outperforms the Left-wing persona for Mistral
and GPT-OSS.

Rationale Selection For rationale comparison,
we only consider the subset where the ground truth
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Figure 2: Label prediction MAE scores | of baseline (no persona) and different single-attribute personas on
HateXplain. Error bars represent 95% confidence intervals (CI) with bootstrapping resampling. If the line does not

cross the baseline, the difference is significant.
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Figure 3: Over-flagging rate across different labels. N: Normal, O: Offensive, H: Hate speech.

label is not “Normal”, since samples with this la-
bel do not have any rationales during annotation.
Figure 4 depicts token-F results of baselines and
personas. Overall token-F scores are high in base-
lines. GPT-OSS personas all fall into the same
range of performance as its baseline, while Mis-
tral and Qwen3 personas all score worse than their
counterparts (except for the race attribute, which
outperforms the baseline with White/Asian per-
sonas, but not significantly). The overall tendency
of performance of different personas is quite sim-
ilar (a wave shape) between Mistral and Qwen3
models, with some personas in Race and Religion
attributes achieving slightly higher performance,
and Loneliness the lowest performance.

0.7
o - s e |-
L
&
24.4 21.9 25.2 33.0 0.5 o
£
a7.0 [CCEN 52.7 48.9 51.2“ 41.9 44.6 o4g
5
Sl 22,7 28.4 32,0 42,7 41.3 47.6 46.2 46.2 32.0 39.6 0,3“:
[}
>
020

65.2 61.7 LPPN 63.8 64.5 65.6 65.7 n q 0.1

& F @ & & ¢ N

Persona Agreement on Rationales Table 2

shows the inter-persona agreement for rationale
selection among personas within the same attribute
group. Compared to label prediction, GPT-OSS
and Mistral extracted rationales have slightly lower
but still high agreements, while Qwen3 has higher
rationale agreement values on the border of the
tentative agreement threshold (0.67).

GPT-OSS and Mistral consistently shows higher
agreement than Qwen3, particularly in categories
like Loneliness, Education, and Political view. The
latter ranks lowest in both label and rationale agree-
ment for all models, indicating greater bias on it.

Qualitative analysis of Chain-of-Thought rea-
soning Finally, we extract the chain-of-thought
reasoning for different personas (e.g., Left-wing
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Figure 4: Rationale Token-F} 71 of baseline (no persona) and different single-attribute persona performances on
HateXplain, excluding rationales from the “Normal” label. Error bars incidates 95% Cls, significantly different

persona results are indicated with squares.

Attribute group GPT-OSS-120B  Mistral-Medium Qwen3-32B

Age 74+ .01 .83+ .01 .68 + .01
Loneliness .76 £ .01 .82+ .01 .66 £ .00
Religion 72+ .01 .78 + .01 .65 £ .00
Education .75 £ .00 .78 £.00 .66 £+ .01
Race .71 +£.00 .78 + .01 .66 + .01
Gender 74+ .01 .81 +.00 .68 £.00
Political .73+ .01 .75 £.01 .66 £ .00

Table 2: Inter-persona agreement (Krippendorff’s «)
on rationale selection among personas within the same
attribute group.

vs. Right-wing, No formal education vs. Higher
education) and look for stereotypical reasoning.
Table 3 provides a stark example of stereotypical
reasoning, where the model adopts distinct linguis-
tic styles and analytical frameworks that directly
lead to different classifications for the same input.
While Higher education is leaning towards recog-
nizing protected groups being attacked as “Hate
speech”, both No formal education and Left-wing
personas end up with the “Offensive language” la-
bel. The model exposed to the right-wing persona,
on the other hand, marks it as “Normal”. In Table 4,
we performed an automated linguistic analysis of
the CoT reasoning. The results show clear, system-
atic differences across both personas and models.
First, the persona prompts successfully modulated
complexity; across all models, the No formal edu-
cation persona generated text that was much easier
to read than the Higher education persona, which
consistently produced the most complex language.
Second, we observed stark differences in verbosity
between models, with Qwen3 generating dramat-
ically longer reasoning on average than the more
concise Mistral-Medium. While GPT-OSS uses

more ellipses, Qwen3 tends to produce full sen-
tences (see Appendix Table 14). Models are incon-
sistent in taking a third-person meta-perspective
and sometimes simulate the persona from a first-
person view.

4.2 Evaluation on BRWRR

BRWRR datasets allow us to find out whether PP
improves performance for the target group which
the persona aligns with. We compare the results
for Baseline-Group and Persona-Group. Baseline
is LLM prompting without persona information,
Persona is PP with personas that have the same
attribute values as the ground truth demographic
Group. Figure 5 shows the label prediction and
rationale selection results of Baseline and different
persona performance on each demographic group,
and their differences, on CoS-E and SST-2.

Label Prediction As shown in Figure 5, Persona
prompting overall has very small effects on mod-
els’ classification performance, with GPT-OSS the
least affected (slightly positive), and Qwen3 most
affected (negatively, especially on SST-2). Notably,
PP is detrimental especially to BO (African Ameri-
can Old) group (especially in Mistral-Medium and
Qwen3-32B). This could indicate that PP steers
models to have more stereotypical behavior to-
wards this group. For Qwen3, prompting with
persona always decreases performances.

The results also show that models are biased
both with and without personas. All models
perform much better on Old age groups, especially
on African American and Caucasian (BO, WO),
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Persona Chai

No
form.
Educ.

Higher
Educ.

f-Th ht

st I =4

[...] This is a comment possibly mocking white South Africans, maybe implying they appear corporate while swimming. Does it contain hate speech? Potentially it’s a comment on race
and perhaps mocking. Is it "Offensive language"? Might be considered somewhat disdainful but not necessarily hateful. The phrase is somewhat stereotypical and might be seen as a subtle
derogatory statement about whites in South Africa, but not an explicit call for violence. Could be considered "Offensive language" due to mocking based on race. [...] Likely classify as
Offensive language. Rationale list of words that triggered: "white", "south africans”, "corporate", "swimming costumes"? [...] Now the think out loud as a persona with no formal education.
The persona should reflect lack of formal education, perhaps raw, simple worldview, noticing race references, maybe sees it as mocking. They will think about feelings, etc. [...]

T ain’t never been to school much, but I can see when someone says something about a group of people. This comment talks about "white South Africans" and says they "look corporate” in their
swimsuits. It sounds like they’re poking fun at them, maybe judging them for being fancy. It ain’t a direct hate thing, but it’s making fun of a race and a nationality, which feels disrespectful. So
I think it’s offensive, not totally hateful. [...]

[...] The text mentions "white South Africans" and "look corporate in their swimming costumes". Could be mocking or stereotyping based on race. It’s possibly disparaging or a form of racism
(implies white South Africans trying to maintain corporate appearance even while in swimsuits). Might be considered offensive or hateful due to targeting race? It’s not a direct call for violence,
but it’s a derogatory statement that stereotypes a racial group. Hate speech definition might include speech that insults or degrades a group based on race. Many platforms treat this as hate
content. So likely "Offensive language" or "Hate speech”. Considering the categories: Hate speech is more severe, usually includes incitement, threats, calls for violence. This is more a
mocking stereotype, likely falls under "Offensive language" rather than hate speech, but might still be considered hateful (racist). In typical moderation, "white South Africans" is a protected
class (race). The text is disparaging but not inciting. Some policies classify any demeaning remarks based on race as hate speech. Might be considered "Hate speech”. Let’s decide: Probably
"Hate speech" because it’s targeting based on race and disparaging. Rationale: the words "white south africans" (targeted group) and "still manage to look corporate” (implies criticism). The
key words that are hateful: "white south africans". So rationale list: ["white", "south africans"]. [...]

As someone with higher education, I'm used to analyzing language through lenses of social context, power dynamics, and potential harm. When I read the phrase, I notice it specifically calls out
a racial group—white South Africans—and attaches a mocking tone about their appearance. It’s a stereotyping comment that reduces an entire demographic to a caricature, implying they’re
trying to maintain a corporate image even in casual settings like swimming. While it doesn’t call for violence, it does demean based on race, which in many moderation frameworks qualifies as
hateful or at least offensive. Given the options, "Hate speech” seems appropriate because the statement targets a protected group in a derogatory manner. The key indicators are the mention of
the race and the mocking tone.

Left-
wing

Right-
wing

[...] This appears to have a sarcastic comment about white South Africans looking corporate in swimming costumes. Could be perceived as mocking/derogatory based on race? It mentions
"white south africans". It'’s a comment about them looking corporate. It’s not overtly hateful, but could be considered somewhat offensive or possibly a mild stereotype. It’s not an explicit hate
speech, but it could be considered offensive to white South Africans. Left-wing perspective likely sensitive to racism and stereotyping, wants to avoid hateful speech but might see this as not
hate speech but possibly offensive language. [...] The phrase "still manage to look corporate" implicates maybe class privilege, making fun. It’s personal? It’s targeting a group based on race,
might be considered microaggression. Likely classify as Offensive language, not hate speech. Rationale list words that trigger: "white", "corporate”, "swimming costumes". Probably mention
"white south africans". [...]

[...] This seems not clearly hateful; it’s a comment about white South Africans looking corporate in swimming costumes, perhaps teasing? It’s not directly hateful towards protected group? It
mentions "white South Africans". Could be considered a possibly neutral statement, maybe mild mockery but not hateful. It’s not inciting violence. So likely "Normal". Rationale: possibly
"white" as a protected characteristic? Is mentioning race in a way that could be considered hateful? The comment is not derogatory—it says "amazing how white South Africans still manage to
look corporate in their swimming costumes". This might be mocking but not necessarily hate speech.

I'd classify as Normal. [...] list of words that contributed: maybe "white", "south", "africans"? Or "corporate”, "swimming". Probably highlight "white" because it’s the protected attribute. But

we must include rationale as list of words that contributed to classification. So we may include "white". Maybe "corporate". I'd include "white". [...]

Table 3: Chain-of-Thought reasoning examples by GPT-OSS and personas {No formal education, Higher education,
Left-wing, Right-wing} for HateXplain example “amazing how white south africans still manage to look corporate
in their swimming costumes” (GT: Hate speech). Final predictions are highlighted in bold. Three reasoning outputs
include explicit first-person monologues (darker shades) where the model inherits the role of the desired persona.

\ Avg. Word Count Avg. FR Ease (7 easier)

Model Family \ No Formal Ed.  Higher Ed. \ No Formal Ed.  Higher Ed.
GPT-OSS-120B 262.16 242.36 65.06 53.48
Mistral-Medium 46.53 64.7 86.53 28.27
Qwen3-32B 356.96 315.3 64.71 50.71

| Left-wing Right-wing |  Left-wing Right-wing
GPT-0OSS-120B 214.95 282.62 55.67 58.18
Mistral-Medium 63.3 56.31 31.18 40.77
Qwen3-32B 330.45 420.68 48.76 52.64

Table 4: Average word count and Flesch Reading Ease
(higher is easier) in the Chain-of-Thought (CoT) reason-
ing across opposing persona pairs and model families.
Bold values highlight notable extremes.

except for LO in SST-2. The same trend was also
observed in BRWRR (Thorn Jakobsen et al., 2023),
with 16 transformer models. This may reflect a data
imbalance in the many models’ pretraining corpora,
where the linguistic style of older individuals is
better represented or stereotyped as more formal
and authoritative.

Rationale Selection Similar to label prediction,
PP did not improve rationale alignment with the
corresponding demographic groups over the base-
lines. Models exhibit a consistent bias in rationale
extraction, showing much higher alignment with
the Caucasian (WO) annotator group compared to
others. When viewed simultaneously with task per-
formance, models overall have better performance
on Caucasian groups. Between CoS-E and SST-2,
PP benefits the former more on rationale selection
(although not significantly), and the difference be-

tween WO and other groups is more pronounced.

Inter-Persona Agreement We calculate the
agreements between the 12 personas (Table 5). The
agreements based on Krippendorff’s « are very
high for all models. Only Qwen3 has lower agree-
ments on rationale extraction. This shows that the
effect of PP on subtle subjective tasks is limited.

4.3 Statistical Significance Analysis

HateXplain As shown in Figure 2, the impact
of persona prompting on label prediction is highly
model-dependent. For Mistral-Medium, 11 (out of
21) personas, such as Atheist, Not lonely, and White
yield statistically significant improvements over the
baseline (p < 0.05). Conversely, Qwen3-32B ex-
hibits significant degradation across a wide range
of personas (16 out of 21), confirming that suscep-
tibility to steering varies by model. Crucially, as
shown in Figure 4, these gains in label accuracy
do not translate to better rationale selection. We
observe no significant improvements in rationale
quality for any model-persona pair, and significant
degradation in several cases.

BRWRR (CoS-E & SST-2) On these tasks (Fig-
ure 5), the analysis confirms that persona prompt-
ing offers no statistically significant benefits. For
GPT-OSS and Mistral-Medium, most differences
were statistically insignificant (CI crossing base-
lines). For Qwen3-32B, PP led to significant per-
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Figure 5: Performance (left: accuracy/Macro-F7; right: Token-F7) for (no persona) baseline and personas across
demographic groups. BY: African American Young, WY: Caucasian Young, LY: Hispanic Young, BO: African
American Old, WO: White Old, LO: Hispanic Old. Each group has its own ground truth labels and rationales. Error
bars incidates 95% Cls, significantly different personas are marked with a dark gray cycle around.

Model CoS-E SST-2

Label Rationale Label Rationale
GPT-OSS-120B  .93+.00 .80+.00 .964+.01 .72+.00
Mistral-Medium .95+ .00 .85+.00 .984+.00 .89+ .01
Qwen3-32B 88+.00 .63£.00 .844+.00 .69+.01

Table 5: Krippendorff’s « for labels and rationales on
CoS-E and SST-2.

formance drops in both label prediction (e.g., -9.2%
for Black Young Female on SST-2) and rationale
selection (Black Old Male).

These results statistically reinforce our finding
that PP’s utility is task and model-dependent, and
often detrimental to rationale quality.

5 Discussion

The effect of PP is task-dependent: label pre-
diction performance gain is not indicative of
improved rationale selection. Analysis across
models and datasets reveals that PP exerts diver-
gent effects on label prediction and rationale se-
lection. For label prediction, PP improves perfor-
mance on HateXplain — especially for Mistral — but
has slightly negative effects on CoS-E and SST-2.
For rationale selection, PP produces no gain on any
datasets, and mostly worse performances in Hat-
eXplain. Regarding model differences, GPT-OSS
and Mistral occasionally outperform their neutral
baselines, while Qwen3 consistently deteriorates.
While HateXplain is the most controversial and

socially sensitive topic, CoS-E is also considered
subjective (commonsense reasoning) but less so-
cially sensitive, and SST-2 (sentiment analysis on
movie reviews) is the least subjective. These dif-
ferences explain why PP causes more variability
in classification performance of HateXplain: our
persona attributes are designed to be sensitive to
social problems. As CoS-E and SST-2 labels are
less ambiguous, PP is less effective.

Looking at the differences in rationale selection
performance, we see that PP has the least positive
impact on HateXplain. This may indicate that label
subjectivity does not mean rationale subjectivity. It
also suggests that for sensitive topics, model safety
alignments create a rigid reasoning template that
persona prompts are unable to override. However,
our findings on less sensitive tasks reveal that this
rigidity is not unique to safety; rather, models ex-
hibit a strong, general resistance to adapting their
reasoning style based on persona prompts, echoing
the findings of Kim et al. (2024).

Simulated personas are not always aligned with
the real-world demographic groups. The re-
sults in CoS-E and SST-2 show that PP does not
always improve performance on the demographic
group aligned to that persona, and the difference
between personas is minimal (shown by the very
high agreement among personas). Furthermore, the
best performing persona for a target group is not al-
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Model All (n=500) Gender (n=142) Race/Eth. (n=171) Religion (n=101) No Target (n=294)
Persona MAE ‘ Persona MAE ‘ Persona MAE ‘ Persona MAE ‘ Persona MAE
Baseline 64.340.1 | Baseline 64.1400 | Baseline 54.241.4 | Baseline 47.2405 | Baseline 83.1403
GPT-OSS Black 56.1.,g | Black 58.035 | Black 48.9_.3 4 | Centrist 39.3.95 | Black 70.6.15.3
Jewish 60.4111 | Jewish 62219 | Hindu 50.5490 | Black 39.9.17 | Jewish 777414
Muslim 61.110.9 | No Formal Edu. 62.4154 | Age 15 513412 | Right-wing  43.6429 | Muslim 787414
Baseline 71.7+1.2 | Baseline 64.1+1 | Baseline 59.610.5 | Baseline 53.5491 | Baseline 96.7+2.9
Mistral Atheist 55.1+94 | Centrist 52.3113 | Atheist 48.7 0.3 | White 43.6.16 | NotLonely 70.9.1;
Not Lonely 55.2197 | White 52.640.7 | Not Lonely 4894195 | NotLonely 43.9.,7 | Atheist 712408
White 564106 | Atheist 533414 | White 50.3+1.3 | Atheist 46.2195 | Centrist 729493
Baseline 58.841.7 | Baseline 56.4.95 | Baseline 53.841.3 | Baseline 44.2 37 | Baseline 75.8490
Qwen3 Not Lonely 58.7.9s | Not Lonely 54.2.35 | Left-wing 53.2.34 | Higher Edu. 49.8490 | NotLonely 69.4.¢¢
White 59.5193 | Atheist 5494130 | Asian 53.841.3 | Asian 50.5+1.4 | Centrist 69.8410.4
Atheist 59.841.4 | Centrist 55.2497 | Atheist 57.7+3¢ | Male 51.240.9 | White 72.6499

Table 6: Top-3 personas MAE by subgroup (values in % with mean and std) and model on HateXplain dataset. The
top personas of different subgroups are almost consistent with the whole sample set, indicating poor alignment with

target groups.

ways from the persona with the same demographic
profile (see Table 15 and 16 in Appendix C.3).

On HateXplain, we do not have the annotators’
demographic information, but the “target” anno-
tation for each statement. We thus further divide
the 500 subsets by different target groups (mainly
four subgroups by: gender, ethnicity, religion and
no target) and check whether the personas improv-
ing performance are related to the target subgroups.
Shown in Table 6, the performance of subgroups
where the personas performed the best are not
aligned with their target group attributes. Instead,
top-3 performing personas for different subgroups
are close to the default ranking on the entire data,
indicating that personas are not very sensitive to
different types of demographics-related issues. No-
tably, we see that the no rarget subgroup perfor-
mance is much lower than other subgroups because
most samples are “Normal”, and models perform
worst on this label due to over-flagging. Addition-
ally, Qwen3 performed worse in Race/Ethnicity
compared to Gender and Religion. Our finding that
simulated personas often fail to align with their real-
world counterparts urges caution for the growing
paradigm of using LLMs as population simulators
(Argyle et al., 2023).

Models are biased and strongly guardrailed re-
gardless of PP. Our results on all datasets show
that bias patterns are present in all models: across
CoS-E and SST-2, BO/WO groups outperform
BY/WY/LY/LO under all prompting conditions
for both labels and rationales. PP does not reduce
these biases. In HateXplain, the positive Mean
Error (over-flagging of harmful labels) across per-
sonas suggests guardrail-aligned over-flagging by

all models. Guardrail sensitivity has been shown
to affect classification performance (Rogers and
Zhang, 2025), our results further indicate this phe-
nomenon. Inter-persona agreements overall are
very high (except Qwen3), suggesting that models
possess a reasoning process that is surprisingly re-
sistant to surface-level persona prompts (Liu et al.,
2024; Sommerauer et al., 2025).

6 Conclusion

In this paper, we studied how prompting with socio-
demographic personas can elicit models’ social rea-
soning by generating word-level rationales. We
focused on datasets with different levels of subjec-
tivity: Hate speech detection, commonsense reason-
ing and sentiment analysis. The results across three
LLMs reveal three findings: (1) PP shows diver-
gent behavior on task performance and rationales:
when predicting labels, models perform better on
the more subjective task (hate speech); but when
asked to select the rationales, models performed the
worse on this task. (2) PP in most cases does not
steer models to align better with the corresponding
demographic groups. (3) Regardless of personas,
models are shown to perform better on specific de-
mographic groups (White, African American, Old)
and heavily over-flag harmful content. We believe
these findings highlight a fundamental challenge
for personalized Al: true alignment likely requires
more than persona prompting, and future work
must develop methods that can genuinely steer a
model’s underlying reasoning process without sac-
rificing performance or reinforcing existing biases.
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Limitations

This study is bounded by certain limitations, start-
ing with the datasets’ ground truths. Each sample
in HateXplain is annotated by only three individu-
als, with disagreements resolved through majority
vote, which may not capture the full spectrum of
interpretations. Secondly, our rationales are gener-
ated by model prompting, instead of via traditional
feature attribution methods. Thus, the rationales
may not be faithful to a model’s internal activations.
Finally, we selected three representative models in
the study, and Qwen3 model diverges the most
from the other two models, indicating that other
LLMs may show different behaviors than what we
have observed.

Ethical Statement

Our research aims to contributing to safer and more
fair models. However, challenges such as incorrect
classifications can impact the reliability of these
systems and potentially affect users negatively. Ad-
ditionally, model outputs can vary substantially de-
pending on the persona simulated or the particular
language model employed. Given this variability,
we caution against placing excessive trust in au-
tomated detection tools, as it may reduce users’
careful judgment.
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A Experimental details

A.1 Single-persona attribute selection

Table 7 shows the values for the seven chosen de-
mographic attributes.

Attributes Values

Age 15, 35, 65

Education No formal education, High school
education, Higher education

Gender Male, Female

Loneliness Not lonely, Somewhat lonely

Political view  Left-wing, Right-wing, Centrist

Race White, Black, Asian

Christian, Muslim, Jewish, Atheist,
Hindu

Religion

Table 7: Socio-demographic categories and values.

We list below our reasons for choosing the at-
tributes to construct our personas in HateXplain.

* Loneliness: Due to the COVID-19 pandemic
and digitalisation of our society, the lack of
social interactions has a great impact on us.
Lonely individuals often experience more neg-
ative emotions and therefore are more likely
to interpret neutral or ambiguous statements
as hostile. Because of the lack of social inter-
action they may lack “social calibration” and
struggle more with judging whats appropriate
or not. And they might have heightened sensi-
tivity for rejection because of self protection.

* Age, gender and race: These are classic de-
mographic attributes. They provide a founda-
tional way of grouping people and are often
the first factors considered in social science
research.

* Education: Education is closely tied to in-
tellectual development. We expect that dif-
ferences in academic exposure or general
knowledge levels may influence how people
perceive or engage with potentially harmful
speech.

* Political view and religion: They represent
areas with high potential for disagreement
and controversy. These categories often shape
people’s values, worldviews, and sensitivities,
which makes them particularly relevant when
analyzing attitudes toward hate speech.

A.2 Implementation details

For all models, we use their default sampling pa-
rameters. For GPT-OSS-120B, we set thinking
effort to be medium, as we consider the tasks to
be relatively simple. We perform one prompt per
persona per instance, resulting in 31,500 comple-
tions (500 instances x 21 personas x 3 runs) for
HateXplain, 18,000 completions (500 instances X
12 personas x 3 runs) for CoS-E, and 9,468 com-
pletions (263 instances x 12 personas X 3 runs) for
SST-2, per model, in addition to the baseline gener-
ation (also 3 runs per model). For all completions,
we use an API key from OpenRouter ”.

Regarding computational costs, we ended up
with &~ $32 for GPT-OSS-120B + ~ $5 for Mistral-
Medium (we initially used Mistral Experimental
API which was free, but we hit rate limits later on
and used the paid API access) + =~ $30 for Qwen3-
32B. With respect to inference time, the Mistral
model was fastest as it is not a reasoning model
(each run takes around 2h), and GPT-OSS-120B
had also faster response as it is a MoE model, while
Qwen3-32B had the slowest response.

"https://openrouter.ai/
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B Prompts

All prompts are used in user prompt. We attempted
putting persona related content in system prompt
but the reasonings show that with user prompt,
models act better as that persona.

B.1 Baseline Prompts

Given the following text post, classify it into
one of the available categories:
Available categories: Hate speech, Offensive
language, Normal
First, think step by step, explaining your reason-
ing inside <think>...</think> tags.
Then, respond with a JSON object in this format
(and no other text):
{
"label"”: "<one of the above categories>",
"rationale”: ["wordl1”, "word2", "..."],
"reasoning”: "<your reasoning>" # only for
Mistral-Medium

3
Input:

<input_text_here>

Task: first select the answer you think is most
correct and sensible; then mark relevant words
in the question that justify your choice.
First, think step by step inside
<think>...</think> tags.
Then, respond only with a JSON object in this
format (and no other text):
{
"answer”: "<exact option text>",
"answer_index": <@-based index>,
"rationale”: ["keywordl”, "keyword2"],
"reasoning”: "<your reasoning>" # only for
Mistral-Medium

}

Question:
<question_text_here>
Options:

0. <option 0>
1. <option 1>
2. <option 2>

Rules:
- The value for "answer" must be copied verba-
tim from the options list.

- "answer_index" must match the position (0-
based) in the options list.

- For each word in the question, if removing it
would lower your confidence in the chosen label,
include it in "rationale".

Task: read the following sentence and choose
exactly one of three labels.

Positive: The sentence conveys information
about the author’s positive evaluative sentiment.
Negative: The sentence conveys information
about the author’s negative evaluative sentiment.
No sentiment: The sentence does not convey
anything about the author’s positive or negative
sentiment.

Please specify what snippets of text, in the sen-
tence, act as supporting evidence for your cho-
sen label.

First, think step by step inside
<think>...</think> tags.

Then, respond only with a JSON object in this
format (and no other text):

"label”: "<one of the above categories>",
"rationale”: ["wordl”, "word2"],
"reasoning”: "<your reasoning>"

3

Sentence:

<sentence_here>

B.2 Persona Prompts

Step into the shoes of a real person who
<persona description>.

Imagine you have lived your whole life shaped
by this trait. How might it affect your thoughts,
emotions, sensitivities, and judgments?

Given the following text post, analyze and clas-
sify it exactly as this person would—Iletting their
background, beliefs, and life experiences guide
your reasoning.

Available categories for classification: Hate
speech, Offensive language, Normal

First, think out loud as this persona, step by
step, inside <think>...</think> tags. Reflect
honestly about how this person’s perspective
influences what they notice and how they judge
the text.

1164



Then, respond only with a JSON object in this
format (and no other text):
{
"label”: "<one of the above categories>",
"rationale”: ["wordl”, "word2", "..."],
"reasoning”: "<your reasoning>" # only for
Mistral-Medium

3

- Stay fully in character; do not break persona or
add explanations outside the JSON.

Input:

<input_text_here>

Step into the shoes of a real person who
<persona description>.
Imagine you have lived your whole life shaped
by this trait. How might it affect your thoughts,
emotions, sensitivities, and judgments?
Task: first select the answer you think is most
correct and sensible; then mark relevant words
in the question that justify your choice.
First, think out loud as this persona, step by
step, inside <think>...</think> tags. Reflect
honestly about how this person’s perspective
influences what they notice and how they judge
the text.
Answer it exactly as this person would—Ietting
their background, beliefs, and life experiences
guide your reasoning.
Then, respond only with a JSON object in this
format (and no other text):
{
"answer”: "<exact option text>",
"answer_index": <@-based index>,
"rationale”: ["keywordl”, "keyword2"],
"reasoning”: "<your reasoning>"

}

Question:
<question_text_here>
Options:

0. <option 0>
1. <option 1>
2. <option 2>

Rules:

- The value for "answer" must be copied verba-
tim from the options list.

- "answer_index" must match the position (0-
based) in the options list.
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- For each word in the question, if removing it
would lower your confidence in the chosen label,
include it in "rationale".

- Stay fully in character; do not break persona or
add explanations outside the JSON.

Step into the shoes of a real person who is
<persona description>.

Imagine you have lived your whole life shaped
by this trait. How might it affect your thoughts,
emotions, sensitivities, and judgments?

Task: read the following sentence and choose
from one of the three labels:

Positive: The sentence conveys information
about the author’s positive evaluative sentiment.
Negative: The sentence conveys information
about the author’s negative evaluative sentiment.
No sentiment: The sentence does not convey
anything about the author’s positive or negative
sentiment.

Please specify what snippets of text, in the sen-
tence, you think act as supporting evidence for
your chosen label.

First, think out loud as this persona, step by
step, inside <think>...</think> tags. Reflect
honestly about how this person’s perspective
influences what they notice and how they judge
the text.

Answer it exactly as this person would—Iletting
their background, beliefs, and life experiences
guide your reasoning.

Then, respond only with a JSON object in this
format (and no other text):

{
"label”: "<one of the above categories>",
"rationale”: ["word1"”, "word2"],
"reasoning”: "<your reasoning>"

3

Sentence:

<sentence_here>

Rules:
- Stay fully in character; do not break persona or
add explanations outside the JSON.



C Additional results

C.1 CoT vs. no-CoT Prompting Comparison

We compared the results with and without the think-
step-by-step reasoning instruction (CoT) and show
them in Table 8, 9 and 10. In general, without CoT
prompt, models perform slightly worse than with
CoT prompt. The largest difference is in rationale
selection (token-F7) with the Mistral model; as a
non-reasoning model, it benefits more from CoT in
terms of rationale selection.

C.2 HateXplain Additional Results

While inter-annotator agreement metrics like Krip-
pendorff’s o suggest general consistency within
demographic aspects, they do not reveal system-
atic shifts in label distribution between specific
personas. To investigate the impact of each de-
mographic aspect, we performed pairwise Stuart-
Maxwell tests on the classification distributions of
personas within each category (Table 11). We ap-
plied a Bonferroni correction to strictly account for
multiple comparisons.

The results confirm that despite high agreement,
significant distributional shifts exist. Political
View and Loneliness showed significant differences
across almost all models. For instance, in the Polit-
ical View category (Table 12), Left-wing personas
consistently predicted “Hate Speech” at a signifi-
cantly higher rate (e.g., 53% for Mistral-Medium)
compared to Right-wing (32%) and Centrist (24%)
personas. Conversely, Right-wing personas were
more likely to classify content as “Normal” or “Of-
fensive”.

To quantify the magnitude of these differences
intuitively, we calculated the percentage of sam-
ples where personas within the same aspect dis-
agreed (Table 13). Political View again emerged
as a high-disagreement category (up to 56.4% for
Qwen3-32B), aligning with our statistical findings.
Notably, Qwen3-32B exhibited substantially higher
disagreement rates across all attributes compared to
GPT-0OSS-120B and Mistral-Medium, suggesting
it is less stable under persona prompting.

We additionally show the results of ME and IOU-
F performance in Figure 6 and 7. An additional
CoT reasoning example for No formal education
persona is shown in Table 14.

Attribute # Tests Bonf. « GPT-OSS Mistral Qwen3
Loneliness 1 0.0500 171 171 1/1
Political View 3 0.0167 2/3 3/3 3/3
Race 3 0.0167 2/3 3/3 2/3
Religion 10 0.0050 2/10 8/10 7/10
Age 3 0.0167 1/3 2/3 2/3
Education 3 0.0167 0/3 3/3 2/3
Gender 1 0.0500 0/1 1/1 0/1

Table 11: Stuart-Maxwell Test results comparing la-
bel distributions of personas within each demographic
aspect. Each cell indicates the number of significant
pairwise comparisons out of the total number of tests
performed (k). A Bonferroni correction was applied to
the significance level o based on k.

Attribute GPT-OSS Mistral Qwen3
Age 17.6% 17.8% 45.6%
Loneliness 14.4% 13.4% 36.8%
Religion 29.8% 36.4% 59.2%
Education 22.6% 23.8% 51.4%
Race 23.8% 26.8% 45.8%
Gender 14.8% 16.6% 28.0%
Political View 26.2% 49.6% 56.4%

Table 13: Percentage of samples where personas within
the same demographic aspect disagreed on the predicted
label. Qwen3-32B exhibits the highest disagreement
rates across all attributes, while Political View and Reli-
gion generate the most divergence across all models.

C.3 BRWRR (CoS-E and SST-2) Additional
Results

We provide the additional results of IOU-F7 in Fig-
ure 8. We also show the best performing personas
for each demographic group’s annotations in Ta-
ble 15 (CoS-E) and 16 (SST-2). The tables show
that the best performing personas not always match
their corresponding group; nevertheless, the dif-
ferences between persona (P) and baseline (B) are
slight.
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Label Performance (Macro-£1) Rationale Performance (Token-F7)

Model

Baseline Persona Average Baseline Persona Average
CoT No-CoT CoT No-CoT CoT No-CoT CoT No-CoT
GPT-OSS-120B  48.8402 482407 484413 478418 | 69.6418 685104 692109 67.0493
Mistral-Medium 45-6i0.8 44~3i0.7 45-9i3.9 47~2i3.4 66.1i0.2 67.6i0‘6 64.6i1.2 60.3i1‘7
QWCH3-32B 50-9:t0.6 48.8:|:1_6 43.8:&3.0 42.8;&3_0 67.7;&0_5 66.5:|:241 66.2i1_2 65.6:&143

Table 8: HateXplain performance comparison of Baseline and Persona settings across CoT and No-CoT prompting
strategies. Values are reported in percentages as Meansp.

Label Performance (Accuracy %) Rationale Performance (Token-F7)

Model Baseline Persona Average Baseline Persona Average
CoT No-CoT CoT No-CoT CoT No-CoT CoT No-CoT
GPT-OSS-120B  70.5437 71.0438 704434 70.6434 | 53.8430 53.3431 541108 53.7499
Mistral-Medium 71-0i3.8 70.613‘2 70-3i2.9 69.9i2‘9 52~0i3.3 49.812.9 52.8i3.1 51.712,9
Qwen3-32B 7044417 70.54471 69.1434 687433 | 49.3432 4894309 48.0407 47.8499

Table 9: CoS-E performance comparison of Baseline and Persona settings across CoT and No-CoT prompting
strategies. Values are reported in percentages as Meansp.

Label Performance (Binary F) Rationale Performance (Token-F7)

Model

Baseline Persona Average Baseline Persona Average
CoT No-CoT CoT No-CoT CoT No-CoT CoT No-CoT
GPT-OSS-120B  95.7420 95.7419 96.1419 96.0490 | 58.44144 587143 574136 574436
Mistral-Medium 96.0i2.2 96.012,2 95.2:&1.9 95.311,9 57~5i4.2 56.114.3 56-9i3.6 56.513,7
QWCH3—32B 95.4:{:1.9 95.8:|:2_() 92.1:&3.0 91.6:|:2_8 58.1:|:4_5 57.9:|:4.2 56.0i3_7 54'1:|:3.6

Table 10: SST-2 performance comparison of Baseline and Persona settings across CoT and No-CoT prompting
strategies. Values are reported in percentages as Meanigp.

Model Comparison Sig. Persona 1 Distribution Persona 2 Distribution
GPT-OSS-120B  Left-wing vs. Right-wing v"***  52% HS, 22% Off, 26% Norm 46% HS, 25% Off, 29% Norm
Left-wing vs. Centrist VR 529% HS, 22% Off, 26% Norm  47% HS, 28% Off, 25% Norm
Right-wing vs. Centrist x*  46% HS, 25% Off, 29% Norm 47% HS, 28% Off, 25% Norm
Mistral-Medium  Left-wing vs. Right-wing v ***  53% HS, 35% Off, 12% Norm 32% HS, 46% Off, 21% Norm
Left-wing vs. Centrist V7 539% HS, 35% Off, 12% Norm  24% HS, 57% Off, 18% Norm
Right-wing vs. Centrist VR 32% HS, 46% Off, 21% Norm  24% HS, 57% Off, 18% Norm
Qwen3-32B Left-wing vs. Right-wing v***  30% HS, 56% Off, 13% Norm 24% HS, 51% Off, 25% Norm
Left-wing vs. Centrist vV 30% HS, 56% Off, 13% Norm  16% HS, 63% Off, 21% Norm
Right-wing vs. Centrist vV 249 HS, 51% Off, 25% Norm  16% HS, 63% Off, 21% Norm

Table 12: Pairwise comparison of label distributions for Political View personas. Sig. denotes statistical significance
under the Stuart-Maxwell test with Bonferroni correction. HS: Hate Speech, Off: Offensive, Norm: Normal.
Left-wing personas consistently predict Hate Speech at a higher rate than Right-wing or Centrist personas.
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GPT-0SS-120B Mistral-Medium Qwen3-32B
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Right-Wing o —— 1 — 08— 1
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Mean Error % (95% Cl)

Mean Error % (95% Cl)

Mean Error % (95% CI)

Figure 6: Mean Error (ME) of baseline and personas in label prediction on HateXplain dataset. Error bars incidates
95% Cls. ME of GPT-OSS and Mistral are similar to MAE of them, while ME of Qwen3 showing some personas
have lower ME, but higher MAE than baseline. Lower ME indicates generally lower over-flagging rates.

GPT-0SS-120B Mistral-Medium Qwen3-32B
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Male —— — o —_——
Female - —e— —e—1 —e
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Somewhat Lonely § >—b—< »—0—:4 — :
Left-Wing 1 —_— —a— —e——H
Right-Wing — ——— —e—
Centrist A —l— — ——
White{ @ Age e e —_——
Black{ @ Education _.Jl_ _?_‘ ’_._:_‘
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60.0 625 65.0 675 70.0 725 75.057.5

I0U-F1 % (95% CI)

600 625 650 67.5 700 725 75.0
I0U-F1 % (95% CI)

Figure 7: Rationale IOU-F} of baseline (no persona) and different single-attribute persona performances on
HateXplain dataset, excluding rationales from “normal” label. Error bars incidates 95% Cls.
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Model
GPT OSS,
Run 1

GPT OSS,
Run 2

GPT OSS,
Run 3

Chain-of-Thought r :
The task: We must adopt perspective of a real person with no formal education, whose entire life shaped by this trait. We need to think out loud as that person about the post, then output JSON
with label and rationale: words that contributed. We must classify the text as Hate speech, Offensive language, or Normal. The text: "antifa are the real nazis man". This is a statement that
accuses antifa of being Nazis. Is it hateful? It’s a political statement, possibly offensive. Let’s see classification guidelines: Typically hate speech is targeting protected group based on race,
religion, etc. "antifa” is political ideology, not protected class, but could be hate speech if inciting violence? It’s a derogatory statement possibly offensive but not hate speech. Offensive
language? It’s an insult but not profanity. It’s an expression of political opinion; could be considered normal speech but possibly offensive to antifa supporters. Likely classify as Offensive
language? The categories: Hate speech, Offensive language, Normal. I'd choose Offensive language because it’s insulting and could be considered offensive, though not hate speech. So label
Offensive language. Rationale words: "antifa", "nazis". Those are key. Now we must think out loud as persona with no formal education. They might think of it as rude. We’ll produce think
tags. Need to output JSON only. So final. Alright, read that line: "antifa are the real nazis man". It’s sayin’ that a group called antifa are like Nazis. I know a bit about the world, folks that call
someone a Nazi is usually meanin’ they think they’re evil or bigoted. It’s a harsh thing to say about a group. It’s not a polite thing; it’s an insult. There’s no fancy words or school talk, just plain
talk. It sounds offensive, kinda wantin’ to stir up feelings against antifa. It’s not exactly talk about race or religion, but it is a strong insult. So I think this is offensive language, not just normal
talk. The words that make it stand out are "antifa" and "nazis". Offensive language

s

We need to produce a response with thinking in <think> tags in persona of a real person with no formal education. Then final JSON. Must stay in character, not break. So we need to simulate
inner monologue of person no formal education, describing how they think, then classify text as Hate speech etc. The text: "antifa are the real nazis man". It’s a statement accusing antifa
of being Nazis. That is offensive maybe hateful towards a group (Antifa). It’s a derogatory statement and likely hate speech? In many moderation guidelines, "antifa are the real nazis" is
extremist hate speech targeting a political group. It’s hateful content. So label "Hate speech”. Provide rationale array with words that triggered, e.g., "antifa", "nazis". Also "real". Possibly
"man"? Only include words that contributed. We’ll produce JSON with label "Hate speech” and rationale list. Also include think block before JSON. We must ensure the think block is inside
<think>...</think> tags. Then after that output JSON only. No extra text. So final answer: <think>... </think> "label": "Hate speech", "rationale": ["antifa", "nazis"] Make sure to not include
extra spaces.I ain’t got no school books, but I know folks can get hurt by words. When I hear someone say "antifa are the real nazis man", it feels like they’re telling a whole bunch of people
they’re like the worst kind of hateful group. Calling a group "Nazis" is a strong insult, and it’s pointing at a political group, which can stir up hate. In my world, I know that kind of talk can make
people angry or scared, and it’s more than just a simple opinion—it’s a hateful label. So I'd put this in the hate speech bucket. Hate speech

We need to adopt persona of a real person with no formal education, shaped by this trait all their life. The classification categories: Hate speech, Offensive language, Normal. The text "antifa are
the real nazis man". The user wants the assistant to think out loud as this persona, then output JSON with label and rationale (list of words). The persona: no formal education, maybe limited
vocabulary, possibly working class, possibly influenced by certain beliefs, perhaps anti-establishment or strong opinions, but lacking formal education. We need to imagine how they’d think
about the text. They might see that calling antifa "real nazis" is an insult, could be hateful towards a political group, but maybe they don’t see it as hate speech; maybe they’d think it’s just an
opinion, a strong statement. But we must decide ation based on typical content guidelines: "antifa are the real nazis man" is a statement that equates a political group with Nazis. That
could be considered hate speech? According to poli hate speech is content that attacks a protected group based on protected ch; s (race, religion, etc.). However, antifa is a political
ideology, not a protected characteristic. So it’s not hate speech per policy. Offensive language? The phrase includes "real nazis" whi offensive but not profanity. It’s a slur-like accusation but
not profanity. Could be considered harassment because calling a group Nazis is h: ing? Usually hate speech policy: targeted harassment of a protected group. Antifa is not a protected group.
So likely classification is "Normal". The rationale list should include the words that contributed: maybe "antifa", "nz . Possibly "real”. We need to output JSON with label and rationale array
of words. Now we need to think in persona. Provide <think>...</think> with interior monologue, reflecting the perspective of a person with no formal education. Then output JSON. Make sure
output includes only JSON after the think block. No extra text. Let’s craft think: <think>...some reasoning ...</think> Then JSON: "label":"Normal","rationale":["antifa","nazis"] Yes.I ain’t got
fancy school, but T know people can get all riled up talkin’ about groups. This here says "antifa are the real nazis man". To me, it’s just someone shoutin’ an opinion, callin’ a group named
Antifa the same as Nazis. It’s a harsh thing, but it’s not swearin’ or a slur against a race or religion. It’s more political talk. I wouldn’t call it hate speech ’cause it’s not about a protected group.
It’s kinda offensive maybe, but it’s just talk. So I reckon it’s normal kind of speech, just loud. Normal

Mistral,
Run 1
Mistral,
Run 2
Mistral,
Run 3

I don’t know much about big words or politics, but it seems like the person is just saying what they think. They ain’t cussing or calling names in a mean way, just saying their piece. Don’t see
nothing too bad here, just words I've heard before. Normal

I don’t know much about big words or politics, but it sounds like someone just saying what they think. Ain’t no cussing or calling names in a mean way, just talking about groups they don’t like.
Folks say stuff like this all the time where I'm from, and it don’t seem like it’s trying to hurt nobody directly. Normal

T don’t know much about big words or politics, but it sounds like the person is just saying what they think. They ain’t cussing or calling names in a mean way, just talking about groups. It don’t
seem hateful or offensive to me, just regular talk. Normal

Qwen3,
Run 1

Qwen3,
Run 2

Qwen3,
Run 3

Okay, so I need to figure out how someone without formal education would classify the statement "antifa are the real nazis man." Let me start by thinking about their perspective. First, this
person probably doesn’t have a lot of knowledge about political groups or historical terms. They might not know what Antifa or Nazis really are. They rely on what they hear from people
around them or media they consume, maybe from sources that aren’t very educational. The statement is making a comparison between Antifa and Nazis. Without formal education, they might
not understand that Antifa is a movement against fascism, while Nazis are far-right, racist, and oppressive. If they don’t know the actual meanings, they might just take the words at face value.
They might have heard "Antifa" in a negative context, maybe from someone they trust or from media that portrays them negatively. So they might believe that calling Antifa "the real Nazis" i
just repeating what they’ve heard. Since they don’t have the background to know better, they might not see the inaccuracy. Now, offensive language usually includes slurs or harsh terms.
"Nazis" is a strong word, but in this case, the person is using it as a label for Antifa. Since they don’t understand the historical context, they might not realize the offensive nature of the term.
They could think it’s just a strong way to criticize Antifa. Hate speech involves targeting a group with intent to harm or degrade. But without understanding the groups involved, the person
might not recognize that Antifa and Nazis are on opposite ends. They might not see the contradiction, so they might not classify it as hate speech. So, putting this all together: the person doesn’t
know the actual meanings, so they might see it as a normal statement because they’re just repeating what they’ve heard. The words "nazi" and "antifa" are there, but they don’t understand the
context. So the classification would be "Normal" because from their perspective, it’s just an opinion they don’t find offensive or hateful. Normal

Okay, let’s try to figure out how someone with no formal education might classify the statement "antifa are the real nazis man." First, I need to imagine what their life experiences are like.
Without formal education, this person might rely more on what they hear in everyday conversations, maybe from people they trust or in their community. They might not be familiar with
historical context or political terms, so they could be using words they heard without understanding their actual meanings. The phrase "antifa are the real nazis" is a common far-right talking
point. Someone without formal education might not know what "antifa" stands for. They might have heard it’s a group that opposes something, maybe even violence, but they’re using the term
"nazi" as an insult, which they think is a bad label. They might not understand the historical significance of the word "nazi," so they might not realize it’s offensive in a different context.
Looking at the words used, "nazi" is a strong term. But if they don’t grasp its meaning, they might not see it as offensive. They might just be using it as a bad word they heard others use. The
person might not recognize that calling antifa (which is short for anti-fascist) a nazi is a contradiction, since antifa is against fascism, which naziism is a part of. Without that knowledge, they
might not see the irony or the incorrect use of the term. So, from their perspective, they might not think the statement is offensive. They might see it as a normal opinion, even if it’s based on a
misunderstanding. They might not have the vocabulary or context to label it as hate speech or offensive language. Therefore, they might classify it as "Normal" because they don’t understand
the deeper implications or the misuse of the term "nazi." Normal

Okay, so I need to figure out how a person without formal education would classify the statement "antifa are the real nazis man." Let me start by thinking about how someone with no formal
education might perceive this. First, they might not have a deep understanding of political terms like "antifa" or "nazis." Antifa usually refers to anti-fascist groups, and Nazis are associated with
extreme right-wing, racist ideologies. But without formal education, the person might not know the historical context of the Nazis. They might have heard the word "nazi" used colloquially to
describe someone they disagree with politically, maybe from people around them or media they consume. So the statement is comparing antifa to Nazis. The person might not know that antifa is
actually against fascism, which the Nazis represent. They might just take the words at face value. If they’ve been taught or have been exposed to the idea that certain groups are bad (like Nazis),
and someone is calling another group (antifa) by that name, they might see it as a negative label. They might not recognize the irony or the incorrect comparison. Since they don’t have the
education to understand the historical context, they might just see it as someone using a bad word to insult another group. In that case, they might classify this as hate speech because it’s using a
derogatory term (nazi) to attack a group (antifa). But wait, offensive language is different from hate speech. Hate speech is more about targeting a group based on race, religion, etc. Here, the
term "nazi" is being used as an insult. If the person doesn’t know the actual meaning, they might not see it as hate speech, but just as offensive language. However, if they associate "nazi" with
extreme negativity, they might label it as hate speech because they think it’s a serious accusation against a group. Also, the word "man" at the end is just an exclamation, so it’s not key. The key
words are "antifa" and "nazi." Since the person might not know what antifa stands for, they might just take the statement as a direct insult. Without formal education, they might rely on common
usage or what they hear from others. If they hear that calling someone a nazi is bad, then using it here would be offensive. So, the classification might be offensive language because it’s using a
derogatory term, but if they perceive it as targeting a group with hate, it could be hate speech. But since they don’t have the context to know that antifa isn’t a fascist group, they might not see the
inaccuracy, just the insult. So the rationale would be the words "nazi" and "antifa.” Hate speech

Table 14: Chain-of-Thought reasoning consistency for HateXplain input text “antifa are the real nazis man” (GT:
Normal) and the No formal education persona.

GPT-0SS-120B Mistral-Medium Qwen3-32B
Group Accuracy Token-F Accuracy Token-F Accuracy Token-F
Persona P B Persona P B  Persona P B Persona P B Persona P B Persona P B

BO LYF 76.7 75.2 LYM 540 532 LOM 757 765 WYF 528 513 BYF 755 76,6 BYM 488 49.2
BY LOM 685 675 BOM 50.7 499 WYM 67.7 675 LOF 49.2 48.0 LOF 659 656 WYF 445 449
LO BYM 71.1 712 LOF 563 558 WOF 711 707 WOF 555 544 BOM 713 706 WYM 49.7 50.0
LY BYM 679 675 WOM 525 517 WOF 699 692 WYF 502 492 LYM 676 685 LOM 46.1 46.5
wo BYM 748 744 LYM 594 585 WOM 743 749 LYM 584 569 LOM 725 737 BYF 52.7 54.0
WY BYM 68.1 67.1 WOF 548 539 WOM 679 675 LYM 533 524 BYF 67.0 674 LOM 494 50.9

Table 15: Best Performing Personas vs. Baseline Results on CoS-E (%). P Persona accuracy, B Baseline accuracy,
persona abbreviations: B=African American, W=Caucasian, L=Hispanic, M=Male, F=Female, Y=25 years old,
0=45 years old. The differences between persona (P) and baseline (B) are slight.

1169



I0U-F1
o -0.005, ¢ -0.001 IOU-F1

r d -0.023, ¢ -0.019
WO + Baseline L - ; r —
o ® Malke ‘ -~ WO 4 Baseline
o LO 1 Female 1) | ® Male o—r
N N o BO Female
— 8O 4 @ Significant ! 7'} N =T
s |-I| 1y @ significant ' ®
8 v ‘ =5 @
Nt Y o Wwrd ‘ o 3
o 4 ! y
g W T : - o
BY - : < ©
| — | ! ! BY 1 ‘ S
30 35 40 45 50 =3 30 35 40 45 50 55 60
¢ -0.002, 2 -0.005 J -0.004, 9 -0.006
WO 1 ‘ s wo | i ®
§ LO - ' L 53 £ . .
= 5 BO- hr=——
° : ® 3
s BO 4 X g LY A C—
= —® :
s LY T < wys ‘ -e
= ‘ o 4
o wy z % o4 & -
= | , ° ‘ =
BY 2 BY ’ =@
30 35 40 45 50 55 30 35 40 45 50 55 60
¢ -0.021, 9 -0.022 J -0.031, 9 -0.024
WO 4 ‘ = Wo 4 ‘ — -
@ Lo ' e @ BO- : o—;
P : ? — a
s 501 ' oy ‘ 5
fg m
g Y4 ! p =5 S wrd e -
H
& wr 8 & o{ *—
BY ' LES BY A e -
30 35 40 45 50 55 30 35 40 45 50 55 60
IOU-F1 IOU-F1
(a) CoS-E subset (b) SST-2 subset

Figure 8: Rationale Performance on IOU-F} for (no persona) baseline and personas across demographic groups.
Error bars indicate 95% CI. BY: African American Young, WY: Caucasian Young, LY: Hispanic Young, BO: African
American Old, WO: White Old, LO: Hispanic Old. Each group has its own ground truth labels.

GPT-0SS-120B Mistral-Medium Qwen3-32B
Group Binary F Token-F Binary F Token-F Binary F Token-F
Persona P B  Persona P B  Persona P B Persona P B Persona P B Persona P B

BO BOM 989 983 LOF 60.6 611 WOM 981 988 WOM 59.7 59.8 LYF 97.6 980 WYF 595 614
BY WYM 938 932 LOF 533 51.8 WOM 932 931 LYM 525 515 LYF 923 934 WYF 510 512
LO LYF 948 941 WOF 557 568 WYF 939 944 WOF 545 548 WYF 932 936 WYM 558 554
LY LOF 978 970 LOF 576 570 WOF 970 972 LYM 568 569 WYF 959 964 WYM 572 57.1
WO WOF 977 970 WYM 647 650 LOF 969 973 LYM 636 639 WYF 958 965 WYM 634 639
WY BOF 95.1 944 WOF 57.6 584 LOF 943 950 WOM 576 581 LYM 942 944 WYM 593 59.6

Table 16: Best Performing Personas vs. Baseline Results on SST-2 (%). Persona abbreviations: B=African
American, W=Caucasian, L=Hispanic, M=Male, F=Female, Y=25 years old, O=45 years old. The differences
between persona (P) and baseline (B) are slight.
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