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Abstract

Persona-prompting is a growing strategy to
steer LLMs toward simulating particular per-
spectives or linguistic styles through the lens of
a specified identity. While this method is often
used to personalize outputs, its impact on how
LLMs represent social groups remains under-
explored. In this paper, we investigate whether
persona-prompting leads to different levels of
linguistic abstraction, an established marker of
stereotyping, when generating short texts link-
ing socio-demographic categories with stereo-
typical or non-stereotypical attributes. Draw-
ing on the Linguistic Expectancy Bias frame-
work, we analyze outputs from six open-weight
LLMs under three prompting conditions, com-
paring 11 persona-driven responses to those of
a generic AI assistant. To support this analysis,
we introduce Self-Stereo, a new dataset of self-
reported stereotypes from Reddit. We measure
abstraction through three metrics: concreteness,
specificity, and negation. Our results highlight
the limits of persona-prompting in modulating
abstraction in language, confirming criticisms
about the ecology of personas as representative
of socio-demographic groups and raising con-
cerns about the risks of propagating stereotypes
even when seemingly evoking the voice of a
marginalized group.

1 Introduction

Large language models (LLMs) are increasingly
used in numerous tasks involving the generation
of an artifact (being a text, an image, or a video)
by means of an input expressed in a natural lan-
guage. A recent trend, influenced by the vision of
LLMs as agents, is the use of persona-prompting
as a strategy to personalize the generation and
steering model behavior to assume specific view-
points (Shao et al., 2023; Malik et al., 2024; Li
et al., 2024). This method assumes that the per-
sona activates corresponding parametric knowl-
edge within the LLM, enabling it to simulate view-

Figure 1: Persona-based prompting for category: “Ger-
man” and attribute: “always on time” from an AI
assistant and a Baby-Boomer. All texts are from
LlaMa3.1-70B.

points or linguistic styles aligned with the assigned
identity or character (Tseng et al., 2024).

While persona-prompting has shown promise
in subjective tasks and style approximation (Beck
et al., 2024; Malik et al., 2024), its overall effec-
tiveness remains underexplored and debated (Wang
et al., 2024; Hu and Collier, 2024). In this paper,
we examine how persona prompts differ from a
generic AI assistant when generating short texts
about individuals tied to socio-demographic cate-
gories and potentially stereotypical attributes (e.g.
“German” and “always on time”; see Figure 1).

This paper investigates the risks of persona-
prompting leading to stereotypical text generation,
regardless of the associated attributes and the per-
sona used in the prompt. Stereotypes are reflected
and transmitted by subtle linguistic cues indicating
a high degree of category-generalization (Beuke-
boom and Burgers, 2019). Following the Linguis-
tic Expectancy Bias (LEB) framework (Wigboldus
et al., 2000), this category-generalization can be
quantified by measuring the level of abstraction of
a text: the more a text contains abstract language,
the more it conveys a stereotypical (and biased) de-
scription of an individual or a group (Maass et al.,
1989; Wenneker and Wigboldus, 2007). We ad-
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dress this through the following research questions:

RQ1: Do LLMs produce more abstract de-
scriptions when a stereotypical attribute is
paired with a socio-demographic category in
the prompt?

RQ2: How does the level of abstraction in
texts generated via persona-prompting com-
pare to that of a generic, unconditioned AI
assistant?

RQ3: Does the abstraction level in persona-
prompted text change when the persona and
the socio-demographic category belong to the
same in-group?

We approach these research questions by
analysing the responses of six open-weight LLMs
of different sizes (from 3B up to 72B parameters)
when prompted to write texts in three different con-
ditions given a socio-demographic characteristic
of an individual and: (i.) an expected, stereotypi-
cal attribute (e.g., “German” – “always on time”);
(ii.) the negated stereotypical attribute (“German”
– “not always on time”); and (iii.) a random at-
tribute (“German” – “loves fried chicken”). To
quantify abstraction, we operationalize the LEB
framework by means of three dictionary-based
measures that capture the concreteness, the speci-
ficity, and the negations in a text. With this frame-
work, we model and quantify the abstraction level
of the generated texts and compare them across
11 personas and the default AI assistant. Our ex-
tensive experiments show that LLMs use equally
abstract language when describing stereotypical
and non-stereotypical category-attribute combina-
tions, regardless of whether they are written by an
AI-assistant or persona-conditioned model. While
texts generated by personas differ from the AI as-
sistant in terms of superficial wording, they remain
generic and stereotyped, failing to reflect different
socio-demographic perspectives.

Contributions: We introduce SelfStero, a new
dataset of self-reported stereotypes collected from
Reddit (§ 3). Additionally, we show the inadequa-
cies of closed-task-based evaluations for assessing
the level of stereotypes in two families of open-
weight LLMs with varying sizes. In particular,
we provide a detailed analysis of linguistic profile
(measured in terms of concreteness, specificity, and
negations) in LLM-generated text, guided by the

LEB framework, across 11 persona prompts and
two model families (§ 4 and § 5).

2 Task and Abstraction Metrics

Our primary goal is to evaluate whether persona-
prompting induces linguistic patterns that differ
meaningfully from those of a generic AI assis-
tant. To assess the extent of this variation, we
have framed our task as a zero-shot generation task
where models are prompted to write a short text
given a socio-demographic category-attribute pair.

Linguistic patterns can vary along many dimen-
sions. We focus on linguistic bias and operational-
ize it in a novel way. We follow the Linguistic
Category Model (LCM) (Semin and Fiedler, 1988),
which defines bias in terms of differential use of ab-
straction. More specifically, we draw from the Lin-
guistic Expectancy Bias (LEB) framework (Wig-
boldus et al., 2000) which describes the tendency to
use more abstract language when behaviors align
with stereotypical expectations, and more concrete
language when they do not

The LCM, however, relies on heavy manual cod-
ing based on word category information. More-
over, the notion of abstraction itself is multifaceted
and not consistently defined within LCM. Abstrac-
tion can be understood in at least six ways, rang-
ing from categorical knowledge derived from ex-
perience to schematic, memory-based represen-
tations (Barsalou, 2003). One key assumption
in LCM is that “higher abstraction levels imply
generalizations” (Collins and Boyd, 2025, p.344)
about an individual or group. This suggests that
LCM conflates abstraction with another variable,
namely specificity, a relational concept that de-
scribes how general or specific a term is relative
to another (Bolognesi et al., 2020). Additionally,
abstraction in LCM may also implicitly refer to
conceptual distance from physical experience, as in
abstract versus concrete concepts (Barsalou, 2003).
This is reflected in the importance of state verbs
and nouns in the LCM’s abstraction scale.

Considering this, we operationalize the LCM
and the LEB by means of three metrics:

1. Concreteness: It reflects the degree to which
the concept expressed by a word refers to
a perceptible entity. We use the lexicons
from Brysbaert et al. (2014) and Muraki et al.
(2023), consisting of words and multiwords
rated from 1 (very abstract) to 5 (very con-
crete). Our concreteness score is calculated
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by taking the average concreteness rating of
each noun, verb, adjective, or larger expres-
sion (if present in the lexicon);

2. Specificity: It indicates the extent to which
a category is precise and detailed. We as-
sess the specificity of both nouns and adjec-
tives. For nouns, we follow the formula re-
ported in Bolognesi et al. (2020), which is
based on the relative position of the noun in
the WordNet taxonomy.1 The metric prox-
ies specificity in the hypernym semantic rela-
tion and it has shown moderate correlations
with human judgments (Bolognesi and Caselli,
2023; Ravelli et al., 2025). For adjectives, we
have followed the implementation by Schre-
iter (2024). It is still based on WordNet, but
it estimates adjective specificity using an in-
verse log-scaled function that incorporates the
number of semantically similar words, syn-
onyms, antonyms, and senses for each adjec-
tive. The guiding assumption is that fewer
lexical relations for adjectives indicate higher
specificity. For both parts-of-speech, we ob-
tain a score between 1 (very general) and 5
(very specific). In our analysis, specificity is
presented by taking the averages of the speci-
ficity scores for nouns and adjectives in a text.
Verbs were excluded because the WorNet’s
taxonomy is mostly flat (even considering the
few troponyms, i.e., verb hypernyms);

3. Negations: Research on the Negation
Bias (Beukeboom et al., 2010, 2020) reveals
that the use of negations is more pronounced
in descriptions of stereotype-inconsistent com-
pared with stereotype-consistent behaviors.
We approximate this as the number of neg
labels in the parts-of-speech tagged texts nor-
malized by the number of tokens.

In our analysis, we do not report a unique measure
of “abstraction” but we keep the three metrics sep-
arated since they complement each other and offer
a more nuanced view of linguistic bias.

In the next section, we introduce our dataset of
human-written texts, which we use as a reference
point. We compute the concreteness, specificity,
and negation metrics on this corpus to establish

1The specificity formula is the following: (1 + d)/20,
where d is the total amount of direct and indirect hypernyms
of a target word and 20 is the maximum distance (i.e., depth)
of a synset word from the ENTITY top node.

baseline patterns of abstraction in natural language.
These serve as the comparative foundation for eval-
uating the outputs of various open-weight LLMs
(prompted with and without personas).

3 The Self-Stereo Corpus

We introduce Self-Stereo, a new dataset of self-
reported stereotypes in English linking socio-
demographic categories and attributes. We scraped
867 top-level comments from the Reddit post
“What stereotype is 100% accurate about you?”
from the subreddit r/AskReddit using the PRAW
API.2 Comments typically followed the pattern “I
am [category] and I [attribute]”, where “at-
tribute” can be realized as a behavior, a physical or
mental condition, or an attitude. Three expert anno-
tators3 labeled text-spans corresponding to socio-
demographic categories and attributes, achieving a
Krippendorff’s α of 0.80 measured on a subset of
100 items. The annotation guidelines are reported
in Appendix A. One annotator then normalized
semantically similar attributes (e.g., “can’t drive”,
“not good at driving”) into unified forms (e.g., “can-
not drive”). Hateful messages and obviously sar-
castic ones have been excluded. The remaining set
contains self-reported stereotypic generalizations.

The final dataset is composed by 710 unique
<category,attribute> pairs with 211 unique
categories and 543 unique attributes. In Table 1,
we report an overview of the stereotype distribu-
tion along eight general classes manually identi-
fied on the basis of the categories. Some of the
most commonly self-reported stereotypes are those
concerning Nationality/Place of Origin (241 men-
tions), Gender (138 mentions), and Race (119 men-
tions). We have also identified stereotypes related
to Age (43 mentions), Professions (35 mentions),
Ability (32 mentions), and Astrological Signs (15
mentions). The class Other contains a mixture
of stereotypes associated with physical character-
istics (e.g., “red hair”), habits (e.g., “a stoner”),
or other characteristics (e.g., “owner of a Jeep”).
Intersectionality (Crenshaw, 2013) can be identi-
fied in 73 mentions, with the combination of Race
and Gender representing 73.97% of the cases, fol-
lowed by Race and Nationality/Place of Origin
(15.06%). The posts are usually quite short, with
an average number of tokens equals to 26.69, rang-
ing between a minimum of 2 and a maximum of

2https://praw.readthedocs.io/en/stable/
3All annotators (2F, 1M) are authors of this paper.
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251 tokens. When compared to other stereyype
datasets like StereoSet (Nadeem et al., 2021) and
SHADES (Mitchell et al., 2025), SelfStereo dif-
ferentiates in being a fully ecological dataset (self-
reported stereotypes) and covering disregarded cat-
egories (e.g., astrological signs, ability, among oth-
ers). The data (and code) are publicly available at
this link https://osf.io/x7evc/.

Stereotype class Mentions Instances

Ability 32 5
Age 43 14
Astrological sign 15 7
Gender 138 36
Nationality/Origin 241 67
Profession 35 20
Race 119 20
Other 87 42

Table 1: Overview of the stereotype class distribution.
“Mentions” refers to the total number of reported stereo-
types in a specific class; "Instances" refers to the unique
instances of a self-reported stereotype per class.

We applied the three linguistic bias metrics to
this corpus. The human-authored texts present the
following average values: concreteness = 3.35 (SD
= 0.52), specificity = 2.09 (SD = 0.68), and nega-
tion = 0.01. Concreteness and specificity scores
are derived from the majority of words in each sen-
tence (concreteness: ≈84% from all POS; speci-
ficity: ≈86% from nouns and ≈78% from ad-
jectives), indicating that the method captures a
broad vocabulary range while relying on existing
resources. The scores indicate that texts in Self-
Stereo are relatively concrete, quite generic, and
with low presence of negation, confirming their
stereotype-consistent nature in line with the ex-
pectation from LCM and LEB. The low presence
of negation clearly indicates minimal overt rejec-
tion of stereotypical expectations. These values
provide an empirical grounding for comparison
with LLM-generated content, allowing us to assess
whether and how machine-generated language de-
viates from naturally occurring human discourse in
its use of abstraction and related stylistic features.

We have also evaluated how these stereotypical
associations emerge in LLMs (details are reported
in Appendix B). By relying on a series a closed-task
settings, we asked our models to predict the appro-
priate category given a stereotypical attribute, both
in the affirmative (I am <BLANK> and I am always
on time) and in its negated form (I am <BLANK>
but I am not always on time), and, vice versa, to pre-

dict the stereotypical attribute given the category
(I am German and I <BLANK>). Overall, token
accuracy is very low (maximum 0.1), showing that
these stereotypical associations do not emerge eas-
ily. Expected stereotypical categories are mostly
generated for Nationality/Place of Origin (specifi-
cally Canadian, British, American, and Mexican)
and Race (mostly Asian). We have also identi-
fied that, for some <category,attribute> pairs,
LlaMa32-3B refuses to answer more often when
compared to the other models (total 173 cases over
all versions and settings).4 While at first, these
results could be interpreted as lack of bias in the
LLMs we have selected, they further confirm the
criticism of closed-tasks to assess the presence of
these phenomena (Lum et al., 2024; Mitchell et al.,
2025).

4 Generate <category,attribute> texts

Our experiments are designed to assess whether
LLMs reproduce linguistic patterns associated with
stereotype expressions, and whether such patterns
shift under persona-based prompting. We probe
this behavior by analyzing how models describe
individuals based on a socio-demographic category
and a given attribute, measuring the concreteness,
specificity, and negation of the generated responses.
The task is an open-ended text generation: given a
<category, attribute> pair, the model is asked
to write a text. By systematically varying the type
of attribute and the identity of the system prompt,
we evaluate whether model generations exhibit sys-
tematic differences in the abstraction level of the
texts as an indicator of linguistic bias.

We design three experimental conditions:

1. Default: A stereotypical attribute paired with
a category (e.g., a German – always on time);

2. Flipped: The negation of a stereotypical at-
tribute (e.g., a German – not always on time);

3. Random: An unrelated or neutral attribute,
selected at random (e.g., a German – hates
mice). For this setting, we made sure that there
is no overlap with any other attribute which
may be associated with the target category. 5

4Gender: 55, Race: 44, Other: 39, Nationality/Origin: 12,
Ability: 8, Age: 7, Profession: 4, Astrological Sign: 4.

5Three random attributes were sampled for each category,
but for brevity we report only one in the main text. Full results
for all random prompts are included in Appendix E.
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Prompts are designed to be semantically and syn-
tactically neutral, avoiding any phrasing that may
bias the model’s response (the prompts used are
reported in Appendix C). We explore two config-
urations: (i.) Generic AI Assistant– the system
prompt simply instructs the model to act as a help-
ful assistant, and (ii.) Persona-Based. In the lat-
ter, the model is instructed to take on the voice
or perspective of a specific persona. We adopt
11 socio-demographic personas covering political
ideology (e.g., a conservative, a socialist, a liber-
tarian) and generational identity (e.g., a GenZ, a
Baby Boomer), drawn from Malik et al. (2024).

For each condition, we compare the texts pro-
duced by the generic assistant with those produced
by each persona. This setup allows us to isolate
the effect of persona-prompting on linguistic style
and abstraction, and to evaluate whether adopting a
persona amplifies, attenuates, or merely replicates
the patterns found in the generic AI assistant.

We test this setup on six open-weight
LLMs of varying sizes and architectures, in-
cluding LlaMa32-3B, LlaMa31-8B LlaMa31-70B,
Qwen25-3B, Qwen25-7B and Qwen25-72B. For all
models we used the instruction-tuned versions. All
experiments have been run on four H100 NVIDIA
GPUs. Comparison across models’ sizes is essen-
tial to assess whether differences in abstraction vary
with model scale, their sensitivity to stereotypes
regardless of the experiment condition.

5 Results and Discussion

We structure the discussion of the results along
three main blocks, each addressing one of the re-
search questions we have presented in § 1, focusing
on (i.) the contrast between stereotype-consistent
and stereotype-inconsistent attribute pairings, and
(ii.) the impact of persona-based prompting relative
to a generic AI assistant.

[RQ1] LLMs do not present differences in
abstraction whether a description of a socio-
demographic category is paired with a stereo-
typical attribute (Default), its negated version
(Flipped), or a random one (Random). We fo-
cus here on text generated with the AI assistant
prompt. Based on the LCM and LEB frameworks,
we expected concreteness, specificity, and nega-
tion to vary across conditions: low values in the
Default (stereotypical) condition, and higher val-
ues in the Flipped (negated stereotype) and Ran-
dom conditions. However, the results do not sup-

port these expectations. Across all conditions, the
LlaMa3* models have an average concreteness of
3.06 (SD=.04), a specificity of 2.14 (SD=.04), and
negation of .005 (SD=.003). For the Qwen25 mod-
els, figures are even lower, with 2.92 (SD=.08) for
concreteness, 2.10 (SD=.008) for specificity, and
0.003 (SD=0) for negation. When compared with
the human written text in Self-Stereo, the differ-
ences are minimal: the LlaMa3* models present
a tendency to write less concrete texts (∆=-0.29)
and slightly more specific (∆=+0.05); on the other
hand, the Qwen25 models have larger negative
deltas for concreteness (∆=-1.21), and almost iden-
tical value for specificity (∆=-0.01). With the sole
exception of LlaMa32-3B, all models present nega-
tions only in the Flipped condition, i.e., when the
negation is part of the prompt. Differences in con-
creteness across conditions are statistically signifi-
cant at p < 0.05 (Mann-Whitney U test) only be-
tween Default and Flipped for LlaMa31-3B and all
Qwen25 models. As for specificity, differences are
statistically significant again between Default and
Flipped for medium-size models (8-7B) for both
model families. Additionally, we do not observe
remarkable differences across models’ sizes. Small
models (3B) tend to produce more concrete (3.11
for LlaMa31-3B; 2.83 for Qwen25-3B) and slightly
more specific responses (2.18 for LlaMa31-3B;
2.10 for Qwen25-3B) but these differences are neg-
ligible. Medium size (7B-8B) and large models
(70B-72B) have very close behaviors, following
the general pattern. These findings clearly indicate
that all generated texts, regardless of the combi-
nation of the socio-demographic category and
attribute(s), present a level of abstraction that
conveys stereotyped, biased descriptions. Finally,
we observe that differences in models’ size have an
impact mostly on the length of the responses, with
LlaMa31-70B and Qwen25-72B generating longer
outputs (averaging 108–120 tokens). Refusal rates
are minimal (below 1%) for LlaMa3* models and
absent from the Qwen25 family (see Table E in Ap-
pendix C). Detailed results for each model are pre-
sented in Table G in Appendix D.

[RQ2] Persona-prompting does not trigger
meaningful differences in the abstraction lev-
els of responses. Across models and experiment
conditions, the differences between the AI assis-
tant and persona prompts are small but consistent
(see Table 2). These differences are mostly evident
in the dimensions of concreteness and, to a lesser
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Concreteness Specificity Negation
Model Prompt Default Flipped Random Default Flipped Random Default Flipped Random

LlaMa32-3B
AI Assistant 3.07 3.17 3.10 2.18 2.19 2.19 0.0 0.03 0.0
Political Personas 3.02 3.11 3.06 2.18 2.20 2.18 0.0 0.02 0.0
Age Personas 3.14 3.22 3.18 2.19 2.20 2.19 0.0 0.01 0.0

Qwen25-3B
AI Assistant 2.86 2.79 2.84 2.10 2.11 2.10 0.0 0.01 0.0
Political Personas 2.79 2.79 2.77 2.08 2.12 2.08 0.0 0.01 0.0
Age Personas 2.84 2.83 2.82 2.08 2.11 2.08 0.0 0.01 0.0

LlaMa31-8B
AI Assistant 3.00 3.03 3.04 2.10 2.11 2.11 0.0 0.01 0.0
Political Personas 2.94 2.94 2.98 2.12 2.12 2.14 0.0 0.01 0.0
Age Personas 3.09 3.09 3.14 2.14 2.14 2.17 0.0 0.01 0.0

Qwen25-7B
AI Assistant 3.01 2.96 2.99 2.10 2.13 2.11 0.0 0.01 0.0
Political Personas 2.97 2.97 2.96 2.10 2.14 2.11 0.0 0.01 0.0
Age Personas 3.01 2.98 2.99 2.11 2.11 2.11 0.0 0.01 0.0

LlaMa31-70B
AI Assistant 3.00 3.03 3.04 2.10 2.11 2.11 0.0 0.01 0.0
Political Personas 2.84 2.93 2.92 2.11 2.14 2.11 0.0 0.01 0.0
Age Personas 3.00 3.12 3.07 2.12 2.14 2.13 0.0 0.01 0.0

Qwen25-72B
AI Assistant 2.99 2.93 2.96 2.09 2.10 2.10 0.0 0.01 0.0
Political Personas 2.95 2.96 2.94 2.08 2.11 2.09 0.0 0.01 0.0
Age Personas 2.98 2.98 2.95 2.08 2.10 2.09 0.0 0.01 0.0

Self-Stereo – 3.35 – – 2.09 – – 0.01 – –

Table 2: Overview results of the concreteness, specificity, and negation metrics for the generic AI assistant and
persona-prompting (aggregated by type) across all experiment conditions (Default, Flipped, and Random). Human
scores from the Self-Stereo corpus are reported for reference.

Concreteness Specificity Negation
Model Prompt Default Flipped Random Default Flipped Random Default Flipped Random

Llama70B

AI assistant 3.06 3.20 3.00 2.16 2.19 2.20 0.03 0.09 0.04
Baby-Boomer 3.03 3.10 3.10 2.18 2.19 2.20 0.02 0.05 0.05
GenX 3.03 3.09 3.03 2.16 2.20 2.16 0.05 0.10 0.07
GenZ 3.07 3.22 3.03 2.22 2.27 2.15 0.02 0.11 0.06
Millenial 3.02 3.09 3.02 2.17 2.15 2.12 0.02 0.07 0.02

Qwen72B

AI assistant 2.91 2.87 2.92 2.14 2.17 2.13 0.02 0.06 0.02
Baby-Boomer 2.92 2.86 2.91 2.20 2.17 2.16 0.05 0.05 0.04
GenX 2.88 2.89 2.88 2.18 2.19 2.12 0.03 0.08 0.03
GenZ 2.92 2.92 2.90 2.11 2.14 2.14 0.04 0.04 0.02
Millenial 2.88 2.89 2.88 2.11 2.17 2.17 0.07 0.03 0.05

Table 3: Overview of results for the category Millennial with respect to AGE-personas (impact of in-group and
out-group). We report results only for the largest models.

extent, specificity, while negation is present almost
only in the Flipped conditions. As for the concrete-
ness, political personas have lower values, while
age-based personas have values closer to the AI
assistant. This effect is particularly pronounced
in the LLaMa3* models. In contrast, the Qwen25
models display relatively muted changes across
prompt types, with variations generally falling
within a narrow ±0.05 range. Specificity, by con-
trast, remains remarkably stable across all mod-
els and prompting strategies. Differences across
prompt types are small, with most values clustered
tightly around 2.10–2.14. Nonetheless, age per-
sonas occasionally elicit slightly higher specificity,

especially for the LLaMa3* models in the Random
condition. The near-zero usage of negation across
all prompt types, models, and experiment condi-
tions indicates a strong default toward affirmative
outputs. In light of LCM and LEB, these results
indicate that generated texts are mostly abstract,
thus offering biased, stereotyped descriptions.

Comparisons between age-based and political
personas reveal modest differences. Age personas
generally elicit slightly higher concreteness scores
than political ones, especially in the LLaMA3* mod-
els, while specificity remains largely unchanged
across persona types. The Qwen25 models show
minimal variation across all metrics, indicating
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lower sensitivity to persona prompts. Overall, re-
sponses across all personas remain highly abstract,
aligning with patterns of bias identified by LCM
and LEB. Full results by model and persona are
reported in Table G (Appendix D).

[RQ3] The abstraction level in persona-
prompted text does not change when the per-
sona and the socio-demographic category belong
to the same group. Being an in-group member
should result in a lower degree of stereotype bias
and thus reduce the degree of abstraction (Maass
et al., 1989). Three of the socio-demographic
categories in our data match a subset of our age-
personas (GenX, GenZ, and Millennial). Table 3
shows that models assigned to the persona Millen-
nial (in-group) do not differ from models assigned
to the other age personas when describing Millenni-
als. We see the same trend for GenZ and GenX (see
Tables 3 and L in Appendix F). This observation
suggests that the voices generated by persona-
prompted models do not reflect the genuine per-
spective of a social group, as they fail to shift in
tone or stance when addressing ingroups versus
outgroups.

Model Persona BLEU ROUGE-L

LlaMa31-3B
Political Personas 0.28 0.51
Age Personas 0.27 0.51

Qwen25-3B
Political Personas 0.13 0.40
Age Personas 0.11 0.38

LlaMa-8B
Political Personas 0.12 0.37
Age Personas 0.11 0.36

Qwen25-7B
Political Personas 0.21 0.46
Age Personas 0.18 0.44

LlaMa-70B
Political Personas 0.11 0.37
Age Personas 0.15 0.41

Qwen25-72B
Political Personas 0.23 0.48
Age Personas 0.19 0.46

Table 4: Average BLEU and ROUGE-L between per-
sonas and AI assistant in the Default condition per
model.

5.1 Additional Insights: Persona-prompting
elicits different stereotypical content

So far, our results show that persona-prompting
does not affect the abstraction level of generated
responses across any condition. To explore deeper
differences, we analyzed content variation, which
abstraction metrics may miss. We conducted two
analyses: one comparing responses from persona
prompts to those from the generic AI assistant,

and another comparing outputs across different
personas. We measured content overlap using
BLEU (n-gram precision) and ROUGE-L (longest
common subsequence) to better capture lexical
and phrasal differences.

Within the same experimental condition,
persona-prompting seems slightly more effective
at steering the generation. This effect is more
noticeable in larger LLaMA3* models (7B+), while
among the Qwen25 models, only the 3B variant
shows increased variation. This aligns with
earlier findings (Table 2) showing that Qwen25
models are generally less responsive to persona
prompts. Table 4 reports BLEU and ROUGE-L
comparing personas to the AI assistant in the
Default condition where differences in wording
and structures are smaller when compared to the
Flipped and the Random conditions. More details
for these two latter experiment considitions in
Tables N and O in Appendix G.

Content differences are more pronounced
across persona types (e.g., Political vs. Age) than
within them, with intra-type overlaps, such as
between “progressive” and “liberal” or “millennial”
and “GenZ”. Figure 2 shows this for ROUGE-L
scores for the largest models (LLaMa31-70B and
Qwen25-72B).

Furthermore, we manually analyzed 10
<category, attribute> pairs across all prompts
and conditions for a total of 720 responses from
the 70B+ models. We evaluated content similarity
to the AI assistant using a 5-point Likert scale
(1 = different; 5 = the same). Persona prompts
led to lower similarity scores in the Default
(2.7) and Random (2.3) conditions, confirming
their role in varying content. In contrast, the
Flipped condition yielded higher similarity (3.2),
suggesting reduced creativity when stereotypes are
negated. We also observed that LLaMa31-70B uses
generic descriptions with neutral pronouns, while
Qwen25-72B assigns names and genders. Some
recurring tropes (e.g., “resilience to hardship” for
marginalized groups) indicate subtle stereotype
reinforcement. All responses across models
were consistently positive in tone, echoing prior
findings (Cheng et al., 2023).

6 Related Work

Various benchmarks investigate stereotypes asso-
ciations in LLMs in closed tasks (Nangia et al.,
2020; Nadeem et al., 2021; Jha et al., 2023, among
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(a) LlaMa31-70B (b) Qwen25-72B

Figure 2: ROUGE-L scores across personas in the Default condition.

others). Associations between gender-biased pro-
fessions and pronouns have been tested using
the Gender-Winograd paradigm (Rudinger et al.,
2018; Zhao et al., 2018) and applied to LLMs
by Kotek et al. (2023). Parrish et al. (2021) test
behavior-stereotypes in a multiple-choice reading-
comprehension task. Criticism towards this ap-
proach is growing due to the ineffectiveness of
closed task approach to trigger embedded stereo-
types in LLMs. Lum et al. (2024) argue that many
bias benchmarks are decontextualized, often reduc-
ing the relationship between model outputs and
sensitive attributes to oversimplified correlations,
rather than capturing real-world impacts of model
use. Mitchell et al. (2025) introduce a compre-
hensive multilingual, multicultural, and contextual
benchmark, along with templates to support the
creation of new, contextually rich evaluation data.
Most similar to our open task, Cheng et al. (2023)
investigate GPT model-generated texts in terms
of how stereotypically they describe marked and
intersectional groups. We are not aware of work
that examines stereotyping in LLMs in terms of
covert linguistic expressions indicating category-
generalization following LCM and LEB.

Few automated methods exist for applying
the LCM. Seih et al. (2017) introduced an LCM
dictionary to compute abstraction scores, while
Johnson-Grey et al. (2020) and Collins and Boyd
(2025) enhanced this with POS tagging and senti-
ment analysis to study group dynamics. However,
no work has explored category generalization using
concreteness, specificity, and negation or applied
these metrics to LLM-generated texts.

Persona-prompting is commonly used to steer
LLMs toward specific, personalized perspectives

(Li et al., 2024; Malik et al., 2024; Kim et al.,
2024; Deshpande et al., 2023). However, recent
work highlights its limitations: personas have min-
imal impact in predicting human annotations on
perspective-sensitive tasks (Hu and Collier, 2024),
show little effect in generation with complex or un-
likely identities (Liu et al., 2024), and risk produc-
ing reductive representations of human behavior
(Orlikowski et al., 2023; Wang et al., 2024).

We are not aware of approaches that directly
examine the impact of personas on covert stereo-
typing. Three closely related studies examine
the behavior of models when assigned to socio-
demographic groups. Dong et al. (2024) find that
LLMs can be used to favor their own ingroup and
disfavor out-groups in political value surveys when
assigned to personas. We do not observe that this
behavior translates to writing style. Gupta et al.
(2024) find that LLMs assigned to diverse and/or
minority personas show shockingly stereotypic be-
havior leading to drops in performance on reason-
ing tasks (e.g. when assigned to a black person,
the model explains that it cannot solve a task re-
quiring mathematical reasoning). Plaza-Del-Arco
et al. (2024) find that LLMs reproduce emotion-
stereotypes when prompted with gendered personas
(female personas respond with sadness; male ones
with anger).

7 Conclusion

In this work, we evaluated how persona-prompted
LLMs change their language when describing a
socio-demographic category and an associated at-
tribute, whether the latter expresses a stereotype or
not We operationalized a sociological framework
and evaluated the degree of abstraction of gener-
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ated texts by LLMs. Across several combinations
of experimental conditions, models, and prompt
strategies, we found that the generated texts are
always mildly concrete, very generic, and with al-
most no negations. Even when they describe a
social category by taking a specific person (e.g.
“Let’s meet Alex . . . ”), the overall degree of abstrac-
tion still leads to generalizations towards the entire
category. This tells us that, independently of a su-
perficial difference in the wording (measured via
BLEU and ROUGE-L), LLMs do not take the per-
spective that could make them generate a different
text: whether an LLM impersonates an anarchist or
a conservative it will still end with a stereotypical,
biased description. This occurs also when LLMs
are prompted to generate texts about the same in-
group of the persona(s) they are taking. We have
also observed that the Qwen25 family of models is
less sensitive to persona steering than LaMa3* one,
suggesting that not all models are equally good at
persona-prompting.

While the study of biases and the perpetration
of stereotypes in LLMs is a longstanding area of
research in NLP, we believe that this type of analy-
ses, grounded in Social Science frameworks, could
be beneficial to further investigate their limits.

Limitations

The use of Reddit posts as a data source may
introduce bias, as these comments may not be
fully representative of the entire population of any
given demographic group. Reddit users tend to
represent a specific subset of internet users, of-
ten younger, more tech-savvy, and predominantly
English-speaking. Consequently, the self-reported
biases we analyzed do not capture the full stereo-
typical associations and nuances present within
broader demographic groups. For this reason, this
dataset is intended as a foundation that can and
should be expanded to enhance its usefulness. The
current list of stereotypes is not exhaustive for
stereotype categorizations.

Ethical Considerations

The dataset presented in this work contains exam-
ples of stereotypes, which inherently involve sensi-
tive and potentially harmful content. We recognize
that such data can inadvertently reinforce biases or
be misused in ways that perpetuate discrimination.

The dataset does not claim to be exhaustive and
may underrepresent stereotypes affecting certain

minority or marginalized groups.
All data has been anonymized, and no personally

identifiable information is included.
We strongly recommend that researchers using

this dataset contextualize their findings carefully
and consider the ethical implications of their work,
especially regarding potential impacts on vulnera-
ble communities.

By releasing this dataset, we aim to facilitate
transparency and progress in bias detection and
fairness in natural language processing while pro-
moting ethical awareness and responsible research
practices.
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A Annotation Guidelines

These guidelines describe how to annotate socio-
demographic categories and their associated at-
tributes in self-reported stereotypes. Each anno-
tation consists of two tags:

• category: it identifies a social group or iden-
tity;

• attribute: it corresponds to one or more
characteristics such as behaviors, traits, or ac-
tions linked to the category.

The goal of the annotation is to capture how
linguistic stereotypes are expressed through associ-
ations between socio-demographic categories and
descriptive attributes.

If the message is not intelligible or either the
socio-demographic category or the attributes are
not expressed, do not annotate the message.

Category annotation Annotate noun phrases or
adjective phrases that denote a socio-demographic
category. Do not include determiners (e.g., “a”,
“the”), but do include all pre- and post-modifiers.

1. I am a middle-age woman and I have two cats.
category: middle-age woman

If a category is introduced through location, anno-
tate the full prepositional phrase:

2. I am from New Jersey and I have never
pumped my own gas.
category: from New Jersey

If multiple categories appear in one text, annotate
each category separately and link it to its corre-
sponding attribute using the relation link

3. I used to be Japanese, apologized a lot.
Became a Canadian, still apologizing.
category: Japanese
category: Canadian
attribute: apologize
attribute: still apologizing
link: Japanese - apologize
link: Canadian - still apologizing

In case multiple social descriptors are combined to
express a stereotype, annotate the entire phrase:

4. I have an Italian surname and was raised in
New Jersey.
category: have an Italian surname and was
raised in New Jersey

Attribute annotation : Annotate the full phrase
that expresses the attribute associated with the cat-
egory. Multiple attributes per text can be annotated
separately.

5. I am a middle-aged woman and I have two
cats.
attribute: have two cats

6. I am a Canadian living in the UK and I still
apologize a lot.
attribute: still apologize a lot

7. I am Indian and I am a programmer.
attribute: a programmer

If the attribute is embedded or nested in a clause
(e.g., after verbs like “say”, “like”, “wear”), anno-
tate the verb and its complement using two seprate
attribute tags and then use the relation link to
connect the verb and the complement.

8. I’m Canadian and I love hockey, snow, and
maple syrup.
attribute: love attribute: hockey
attribute: snow attribute: maple syrup
link: love - hockey
link: love - snow
link: love - maple syrup

For attribute annotation, whenever possible, do not
include in the tag advers such as “always”, “really”,
and do-support used for emphasis.

B Category and Attribute Prediction

In this experiment, we have evaluated how simple
sentences can activate stereotypical associations in
a closed-task setting. We perform the following
variations:

• category prediction: given the stereotypical
attribute, predict the appropriate category (I
am <BLANK> and I am always on time);

• category prediction with negated attribute:
the same task, but the attribute is negated (I
am <BLANK> but I am not always on
time);

• attribute prediction: given the category, pre-
dict the stereotypical attribute (I am German
and I <BLANK>).
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We evaluate the accuracy of selected LLMs
with different sizes and architectures (LlaMa32-3B,
LlaMa3.1-8B textttLlaMa3.1-70B, Qwen2.5-3B,
Qwen2.5-7B and Qwen2.5-72B.) with a token over-
lap, obtaining an overall Accuracy of 0.1.

Generating the attribute for a category is an even
harder task (as reported in Table D). Surprisingly,
the classes for which the models succeed the most
are Astrological Sign and Other.

Prompts For this task, we evaluate four different
prompting strategies (Table A), varying the system
prompt and the information passed in the instruc-
tion preamble about what a sociodemographic cate-
gory is. All prompts end with the same instruction
template:

Now fills the <BLANK> tag in
the following sentence: ’{text}’
Respond only with the valid JSON
format below:
{’text’: ’{text}’, ’blank’:
. . . }

Variation in prompting has been explored to in-
vestigate whether LLMs behaved differently. We
have observed negligible differences. These exper-
iments have been used to identify the best system
prompt and instructions to be used for the writing
generation task. For the attribute prediction, we
asked the models to predict “an attribute, a prop-
erty, or an activity that one would expect to fit with
the first part of the sentence”.

Results We evaluate the models’ outcome in
terms of: (a) token accuracy (if the generated string
corresponds to the original one) and (b) vector
similarity. We represent the original and gener-
ated expressions using modernBERT (Warner et al.,
2024) and compute the cosine similarity between
the last layer of the embedding representations of
the two phrases (embedded in the same sentence).
For phrases and multiword expressions, we aver-
age the representations of all tokens. However, the
limit of using a vector similarity resides in the fact
that the model produces high scores even when the
words are non-synonyms. For instance, we collect
a high score between a man and a millennial (0.96),
but they represent two different sociodemographic
groups. For this reason, semantic similarity is not a
reliable metric for detecting whether the semantic
content of the generated expression is similar to the
original one. Results are reported in Table B, C, D.

Together with token accuracy and similarity scores,
we report the number of items that have a perfect
match and the number of items for which we do
not have an answer. Skipped answers depend on:
1) wrong JSON output (the answer is in the ’text’
field instead of in the appropriate ’blank’ one), and
2) model refusal (few cases, mostly llama models).

C Free Text Generation for
<category,attribute> pairs

Prompts The following prompt configurations
have been employed for the Default and Random
conditions:

You are an AI assistant. Use your
knowledge to write a text about
an individual with a specific
characteristic. Do not write an
introduction or summary. Always
give an answer. Now write a
short text about an individual
who is: ’{category}’ and with
the following characteristic:
’{attribute}’. Respond only with
the valid JSON format below:
{’description’: }

You are a {PERSONA}. Use your
knowledge to write a text about
an individual with a specific
characteristic. Do not write an
introduction or summary. Always
give an answer. Now write a
short text about an individual
who is: ’{category}’ and with
the following characteristic:
’{attribute}’. Respond only with
the valid JSON format below:
{’description’: }

The {PERSONA} variable is one of the 11 profiles
we selected from Malik et al. (2024).

For the Flipped condition - where the default,
self-reported stereotype is negated, we have used
the following prompts:

You are an AI assistant. Use your
knowledge to write a text about
an individual with a specific
characteristic. Do not write an
introduction or summary. Always
give an answer. Now write a
short text about an individual
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Version System prompt Instruction preamble

v1 You are an AI assistant expert in
content moderation.

You will read a sentence and you must predict the best word or phrase that fills
a <BLANK> tag. Your prediction must be a socio-demographic group. Do not
write an introduction or summary. Always give an answer.

v2 You are an AI assistant expert in
content moderation.

You will read a sentence and you must predict the best word or phrase that fills
a <BLANK> tag. Your prediction can be a socio-demographic category, an
astrological sign, a nationality or a place of origin of an individual. Do not write
an introduction or summary. Always give an answer.

v3 You are an AI assistant. You will read a sentence and you must predict the best word or phrase that fills
a <BLANK> tag. Your prediction must be a socio-demographic group. Do not
write an introduction or summary. Always give an answer.

v4 You are an AI assistant. You will read a sentence and you must predict the best word or phrase that fills
a <BLANK> tag. Your prediction can be a socio-demographic category, an
astrological sign, a nationality or a place of origin of an individual. Do not write
an introduction or summary. Always give an answer.

Table A: Prompt variations for the category prediction.

Model Prompt: v1 Prompt: v2 Prompt: v3 Prompt: v4
Acc Sim ✓ Ø Acc Sim ✓ Ø Acc Sim ✓ Ø Acc Sim ✓ Ø

LlaMa32-3B .053 .79 30 23 .077 .80 44 50 .042 .79 25 39 .083 .80 48 51
LlaMa31-8B .030 .80 16 0 .070 .82 43 0 .016 .80 9 0 .071 .82 44 0
LlaMa31-70B .100 .82 60 0 .137 .81 86 0 .082 .82 49 0 .137 .82 85 0
Qwen25-3B .027 .79 11 33 .052 .80 33 3 .024 .79 4 244 .050 .80 30 21
Qwen25-7B .043 .73 18 210 .072 .74 35 147 .043 .73 17 246 .073 .74 37 127
Qwen25-72B .098 .73 59 0 .097 .74 61 0 .085 .72 50 0 .100 .74 62 0

Table B: Models results for category prediction with stereotypical attribute (default). Acc: token accuracy; Sim.:
cosine similarity; ✓: number of correct answers; Ø: number of wrong answers.

Model Prompt: v1 Prompt: v2 Prompt: v3 Prompt: v4
Acc Sim ✓ Ø Acc Sim ✓ Ø Acc Sim ✓ Ø Acc Sim ✓ Ø

LlaMa32-3B .025 .78 16 19 .052 .80 29 57 .013 .78 9 14 .035 .79 21 37
LlaMa31-8B .024 .80 12 0 .046 .81 26 0 .020 .80 10 0 .049 .82 28 0
LlaMa31-70B .100 .82 59 0 .104 .80 64 0 .085 .81 51 0 .110 .81 67 0
Qwen25-3B .033 .79 13 17 .031 .79 18 2 .030 .79 5 299 .034 .80 19 33
Qwen25-7B .025 .73 10 235 .052 .75 25 154 .019 .72 7 260 .047 .75 23 141
Qwen25-72B .070 .75 42 0 .068 .75 42 0 .061 .74 35 0 .072 .75 45 0

Table C: Models results for category prediction with negated attribute (flipped). Acc: token accuracy; Sim.: cosine
similarity; ✓: number of correct answers; Ø: number of wrong answers.

Model Prompt: v1 Prompt: v2 Prompt: v3 Prompt: v4
Acc Sim ✓ Ø Acc Sim ✓ Ø Acc Sim ✓ Ø Acc Sim ✓ Ø

LlaMa32-3B .020 .75 2 33 .014 .75 1 20 .013 .75 2 16 .009 .75 1 24
LlaMa31-8B .011 .78 1 0 .015 .78 1 0 .018 .78 1 0 .021 .79 1 0
LlaMa31-70B .003 .78 1 10 .001 .78 0 12 .001 .79 0 13 .001 .79 0 20
Qwen25-3B .011 .77 0 0 .005 .77 0 0 .011 .78 0 0 .005 .77 0 0
Qwen25-7B .004 .72 2 82 .004 .72 1 101 .005 .73 2 86 .004 .72 1 101
Qwen25-72B .004 .72 2 0 .003 .73 2 0 .003 .72 2 0 .003 .73 2 0

Table D: Models results for attribute prediction with the give category. Acc: token accuracy; Sim.: cosine
similarity; ✓: number of correct answers; Ø: number of wrong answers.

who is: ’{category}’ and who
does not have the following
characteristic: ’{attribute}’.
Respond only with the valid JSON
format below: {’description’: }

You are a {PERSONA}. Use your
knowledge to write a text about
an individual with a specific
characteristic. Do not write an
introduction or summary. Always
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give an answer. Now write a
short text about an individual
who is: ’{category}’ and who
does not have the following
characteristic: ’{attribute}’.
Respond only with the valid JSON
format below: {’description’: }

For all models, we have set the temperature to
zero and constrainted the maximum number of to-
kens to 256.

Refusal rates With the AI Assistant prompt,
we observed that mostly LlaMa32-3B and
LlaMa31-8B models refuse to generate the text due
to safe-guardrails. Qwen25 models always provide
an answer. Details are reported in Table E.

Model Default Flipped Random

LlaMa32-3B 0.041 (29) 0.001 (1) 0.045 (32)
LlaMa31-8B 0.008 (6) 0.001 (1) 0.023 (17)
LlaMa31-70B 0.0 0.0 0.001 (1)

Table E: Refusal rates for the AI Assistant prompt. In
brackets we report the absolute numbers

The refusal rates are lower for the Flipped condi-
tion, while it is higher when it involves specific
socio-demographic categories involving minorities
and protected groups.

Table F breaks down the refusal rates for the
three models of the LlaMa3* family per persona.
While confirming the trend already seen with the
AI Assistant prompt for smaller models, in this
case we observe that LlaMa31-8B tends to have a
higher refusal rate with age-related personas, and
mostly in the Random condition.

JSON errors Qwen25’s output is not always in
the correct JSON format. We applied regex to ex-
tract the text and exclude texts only in cases of
two types of errors: (a) unterminated string and
(b) in presence of Chinese characters in the gen-
erated texts. However, these cases are very lim-
ited. We observe just two occurrences for the AI
assistant (Qwen25-7B for the Flipped condition
and Qwen25-3B for Random), while with persona-
prompting we observe a relatively higher number
of errors, namely 11 for Qwen25-BB and 13 each
for Qwen25-7B and Qwen25-72B. No such errors
have been observed for LlaMa3* models.

Model Persona Default Flipped Random1

LlaMa31-3B

centrist 0.039 (28) 0.0 0.032 (23)
conservative 0.041 (29) 0.0 0.036 (26)
liberal 25 0.0 0.029 (21)
libertarian 0.030 (22) 0.0 0.019 (14)
progressive 0.036 (26) 0.0 0.030 (22)
socialist 0.028 (20) 0.0 0.025 (18)
anarchist 0.018 (13) 0.0 0.012 (9)
Baby-Boomer 0.066 (47) 0.0 0.042 (30)
GenX 0.029 (21) 0.0 0.029 (21)
GenZ 0.035 (25) 0.0 0.032 (23)
Millenial 0.038 (27) 0.0 0.033 (24)

LlaMa-8B

centrist 0.002 (2) 0.002 (2) 6
conservative 0.069 (49) 0.069 (49) 0.116 (83)
liberal 0.005 (4) 0.005 (4) 15
libertarian 0.011 (8) 0.011 (8) 0.028 (20)
progressive 0.008 (6) 0.008 (6) 19
socialist 0.021 (15) 0.021 (15) 0.030 (22)
anarchist 0.025 (18) 0.025 (18) 0.045 (32)
Baby-Boomer 0.067 (48) 0.067 (48) 0.106 (76)
GenX 0.016 (12) 0.016 (12) 0.054 (39)
GenZ 0.029 (21) 0.029 (21) 0.070 (50)
Millenial 0.018 (13) 0.018 (13) 0.042 (30)

LlaMa-72B

centrist 0.0 0.0 0.0
conservative 0.0 0.0 0.002 (2)
liberal 0.0 0.0 0.0
libertarian 0.0 0.0 0.0
progressive 0.0 0.0 0.0
socialist 0.0 0.0 0.0
anarchist 0.0 0.0 0.0
Baby-Boomer 0.002 (2) 0.0 0.001 (1)
GenX 0.0 0.0 0.0
GenZ 0.0 0.0 0.0
Millenial 0.0 0.0 0.0

Table F: Refusal rates per persona prompt.

D Full Results Overview

Table G reports all the results for each of the mod-
els, prompt setting, and experiment conditions for
a total of 216 experiments. We report the three
evaluation measures for assessing the abstraction
of the texts as well as the average texts’ length (in
terms of tokens) per experiment condition (Default,
Flipped, and Random).
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Concreteness Specificity Negation # Tokens
Model Prompt D F R D F R D F R D F R

LlaMa32-3B

ai-assistant 3.07 3.17 3.10 2.18 2.19 2.19 0.00 0.03 0.00 44.78 35.42 36.21
centrist 3.04 3.14 3.08 2.18 2.19 2.18 0.00 0.02 0.00 39.49 33.17 32.17
conservative 3.01 3.07 3.03 2.19 2.19 2.19 0.00 0.02 0.00 39.80 35.35 33.21
liberal 3.03 3.09 3.06 2.18 2.21 2.19 0.00 0.02 0.00 41.96 34.93 33.84
libertarian 2.99 3.10 3.04 2.19 2.22 2.18 0.00 0.02 0.00 38.83 29.61 32.25
progressive 3.04 3.10 3.07 2.19 2.19 2.18 0.00 0.01 0.00 41.15 34.92 33.88
socialist 3.01 3.09 3.07 2.18 2.20 2.18 0.00 0.02 0.00 40.09 33.41 33.16
anarchist 3.03 3.15 3.06 2.18 2.23 2.17 0.00 0.02 0.00 38.82 32.27 32.62
Baby-Boomer 3.14 3.22 3.18 2.19 2.20 2.21 0.00 0.01 0.00 38.18 36.30 31.89
GenX 3.15 3.24 3.18 2.20 2.21 2.18 0.00 0.01 0.00 38.74 37.51 33.34
GenZ 3.15 3.23 3.19 2.18 2.20 2.19 0.00 0.01 0.00 39.32 35.27 32.76
Millenial 3.12 3.20 3.17 2.18 2.18 2.19 0.00 0.01 0.00 39.43 36.22 32.87

LlaMa31-8B

ai-assistant 3.05 3.07 3.06 2.12 2.17 2.14 0.00 0.01 0.00 97.21 66.42 86.65
centrist 2.96 3.00 3.02 2.12 2.15 2.15 0.00 0.01 0.00 79.58 65.10 65.93
conservative 2.97 2.97 3.01 2.14 2.14 2.15 0.00 0.01 0.00 69.74 58.72 56.75
liberal 2.98 3.00 3.01 2.12 2.14 2.14 0.00 0.01 0.00 80.80 65.20 69.65
libertarian 2.87 2.92 2.90 2.12 2.16 2.13 0.00 0.01 0.00 79.94 58.51 64.14
progressive 2.96 2.98 3.01 2.12 2.14 2.14 0.00 0.01 0.00 86.20 73.69 74.37
socialist 2.90 2.93 2.94 2.12 2.14 2.14 0.00 0.01 0.00 90.04 69.37 74.59
anarchist 2.95 2.92 2.95 2.12 2.14 2.14 0.00 0.01 0.00 81.86 64.45 66.76
Baby-Boomer 3.11 3.11 3.18 2.14 2.14 2.18 0.00 0.01 0.00 73.45 58.26 62.32
GenX 3.09 3.08 3.16 2.14 2.14 2.17 0.00 0.01 0.00 71.59 59.48 62.05
GenZ 3.09 3.09 3.11 2.13 2.14 2.15 0.00 0.01 0.00 76.51 63.70 67.88
Millenial 3.08 3.08 3.11 2.14 2.15 2.17 0.00 0.01 0.00 71.19 58.91 63.17

LlaMa31-70B

ai-assistant 3.00 3.03 3.04 2.10 2.11 2.11 0.00 0.01 0.00 131.82 104.69 124.82
centrist 2.86 2.93 2.93 2.11 2.13 2.11 0.00 0.01 0.00 137.66 69.05 129.87
conservative 2.86 2.94 2.93 2.11 2.14 2.11 0.00 0.01 0.00 133.05 65.47 126.53
liberal 2.87 2.96 2.95 2.11 2.14 2.10 0.00 0.01 0.00 137.53 68.75 132.96
libertarian 2.76 2.91 2.84 2.10 2.15 2.11 0.00 0.01 0.00 143.27 63.06 137.88
progressive 2.89 2.94 2.96 2.11 2.14 2.11 0.00 0.01 0.00 134.06 69.48 129.27
socialist 2.83 2.92 2.91 2.10 2.13 2.11 0.00 0.01 0.00 148.89 68.24 141.79
anarchist 2.83 2.93 2.92 2.11 2.14 2.11 0.00 0.01 0.00 145.45 64.72 141.08
Baby-Boomer 2.99 3.14 3.07 2.13 2.15 2.14 0.00 0.01 0.00 132.75 77.02 126.79
GenX 3.02 3.16 3.09 2.13 2.14 2.14 0.00 0.01 0.00 129.83 74.24 121.33
GenZ 3.01 3.09 3.06 2.11 2.13 2.12 0.00 0.01 0.01 124.18 75.18 114.70
Millenial 2.98 3.08 3.06 2.11 2.13 2.12 0.00 0.01 0.00 130.41 79.52 122.90

Qwen25-3B

ai-assistant 2.86 2.79 2.84 2.10 2.11 2.10 0.00 0.01 0.00 123.16 94.31 112.30
centrist 2.79 2.79 2.77 2.08 2.13 2.09 0.00 0.01 0.00 122.75 62.72 114.11
conservative 2.78 2.79 2.75 2.08 2.12 2.08 0.00 0.01 0.00 123.20 65.89 112.84
liberal 2.80 2.81 2.78 2.08 2.12 2.08 0.00 0.01 0.00 125.90 64.87 113.90
libertarian 2.77 2.77 2.75 2.08 2.12 2.09 0.00 0.01 0.00 124.62 66.16 114.87
progressive 2.80 2.80 2.78 2.08 2.11 2.08 0.00 0.01 0.00 124.62 65.25 115.08
socialist 2.80 2.80 2.77 2.09 2.12 2.08 0.00 0.01 0.00 120.13 65.31 115.15
anarchist 2.80 2.78 2.78 2.08 2.13 2.09 0.00 0.01 0.00 121.72 69.43 115.05
Baby-Boomer 2.86 2.85 2.83 2.08 2.11 2.08 0.00 0.01 0.00 134.43 75.90 127.18
GenX 2.83 2.83 2.82 2.08 2.11 2.08 0.00 0.01 0.00 127.68 74.04 122.18
GenZ 2.84 2.83 2.82 2.08 2.11 2.08 0.00 0.01 0.00 126.32 70.66 119.67
Millenial 2.83 2.82 2.81 2.07 2.12 2.08 0.00 0.01 0.00 128.10 68.56 120.42

Qwen25-7B

ai-assistant 3.01 2.96 2.99 2.10 2.13 2.11 0.00 0.01 0.00 72.92 64.21 71.01
centrist 2.96 2.96 2.96 2.10 2.13 2.11 0.00 0.01 0.00 73.21 41.55 72.84
conservative 2.97 2.98 2.95 2.10 2.15 2.11 0.00 0.01 0.00 67.16 39.94 66.10
liberal 2.97 2.96 2.97 2.10 2.14 2.11 0.00 0.01 0.00 72.81 40.26 73.40
libertarian 2.96 2.97 2.96 2.10 2.13 2.12 0.00 0.01 0.00 69.22 37.74 68.20
progressive 2.97 2.97 2.96 2.10 2.13 2.11 0.00 0.01 0.00 72.10 40.87 72.13
socialist 2.98 2.96 2.96 2.11 2.13 2.11 0.00 0.01 0.00 74.37 40.91 74.82
anarchist 3.00 2.98 2.98 2.12 2.15 2.12 0.00 0.01 0.00 69.38 38.82 69.38
Baby-Boomer 3.02 2.97 3.00 2.12 2.12 2.11 0.00 0.01 0.00 81.80 53.43 82.35
GenX 3.01 2.99 2.99 2.10 2.12 2.11 0.00 0.01 0.00 79.70 50.16 78.82
GenZ 3.01 2.98 2.99 2.10 2.10 2.11 0.00 0.01 0.00 77.18 52.05 77.37
Millenial 2.99 2.97 2.98 2.10 2.11 2.11 0.00 0.01 0.00 76.59 49.70 76.54

Qwen25-72B

ai-assistant 2.99 2.93 2.96 2.09 2.10 2.10 0.00 0.01 0.00 112.08 102.14 111.32
centrist 2.94 2.94 2.93 2.08 2.11 2.09 0.00 0.01 0.00 108.55 74.11 108.32
conservative 2.95 2.94 2.93 2.09 2.10 2.09 0.00 0.01 0.00 110.65 74.76 107.70
liberal 2.95 2.97 2.93 2.08 2.11 2.09 0.00 0.01 0.00 110.78 77.45 108.68
libertarian 2.95 2.96 2.93 2.08 2.11 2.10 0.00 0.01 0.00 107.84 73.39 107.01
progressive 2.94 2.95 2.92 2.08 2.12 2.09 0.00 0.01 0.00 106.65 74.43 105.08

Continued on next page
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Concreteness Specificity Negation # Tokens
Model Prompt D F R D F R D F R D F R

socialist 2.97 2.97 2.94 2.09 2.11 2.09 0.00 0.01 0.00 111.32 75.40 112.08
anarchist 2.98 2.99 2.97 2.09 2.11 2.10 0.00 0.01 0.00 110.27 74.42 112.77
Baby-Boomer 2.98 2.99 2.96 2.09 2.10 2.10 0.00 0.00 0.00 118.31 84.82 114.32
GenX 2.98 2.99 2.95 2.09 2.10 2.09 0.00 0.01 0.00 117.29 81.95 114.38
GenZ 2.97 2.97 2.94 2.07 2.10 2.08 0.00 0.00 0.00 114.48 83.23 112.70
Millenial 2.97 2.97 2.94 2.07 2.10 2.09 0.00 0.00 0.00 114.66 84.03 113.52

Table G: Overview of the full results for the text generation experiments given a <category, attribute> pair.
For the experiment conditions, D: Default, F: Flipped, and R: Random.
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E Full Results of the Random Conditions
This section shows the full results of the three random condi-
tions. Since we cannot observe differences between the three
randomly chosen attributes, the main body of the paper and
the overview in Appendix D only contain one random condi-
tion. Table H shows the average concreteness scores, Table I
the average specificity scores, Table J the average number of
negations, and Table K the average number of tokens.

Model Conc. R1 Conc. R2 Conc. R3

Llama32-3B 3,10 3,13 3,13
Llama31-8B 3,04 3,05 3,04
Llama31-70B 2,98 2,99 2,99
Qwen25-3B 2,79 2,79 2,80
Qwen25-7B 2,97 2,98 2,97
Qwen25-72B 2,94 2,95 2,96

Table H: Average concreteness scores for all three ran-
domly selected attributes.

Model Spec. R1 Spec. R2 Spec. R3

Llama32-3B 2,19 2,20 2,20
Llama31-8B 2,15 2,16 2,15
Llama31-70B 2,12 2,12 2,12
Qwen25-3B 2,08 2,09 2,09
Qwen25-7B 2,11 2,11 2,11
Qwen25-72B 2,09 2,10 2,10

Table I: Average specificity scores for all three randomly
selected attributes.

Model Neg. R1 Neg. R2 Neg. R3

Llama32-3B 0,00 0,00 0,00
Llama31-8B 0,00 0,00 0,00
Llama31-70B 0,01 0,01 0,01
Qwen25-3B 0,00 0,00 0,00
Qwen25-7B 0,00 0,00 0,00
Qwen25-72B 0,00 0,00 0,00

Table J: Average number of negations for all three ran-
domly selected attributes.

Model # Tok. R1 # Tok. R2 # Tok. R3

Llama32-3B 33,18 32,31 32,57
Llama31-8B 67,86 67,75 67,68
Llama31-70B 129,16 128,66 128,63
Qwen25-3B 116,90 115,32 115,94
Qwen25-7B 73,58 72,89 72,82
Qwen25-72B 110,66 109,92 110,54

Table K: Average number of tokens for all three ran-
domly selected attributes.

F Results In-Group Personas
Table L shows the results of models assigned to the persona
Generation X when describing the category Generation X
compared to other age-personas. Table M shows the equivalent

for Generation Z. As with Millennials (Table 3 in the main
body of the paper), we see no difference in the behavior of
the models with respect to whether they are assigned to an
ingroup or outgroup persona.
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Concreteness Specificity Negation # Tokens
Model Prompt D F R D F R D F R D F R

LlaMa31-70B

ai-assistant 2.84 2.78 3.06 1.99 2.15 2.33 0.16 0.10 0.17 133.50 154.00 171.00
Baby-Boomer 2.69 2.67 3.08 2.08 2.09 2.02 0.12 0.13 0.12 122.00 59.00 145.50
GenX 2.73 2.80 3.40 2.10 2.15 2.25 0.30 0.03 0.08 123.50 110.00 117.00
GenZ 2.76 2.78 3.09 2.00 2.00 2.23 0.09 0.03 0.25 119.00 90.00 122.50
Millenial 2.90 2.63 3.16 2.12 2.03 2.12 0.16 0.07 0.10 123.50 111.50 150.00

Qwen25-72B

ai-assistant 2.65 2.76 2.65 2.11 2.20 2.19 0.05 0.10 0.11 148.00 116.00 128.00
Baby-Boomer 2.67 2.61 2.84 2.01 2.03 2.12 0.08 0.17 0.13 131.00 91.00 138.50
GenX 2.68 2.60 3.05 2.09 1.96 2.16 0.07 0.08 0.12 129.00 82.00 142.00
GenZ 2.75 2.71 2.92 2.03 2.09 2.12 0.09 0.00 0.12 133.50 97.00 115.00
Millenial 2.64 2.73 2.88 2.02 2.12 2.11 0.09 0.08 0.05 136.00 87.50 136.50

Table L: Overview of results for the category Gen X with respect to AGE-personas (impact of in-group and
out-group).

Concreteness Specificity Negation # Tokens
Model Prompt D F R D F R D F R D F R

LlaMa31-70B ai-assistant 2.88 2.83 2.67 2.04 2.06 2.07 0.05 0.17 0.15 146.67 145.33 171.67
Baby-Boomer 2.80 3.05 2.77 2.05 2.08 2.06 0.02 0.11 0.11 149.00 91.67 143.67
GenX 2.99 3.06 2.72 2.10 2.07 1.98 0.08 0.20 0.11 158.33 91.00 141.67
GenZ 2.85 2.97 2.69 2.04 2.07 1.98 0.05 0.06 0.08 162.67 93.33 136.00
Millenial 2.89 2.83 2.59 2.06 2.10 1.95 0.00 0.07 0.17 145.67 129.33 127.00

Qwen25-72B ai-assistant 2.89 2.62 2.74 2.08 2.00 2.02 0.00 0.03 0.03 133.67 119.67 132.00
Baby-Boomer 2.90 2.79 2.66 2.03 2.02 2.05 0.00 0.00 0.00 128.00 101.33 121.00
GenX 2.89 2.78 2.72 2.01 1.91 2.01 0.02 0.00 0.00 144.67 93.00 122.00
GenZ 2.73 2.60 2.61 2.00 1.99 1.96 0.03 0.04 0.00 138.33 83.33 118.00
Millenial 2.83 2.76 2.81 2.06 1.98 2.04 0.00 0.02 0.00 123.67 101.67 123.00

Table M: Overview of results for the category Gen Z with respect to AGE-personas (impact of in-group and
out-group).

19830



G BLEU and ROUGE-L scores within
conditions for AI assistant vs. personas

Model Persona BLEU ROUGE-L

LlaMa31-3B
Political Personas 0.18 0.43
Age Personas 0.14 0.38

Qwen25-3B
Political Personas 0.06 0.33
Age Personas 0.06 0.33

LlaMa-8B
Political Personas 0.08 0.31
Age Personas 0.08 0.32

Qwen25-7B
Political Personas 0.06 0.31
Age Personas 0.18 0.44

LlaMa-70B
Political Personas 0.05 0.29
Age Personas 0.06 0.30

Qwen25-72B
Political Personas 0.09 0.36
Age Personas 0.10 0.37

Table N: Average BLEU and ROUGE-L between per-
sonas and AI assistant in the Negated condition.

Model Persona BLEU ROUGE-L

LlaMa31-3B
Political Personas 0.31 0.54
Age Personas 0.30 0.53

Qwen25-3B
Political Personas 0.12 0.39
Age Personas 0.10 0.37

LlaMa-8B
Political Personas 0.11 0.36
Age Personas 0.10 0.36

Qwen25-7B
Political Personas 0.20 0.45
Age Personas 0.17 0.42

LlaMa-70B
Political Personas 0.12 0.37
Age Personas 0.13 0.39

Qwen25-72B
Political Personas 0.21 0.46
Age Personas 0.19 0.45

Table O: Average BLEU and ROUGE-L between per-
sonas and AI assistant in the Random condition.
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