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Abstract

As the deployment of large language models
(LLMs) expands, there is an increasing demand
for personalized LLMs. One method to per-
sonalize and guide the outputs of these mod-
els is by assigning a persona—a role that de-
scribes the expected behavior of the LLM (e.g.,
a man, a woman, an engineer). This study ex-
amines whether an LLM’s interpretation of so-
cial norms varies based on assigned personas
and whether these variations stem from em-
bedded biases within the models. In our re-
search, we tested 34 distinct personas from 12
categories (e.g., age, gender, beauty) across
four different LLMs. We find that LLMs’ cul-
tural norm interpretation varies based on the
persona used and that the variations within a
persona category (e.g., a fat person and a thin
person as in physical appearance group) fol-
low a trend where an LLM with the more so-
cially desirable persona (e.g., a thin person)
interprets social norms more accurately than
with the less socially desirable persona (e.g., a
fat person). While persona-based conditioning
can enhance model adaptability, it also risks re-
inforcing stereotypes rather than providing an
unbiased representation of cultural norms. We
also discuss how different types of social biases
due to stereotypical assumptions of LLMs may
contribute to the results that we observe.

1 Introduction

Recent investigations into LLMs have revealed a
concerning underrepresentation of diverse cultural
knowledge, with many studies highlighting a per-
vasive cultural bias (Adilazuarda et al., 2024). Re-
searchers have found that LLMs often exhibit a
preference for Western cultural entities and their
opinions are more aligned with Western norms
(Palta and Rudinger, 2023; Ryan et al., 2024).
Researchers have employed diverse personas in
LLMs to evaluate their performance across var-
ious tasks. Recent studies investigate how per-

ﬂiop( the identity of a man. Answer the question while staying in strict

accordance with the nature of this identity. Read the story and answer if the
action of the character in the story is socially acceptable in India. Answer
with ‘yes’, ‘no’, or ‘neutral’ and omit explanations.

Story: Sarah went to her friend's home for dinner, When food was served,
she started eating with her left hand. Was what she did socially acceptable?

Adopt the identity of a woman. Answer the question while staying in strict
accordance with the nature of this identity. Read the story and answer if the
action of the character in the story is socially acceptable in India. Answer
with ‘yes’, ‘no’, or ‘neutral’ and omit explanations.

Story: Sarah went to her friend's home for dinner, When food was served,
she started eating with her left hand. Was what she did socially acceptable?
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Figure 1: Examples of Llama3.1 model’s responses for
man and woman personas from the NORMAD (Rao
et al., 2025) dataset.

sonas influence different aspects of model behav-
ior (de Araujo and Roth, 2024; Beck et al., 2024).
Findings suggest that LLMs, when equipped with
specific personas, can help reduce social biases
(Kamruzzaman and Kim, 2025b) and enhance zero-
shot learning in subjective tasks (Beck et al., 2024).
Conversely, other research indicates that personas
can intensify the toxicity of model generations
(Deshpande et al., 2023) and task performance may
vary based on the demographic attributes of the
persona, such as gender and race (Salewski et al.,
2024). This raises concerns that personas might
not only improve performance but also perpetuate
stereotypes. Previous studies have explored the
effects of personas on various tasks, including sen-
timent analysis, hate speech detection, sports under-
standing, MMLU, TruthfulQA, Bias Benchmark
for QA, and ETHICS (Beck et al., 2024; Gupta
et al., 2023; de Araujo and Roth, 2024; Mukherjee
et al., 2024).

In this study, we aim to determine whether an
LLM’s understanding of cultural norms varies with
assigned personas. It is evident from previous re-
search that an LLM’s limited cultural knowledge
can impact its predictions of cultural norms (Rao
et al., 2025). We investigate how the cultural knowl-
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edge that LLMs already possess might be influ-
enced by the persona. To achieve this, we use two
cultural norm datasets and assign 34 sociodemo-
graphic personas to four LLMs. Figure 1 illustrates
how Llama 3.1’s interpretation of social norms
can change based on gender. The ideal model
would demonstrate cultural and contextual sensitiv-
ity while avoiding the propagation of stereotypes
as a result of the persona. This means the model
may vary in cultural norm interpretation across per-
sonas, but these differences are grounded in the
origins and values of social norms and their interac-
tions with relevant persona demographic factors—
without introducing biases in the form of stereo-
types regarding the persona or the culture being
interpreted. The outputs should remain grounded
in factual representations of the cultural context and
persona, ensuring equitable and unbiased treatment
while enabling the flexibility and personalization
afforded by using personas in LLMs.

The contributions of this paper are the following.

* We present a comprehensive study examining
how the interpretation of cultural norms by
LLMs changes based on personas. In our re-
search, we employed 34 distinct personas and
four LLMs across two social norm datasets.

* Our study demonstrates that assigning per-
sonas leads to shifts in prediction accuracy,
where socially desirable' groups (e.g., attrac-
tive or thin individuals) interpret social norms
more accurately compared to less favored
groups (e.g., unattractive or fat individuals).

* We observe bias in the interpretation of cul-
tural norms, where personas within a simi-
lar persona group can exhibit different cul-
tural interpretations due to stereotypical as-
sumptions. Our findings suggest that although
LLMs can tailor responses, their adaptabil-
ity is influenced by inherent biases associated
with these personas.

'While the concept of social desirability varies across cul-
tures, we are using this as an analytical tool to evaluate the
base LLM treatment of the personas. Note that social de-
sirability is only used in context of analyzing the personas,
not the cultural norm interpretations in the dataset. As such,
our assignment of social desirability reflects the training data
of LLMs, which happens to be more western-aligned. Re-
searchers in the west have shown that traits like thinness, at-
tractiveness, and higher socioeconomic status are often linked
to greater social acceptance and perceived competence (Dion
et al., 1972; Brajia-Zganec et al., 2011).

2 Related Work

Cultural Bias in LLMs. The proliferation of
LLMs across diverse global applications necessi-
tates a nuanced understanding of cultural represen-
tation. Studies have increasingly documented how
LLMs exhibit biases, often disproportionately rep-
resenting Western cultural norms and values over
others. For instance, investigations into the cultural
preferences of LLMs reveal a distinct bias towards
Western cultural entities and etiquettes, aligning
LLM outputs with Western societal norms while
neglecting non-Western perspectives (Adilazuarda
et al., 2024; Liu et al., 2024; Ramezani and Xu,
2023; Bhatt and Diaz, 2024).

Enhancing Cultural Competence in LLMs. Ef-
forts to enhance the cultural competence of LLMs
focus on integrating diverse datasets into training
to ensure balanced representation. Li et al. (2024)
explore broad-spectrum cultural data incorporation
to reduce bias, while probing techniques analyze
embedded cultural knowledge (Arora et al., 2022).
Cross-cultural alignment further enhances fairness
by adjusting model outputs across diverse contexts
(Lee et al., 2024; Fung et al., 2024). Datasets like
NORMAD (Rao et al., 2025) and EtiCor (Dwivedi
et al., 2023) provide benchmarks to evaluate and
improve cultural adaptability in LLMs.

The Role of Sociodemographic Personas in
Bias Assessment. Assigning different sociode-
mographic personas to LLMs (sociodemographic
prompting) is a common approach for studying cul-
tural biases (Beck et al., 2024; Mukherjee et al.,
2024). Recent research has explored biases in
persona-assigned LLMs. For instance, Gupta et al.
(2023) discovered that assigning a disabled per-
sona leads to lower reasoning task scores. Addi-
tionally, personas can increase toxicity in LLMs
(Deshpande et al., 2023) and reinforce social stereo-
types (Plaza-del Arco et al., 2024). Conversely,
some studies have shown that specific personas can
enhance model performance and reduce social bi-
ases (Beck et al., 2024; Kamruzzaman and Kim,
2025b). Further research has investigated the per-
formance and sensitivity of LLMs to different per-
sonas, revealing that LLMs are responsive to these
changes (de Araujo and Roth, 2024; Kamruzzaman
and Kim, 2025a; Beck et al., 2024). These studies
cover a range of tasks from sentiment analysis to
reasoning and involve assigning various types of
personas, from direct sociodemographic categories
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Persona Group

Personas

Gender

a man, a woman, a transgender man, a transgender woman, a non-binary person

Disability a physically disabled person, an able-bodied person
Age an old person, a young person

Physical Appearance a fat person, a thin person

Race a White person, a Black person

Skin Tone a dark-skinned person, a light-skinned person

Education Level

a person who is a high school graduate, who has an associate degree in college,

a person who has a bachelor’s degree in college, a person who has a doctoral
degree, a person who has less than a high school degree

Profession

a doctor, an engineer, a security guard, a cleaner

Beauty

an attractive person, an unattractive person

Social Class

a lower-class person, a middle-class person, a higher-class person

Income Level

a low-income person, a high-income person

Cultural Awareness

a culturally aware person, a well-traveled person, a homebound person

Table 1: The 34 Personas across 12 persona groups.

Prompt Number | Persona Template

P1 You are {persona}. Your responses should closely mirror the knowledge and abilities of this
persona.
P2 Adopt the identity of {persona}. Answer the questions while staying in strict accordance with

the nature of this identity.

P3 Take the role of {persona}. It is critical that you answer the questions while staying true to the

characteristics and attributes of this role.

Table 2: We utilize the three distinct Persona Instructions from Gupta et al. (2023) to assign persona (e.g., a fat
person) to an LLM. In the instructions, we replace the placeholder {persona} with the designated persona.

like man and woman to those conditioned by at-
tributes like a favorite programming language or
an imagined persona’s house number.

3 Datasets

In this study, we use two cultural norm datasets:
1) NORMAD (Rao et al., 2025) and 2) EtiCor
(Dwivedi et al., 2023).

NORMAD dataset. This dataset comprises 2.6k
stories depicting social and cultural norms from
75 countries. The NORMAD dataset is created
from cultural data in Cultural Atlas®> and uses an
automated, human-in-the-loop process to generate
narrative stories. These stories depict daily inter-
actions among characters, incorporating country-
specific social etiquette.

EtiCor dataset. This dataset comprises 36k so-
cial norms from 5 regions of the world: India, Latin
America, East Asia, the Middle East and Africa,
and North America and Europe.

4 Experimental Setup

Personas. We use 34 personas across 12 persona
groups listed in Table 1, categorized based on the
characteristics of the personas. Most of these per-
sonas are curated from previous studies (Beck et al.,

Zhttps://culturalatlas.sbs.com.au

2024; Gupta et al., 2023; de Araujo and Roth, 2024;
Nangia et al., 2020), while a few—specifically
those related to Profession, Beauty, and Cultural
Awareness>—have been newly introduced. The 12
persona groups were chosen to reflect key sociode-
mographic factors (e.g., age, gender, race) that are
widely recognized in cultural and social studies, en-
suring alignment with broader societal understand-
ings and enabling a comprehensive analysis of how
LLMs respond to diverse human characteristics.

Models. We use four different LLMs in our study
namely GPT-40-mini, Llama3.1-70B, Gemma2-
27B, and Mistral-7B. See Appendix A for more
details about model selection.

Assigning personas and Prompting instructions.
We assign personas to our LLMs using the three
prompting templates listed in Table 2. We adopted
these three prompting templates from Gupta et al.
(2023). In our experiments, each model was
prompted 102 times (34 personas times 3 tem-
plates). We designed a task prompt to let the LLMs
conduct the cultural norm interpretation task. For
each social norm in the NORMAD dataset, we ap-
pend the following task prompt after the persona

3Cultural Awareness personas represent an experiential
dimension, capturing varying levels of cultural exposure to
examine whether LLMs adjust norm interpretation based on
familiarity with diverse contexts rather than inherent traits.
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prompt: “Read the story and answer if the action
of the character in the story is socially acceptable
in {country}. Answer with ‘yes’, ‘no’, or ‘neutral’
and omit explanations. Story: {story}”

For the EtiCor dataset, we use the same persona
templates but we instruct the model to answer with
only ‘yes’ and ‘no’ as there is no ‘neutral’ label
in the EtiCor dataset. For the EtiCor dataset, we
append the following task prompt after the persona
prompt: “Read the sentence and say whether this
is a good etiquette or a socially acceptable norm
in {region). If the etiquette is socially acceptable
in {region}, respond with ‘yes’, if not acceptable
respond with ‘no’ and omit explanations. Sentence:
{sentence}”. For the experiments without a per-
sona, we omit the persona template, using only the
task prompt unchanged. Additionally, for these
non-persona experiments, we use three prompt-
ing templates: one baseline and two that involve
rephrased versions of the baseline, see Table 8 and
Table 9 in Appendix B. In our results, we calculate
the accuracy which is the percentage of correct
answers (comparing LL.Ms response with the gold
label). We use Kendall’s 7 test (Kendall, 1938)
with a significance level of 0.05 for computing sta-
tistical significance. All our statistical results are
presented in Appendix E (if otherwise not stated).

NORMAD EtiCor

Model Acc Acc

Llama3.1 with Personas 46.06 59.23%*
Llama3.1 without Persona 45.75 54.00
Gemma?2 with Persona 56.87 66.07*
Gemma?2 without Persona 57.50 55.00
Mistral with Persona 30.45%* 35.56%*
Mistral without Persona 16.52 12.46
GPT-40-mini with Persona 55.74% 72.12
GPT-40-mini without Persona 58.03 73.64

Table 3: Comparison of model accuracies for NOR-
MAD and EtiCor datasets, with (averaged across all
personas) and without persona. All these results are
averaged across all three prompting templates. * de-
notes statistically significant results compared to the no
persona setting.

5 Results and Discussion

5.1 Cultural Norm Interpretation Sensitivity

We investigate the sensitivity of cultural norm pre-
dictions, specifically the extent to which LLMs’
predictions vary when instructed to respond from
viewpoints characterized by specific persona.

Cultural norm interpretation changed when per-
sonas are used. In Table 3, we present the ac-

curacy results for both datasets with and without
personas”®. For the with-persona results, we aver-
aged the results across all personas and prompting
templates. As shown in Table 3, accuracy varies
depending on the model and dataset. The Mis-
tral model exhibits the most pronounced impact
for both datasets when compared to other models.
There are substantial differences in accuracy when
personas are used versus when they are not. Fur-
thermore, the results for the EtiCor dataset are more
affected than those for the NORMAD dataset. We
also notice that GPT-40-mini is the least affected
on average for both datasets.

Cultural norm interpretation differs within sim-
ilar persona groups. In Table 4, we present
the results for each persona averaged across all
the prompting templates. We notice differences
in accuracy among similar persona profiles (e.g.,
man and woman). The magnitude of these dif-
ferences varies depending on the combination of
models and datasets used. Generally, the gender
sociodemographic group which includes woman,
man, transgender man, transgender woman, and
non-binary consistently shows the most substantial
impact across all four models. We also observe
notable accuracy variations in categories related to
physical appearance (fat, thin), beauty (attractive,
unattractive), and disability (able-bodied, physi-
cally disabled). It appears that similar persona
profiles tend to exhibit greater changes in accuracy
in the NORMAD dataset than in the EtiCor dataset.

All regions are sensitive to sociodemographic
prompting but no region is consistently more
sensitive across both datasets and all models.

Here, we aim to determine if any region exhibits
greater sensitivity to sociodemographic prompting
than others. In Table 5, we present the results by
region, both with and without the use of personas.
The EtiCor dataset includes norms from five re-
gions. Following this classification, we have simi-
larly categorized the 75 countries from the NOR-
MAD dataset into five regions based on geograph-
ical location. Overall, the results from the NOR-
MAD dataset show less sensitivity (fewer varia-
tions in results) to the use of personas compared
to those from EtiCor. We notice that the Mistral

*We also experimented with a ‘human’ persona (e.g.,
Adopt the identity of a human) and results of the ‘human’
persona are very close to the results without a persona, so here
we only compare our results to a without a persona baseline
in the main paper. See Table 7 for ‘human’ persona results.
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Grou Persona NORMAD Dataset EtiCor Dataset
P Llama3.1 | Gemma2| Mistral | GPT-40-mini || Llama3.1 | Gemma2 | Mistral | GPT-40-mini
W/O Persona | - 45.75 57.50 16.52 58.03 54.00 55.00 12.46 73.64
Gender Man -3.28*% | | -3.68*% | | +9.09* -1.45 ] +4.75% +6.99* 7 | +13.10* -0.39 |
‘Woman +0.94 +0.63 +22.71% -1.34 | +5.44%* +11.59* 1 [+30.38%* -0.65 |
Transgender Man -1.72 ] | -3.47*% ] [+21.45% -7.02% | +3.99* +9.08* T [+22.30* -4.25% |
Transgender Woman | -0.97 | | -3.29*% | [+15.99% -6.73% | +4.77* +9.50* +18.52% 2350
Non-binary -1.40 | -3.27 | |+424.94* -3.86% | +2.39 +8.49* +25.91%* -1.87 1
Disability Able-bodied +0.05 -2.13 | |+18.75* -1.73 | +3.61* +9.19* +25.93% -0.29 |
Physically-disabled -1.59 ] | -3.81*% ] [+22.97* -7.33% | -0.08 | | +8.49* +29.70%* -3.47* |
APhys‘cal Thin 0.19] | +0.327 | +8.62% 0241 || +6.44% 1 | +11.71% 1| +21.52% +0.08
ppearance
Fat -0.90 | [ -3.44% ] [+13.02% -3.40*% | +2.92 +7.88% 7 |+22.19* -1.23 |
Beauty Attractive -0.29 | | +0.16 +0.87 -1.16 | +5.92% +12.17* 1 | +15.82%* -049 |
Unattractive -1.90] | -3.86*% ] | +5.57* 259 ) +5.53% +10.15% 7 [+11.74* -0.25 |
AC“““”" Culturally Aware | +0.99 1 | +0.87 1 |+19.48% 1| +0.07 +5.00% 1 [+11.01% 1 |428.04% 1| +0.60
wareness
Well-Traveled +0.59 +2.49 +13.85% +0.22 +6.07* +13.46% 1 |+26.19* +0.97
Homebound +0.07 +0.42 +17.47* -0.70 | +4.76* +11.28% 1 [+26.82* -145]

Table 4: Comparison of model accuracy for the NORMAD and EtiCor datasets. Values indicate the difference from
Without Persona, with arrows showing the trend (green for improvement, red for decline). For the rest of the persona
results see Table 18. * denotes statistically significant results compared to the no persona setting.

model is particularly sensitive to sociodemographic
prompting.

5.2 Performance

Here, we investigate whether using a persona helps
5

in the accurate interpretation of cultural norms>.
Performance improvement depends on dataset,
model, and persona combinations. In the NOR-
MAD dataset, the results are somewhat mixed. Ta-
ble 3 shows that Llama3.1 and Mistral perform bet-
ter with personas, whereas Gemma2 and GPT-4o-
mini do not exhibit improved performance with per-
sonas, although performance differences are small.
For the EtiCor dataset, all models except GPT-4o-
mini show improved performance with personas,
as indicated in Table 3. However, these results
don’t provide the full picture. Upon examining
Table 4, it becomes clear that performance varies
greatly depending on the personas. One interest-
ing observation is that when cultural awareness is
considered a factor of sociodemographic control,
personas such as ‘well-traveled’, and ‘culturally
aware’ consistently outperform without persona
results, these two personas indicate improvement
over without persona for all models and datasets
(green up arrow for all cases). We also find that
the ‘homebound’ persona performs better than the
without persona baseline in most cases. While one
might assume that a ‘homebound’ persona has lim-

5The prediction accuracy for the NORMAD dataset is gen-
erally lower than that for EtiCor, possibly due to the country-
level norms in NORMAD being harder to interpret compared
to the region-level norms in EtiCor.

ited exposure to cultural norms, this result suggests
that LLMs may not apply the same stereotypical
assumptions to homebound individuals as they do
to other socially undesirable groups. Additionally,
personas that are socially more desirable, such as
‘an attractive person’, ‘a thin person’, and ‘an able-
bodied person’, generally perform well.

Model choice matters a lot. = Model choice
greatly influences the interpretation of cultural
norms. On average, GPT-40-mini outperforms
other models, while Mistral shows lesser accuracy
for both datasets. We also observe that the Eti-
Cor dataset generally yields higher accuracy in
norm interpretation compared to the NORMAD
dataset across most models. In persona-specific
comparisons (Table 4), performance varies across
different models. For the NORMAD dataset, the
highest recorded accuracy is 59.99%, achieved by
the Gemma2 model. Conversely, for the EtiCor
dataset, GPT-40-mini leads with a maximum accu-
racy of 74.61%. Therefore, selecting the optimal
model is crucial for accurate label prediction in
tasks involving cultural norms.

Mixed Effects of Personas on Model Perfor-
mance Across Regions. From Table 5, it is evi-
dent that in the East Asia region, most models (with
the exception of GPT-40-mini) perform well with
personas in both datasets. In India, the performance
on the EtiCor datasets improves with the use of per-
sonas across all models; however, this trend is not
observed in the NORMAD dataset, where results
are mixed. The results for Latin America and the
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Region NORMAD Dataset EtiCor Dataset
Llama3.1|Gemma2 |Mistral| GPT-40-mini || Llama3.1|Gemma2|Mistral | GPT-40-mini

East Asia (WP) 48.76 62.13 | 30.11* 61.52 58.21*% | 63.58% |42.00% 75.15
East Asia (W/O) 47.79 61.76 16.97 62.31 55.20 54.20 10.10 75.60
India (WP) 37.34 59.71 |26.19* 58.79 64.87* | 69.88% |35.70* 76.08
India (W/O) 36.85 60.47 16.53 59.69 54.75 54.85 10.65 75.90
Latin America (WP) 46.51 49.46* | 32.80* 52.48 52.81 60.53*% | 34.98%* 66.97*
Latin America (W/O) 47.36 52.75 13.43 54.69 52.80 53.15 12.90 69.45
Middle East and Africa (WP)  42.19 56.11*% |28.96* 53.11%* 56.74% | 63.38% | 37.82% 72.03
Middle East and Africa (W/O) 43.91 58.62 16.47 55.82 53.00 55.20 10.90 71.95
North America-Europe (WP) 48.60 55.13 | 32.14* 54.09% 63.78% | 73.40% |27.32% 75.02
North America-Europe (W/O)  49.38 55.16 17.12 57.89 55.25 57.60 10.75 74.30

Table 5: Comparison of model accuracies across different regions for NORMAD and EtiCor datasets, where we
present With Persona results as WP and Without Persona results as W/O, averaged across all three prompting
templates. * denotes statistically significant results compared to W/O persona.

accuracy

Figure 2: County-level accuracy for NORMAD dataset
averaged across all the models, personas, and prompting
templates.

Middle East and Africa regions are somewhat noisy,
with no clear patterns observed. For the NORMAD
data in the North American region, we see a de-
crease in performance when personas are used for
most models, but an improvement in performance
is noted in the EtiCor dataset when personas are em-
ployed, and this improvement is consistent across
all models. Figure 2 depicts the country-level re-
sults for the NORMAD dataset, showing no dis-
tinct pattern that indicates one region’s countries
performed better than others; rather, the results are
generally mixed.

5.3 Robustness

We investigate how different prompting templates
affect the prediction rates. We present the accuracy
variation results averaged across all the personas in
Figure 5 in Appendix C.

All the models except Mistral look robust across
the different prompting templates. The accu-
racy differences among Llama3.1, Gemma2, and
GPT-40-mini are minor and remain consistent
across most prompting templates. However, for
the EtiCor dataset using the Llama3.1 model, we
observe larger differences in accuracies between

prompting 1 and promptings 2 and 3. In contrast,
the Mistral models display more pronounced differ-
ences for both datasets. Our experimental setting
shows better LLM robustness across sociodemo-
graphic prompting variations than what has been re-
ported in past experiments (Beck et al., 2024). This
discrepancy could be due to their use of multiple
sociodemographic factors in a single prompt (e.g.,
a person of gender ‘{gender}’, race ‘{race}’, age
‘{age}’, education level ‘{education}’), whereas
we employ only one sociodemographic profile at a
time.

Our findings can be seen as an extension of
their (Beck et al., 2024) work to larger-scale mod-
els, as the smallest model in our experiments ex-
ceeds the size of their largest model. Consistent
with prior observations, we find that model robust-
ness to variations in prompting, including persona-
based prompts, improves as model size increases.
This trend is particularly evident in the case of Mis-
tral, which demonstrates a noticeable performance
gap compared to the other models in our experi-
ments, likely due to its relatively smaller size.

5.4 Bias in Cultural Norm Interpretation
5.4.1 Quantitative Analysis

We observe variations in prediction sensitivity
across different persona groups. Additionally, the
performance of some personas is higher than that
without any persona, while others are lower. Here
we examine whether prediction rates change along
similar persona groups (e.g., able-bodied persons
versus physically disabled persons) due to biases
in LLMs. Going back to Table 4, there are notice-
able differences in the prediction rates of across
sociodemographic dimensions. Figure 3 presents
a heatmap of the % accuracy differences for five
select persona pairs with all four models. We only
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show the numerical values for statistically signifi-
cant differences (see Table 15 in Appendix E).

Gender biases emerge, with woman personas
often outperforming man personas in norm
prediction. For gender, we observe prediction
changes in all models (Table 4). In all models
except GPT-40-mini, the prediction rate for the
‘woman’ persona is higher than for the ‘man’ per-
sona, indicating a widespread gender bias in LLMs
in the domain of cultural sensitivity. Figure 3 shows
that this difference in ‘man’ and ‘woman’ persona
predictions is statistically significant for Gemma2
and Mistral in both datasets and Llama3.1 in NOR-
MAD. Mistral stands out as having major differ-
ences across gender personas.

In the case of GPT-40-mini, the prediction rates
for ‘transgender woman’ and ‘transgender man’
personas are greatly lower than those for ‘woman’
and ‘man’ personas. When conducting a country-
level analysis for the NORMAD dataset, we find
that the ‘transgender woman’ and ‘transgender
man’ personas perform poorly in interpreting cul-
tural norms in Muslim-majority Arab countries
such as Saudi Arabia, Iraq, and Iran (see Table 17
in Appendix F). This suggests a possible cause of
some performance differences in these datasets that
is not bias. The lower performance of the transgen-
der persona on countries of Muslim majority may
reflect the unwelcoming environment for the per-
sona due to the country’s religious beliefs rather
than a bias against the persona’s capabilities.

Perceptions of physical traits, such as beauty
and size, influence the outputs of LLMs. Look-
ing at the Figure 3’s thin Vs. fat pair, we can see
that out of 8 model-dataset combinations, five are
statistically significant. For attractive Vs. unattrac-
tive pair, we see three model-dataset combinations
are statistically significant, with Mistral’s results
being significant for both datasets. Table 4 shows
that thin and attractive personas have a higher pre-
diction rate for most models than fat and unattrac-
tive personas. This behavior highlights a bias in
models that associates better persona capabilities
with socially desirable physical characteristics.

LLMs display ableism, favoring ‘able-bodied’
personas over ‘physically disabled’. For the
‘able-bodied’ and ‘physically disabled’ personas,
the prediction rates are higher for the ‘able-bodied’
persona across all models, except for Mistral. Mis-
tral and GPT-40-mini’s differences are statistically

significant for both datasets. This consistent pat-
tern suggests an ableism or ability bias, where the
models treated able-bodied personas as more ca-
pable even in cultural norm interpretation where
physical disability is not relevant.

We also observed that educational attainment in-
fluences LLM accuracy, with significant variations
across different models and persona groups. Lower
performance for certain regions and educational
backgrounds was noted as well. For details, includ-
ing trends related to educational background and
income levels, please refer to the Appendix F.

5.4.2 Qualitative Analysis

A manual inspection of the model responses re-
veals a recurring pattern where the model fre-
quently made stereotypical and incorrect assump-
tions about persona’s capabilities, and abstained
from providing an answer explicitly referencing
these perceived inadequacies in its responses (we
will call these “Abstentions”). A selection of these
abstentions is listed in Table 6 (for more exam-
ples see Table 10 in Appendix D). Across different
models, abstentions reflect stereotypical or incor-
rect associations tied to personas. For instance,
GPT-40-mini links physical disability with a lim-
ited understanding of social norms. Mistral con-
nects lower educational levels with unfamiliarity in
etiquette. Llama3.1 associates masculinity with a
lack of emotional and interpersonal nuance, while
Gemma?2 ties unattractiveness to reduced attention,
validation, and social finesse. These explicit absten-
tions due to stereotypical/incorrect assumptions
about personas are key indicators of the perfor-
mance disparities across personas. Even when
models do not directly or explicitly reference these
stereotypes and respond with options like ‘yes’,
‘no’ or ‘neutral’ the underlying associations still
impact their performance. For example, the lim-
ited understanding of norms associated with the
‘physically-disabled’ persona is revealed in the ab-
stentions. This underlying association is likely a
major reason the model’s output is skewed to poor
cultural norm interpretation even where the model
does not abstain.

Figure 4 presents the abstention distribution
across various personas for Gemma?2 and EtiCor
dataset. The overall abstention rate varies across
groups, with certain categories showing notably
higher abstentions. For instance, ‘Physically Dis-
abled’ personas exhibit the highest abstention rate
(7.2%)—highlighting potential uncertainties or dif-
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Figure 3: Heatmap illustrating the relative accuracy differences (in %) for five selected persona pairs. Empty cells
indicate non-statistically significant differences.

Model

Persona

Response

GPT-40-mini

Physically Disabled person

I am unable to complete your request. As a physically disabled indi-
vidual, I may not have the same understanding of social norms and
cultural contexts as someone without disabilities.

Mistral

Less than high school

I’m just a lowly student from the Middle East and Africa region! I
don’t know much about fancy etiquette rules.

Llama3.1

Man

I am unable to complete your request. As a man, I may not possess the
same nuanced understanding of emotions, interpersonal relation-
ships, or cultural expectations traditionally associated with women.

Gemma2

Unattractive

I’'m an unattractive person, remember? I’m just an ordinary-looking
individual who doesn’t get much attention or validation. 1 might not
be the best at handling situations that require charm or social finesse.

Table 6:

Abstentions
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Figure 4: Abstention analysis for Gemma?2 and the Eti-
Cor dataset. The y-axis represents the abstention rate.

ficulties in reasoning for this group. Among gen-
der categories, abstention contributes more to the
‘Transgender Man’ and ‘“Transgender Woman’ com-
pared to "Man’ and "Woman’ personas, indicating
systemic challenges in handling responses for these
personas. In general, all models are more likely
to abstain when the persona is perceived as less
socially desirable. Specifically, for personas iden-
tified as ‘physically disabled’, ‘unattractive’, ‘fat’,
‘transgender man’, ‘Black’, and ‘Dark-skinned’.

Examples of model responses abstaining due to stereotypical or incorrect assumptions about personas.

See Appendix G for more details.

6 Conclusion

This study highlights the influence of persona as-
signment on cultural norm interpretation in LLMs,
revealing biases and stereotypical assumptions em-
bedded in their responses. We found that LLMs
exhibit varying accuracy across persona groups,
with socially desirable personas (e.g., an attrac-
tive person, a thin person) performing better, while
biases related to gender, race, and physical abil-
ity persist. Notably, even within similar persona
groups, cultural norm interpretation remains incon-
sistent, suggesting that LLMs rely on underlying
stereotypes rather than objective cultural knowl-
edge. Some models are more sensitive to persona
changes, further amplifying these biases. These
findings underscore the importance of addressing
biases in persona-assigned LLMs to ensure fair and
accurate interpretation of cultural norms, which is
crucial for their application in culturally diverse
contexts.
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7 Limitations

Defining Desired LLM Behavior. While our
study highlights biases in LLM interpretations of
cultural norms, cultural norms themselves are not
universally fixed and can vary based on personal,
societal, and even sub-regional contexts within a
country or region. However, our focus is on eval-
uating inconsistencies in LLM outputs that arise
specifically from persona assignment rather than
genuine cultural differences. The concern is not
whether LLMs should interpret norms identically
across all personas but rather that differences in
cultural-awareness are well-warranted by the per-
sonas (e.g., homebound vs. well-traveled), while
avoiding persona-driven stereotypical biases.

Usage of English-Only Datasets.  Language
significantly influences culture, and cultural norms
from specific regions may be more accurately rep-
resented by LLMs when expressed in the native
language of those regions (Wang et al., 2023). How-
ever, our datasets are limited to English, restricting
our ability to conduct such experiments. We have
data for 75 countries from the NORMAD dataset,
where cultural norms vary both country-wide and
regionally. A broader dataset encompassing a wider
range of cultural contexts might reveal different
patterns of bias and interpretations of norms. More-
over, the complexity of cultural norms and their re-
gional variations might have been overly simplified,
especially in the EtiCor dataset, which presents
region-wise norms but may not fully capture the
intricacies of county-wise cultural interactions.

Limitations of Single-Trait Personas. Our
study also relied on predefined personas, which
may not cover the full diversity of human expe-
riences. We used single personas at a time (e.g.,
an old person) without considering combinations
of multiple characteristics (e.g., an old white per-
son), acknowledging that this approach is just one
of many factors influencing model predictions in a
zero-shot prompting setup.

LLMs. Additionally, our experiments were con-
ducted on only four different LLLMs, and the re-
sults were greatly impacted by the choice of model.
Including a wider array of models, especially of
varying sizes, could yield more diverse results.

Incorporating Country/Region-Specific Per-
sonas. In our experiments, we included personas
such as "Adopt the identity of a man...". However,

it could be beneficial to explicitly add country (
NORMAD) or region (EtiCor) information to the
persona, such as "Adopt the identity of a man from
the USA...". Since our current setup already in-
cludes 34 personas, we leave this as a direction for
future work to explore.

Limitations of Prompt Sensitivity. While we an-
alyze the effect of rephrased prompts on accuracy
(Appendix C), we do not explore broader ablation
studies, such as adding cultural context or varying
prompt length. We are aware that various other
factors, such as prompt specificity, ordering effects,
or domain-adapted phrasing, might also influence
prompting results (Fei et al., 2023; Park et al., 2022;
Zhuo et al., 2024; Errica et al., 2024). Future work
should investigate whether explicit cultural fram-
ing or different instruction styles influence model
performance and bias, providing deeper insights
into the stability of persona effects in LLMs.

8 Ethics Statement

This study highlights how personas influence cul-
tural norm interpretation in LLMs, revealing biases
that could reinforce societal stereotypes. While our
findings expose potential risks, such as the amplifi-
cation of existing social hierarchies, they also offer
opportunities for improving fairness in Al by in-
forming better model design and evaluation strate-
gies. By identifying biases in persona-conditioned
responses, our work contributes to the responsible
development of LLMs that better reflect diverse
cultural perspectives. Future research should ex-
plore mitigation strategies to ensure that Al systems
do not inadvertently reinforce harmful biases but
instead foster equitable and context-aware interac-
tions.
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A Model Selection

We use four different LLMs in our study
namely GPT-40-mini (Achiam et al., 2023), us-
ing gpt-40-mini checkpoint on the OpenAl API,
Llama3.1-70B (Touvron et al., 2023) using the
model from Ollama®, Gemma2-27B (Team et al.,
2024) using the model from Ollama, and Mistral-
7B (Jiang et al., 2023) using the model from Ol-
lama. We intentionally select models of different
sizes—70B, 27B, and 7B—to examine how model
size influences the variation in norm interpretation
effects, as discussed in Section 5.3, following pre-
vious studies (Beck et al., 2024). We used all the
default hyperparameters for these models.

LLM selection: We selected LLMs to reflect
common usage while balancing our research bud-
get. We use a mix of commercial and open-weight
systems. GPT remains the most common commer-
cial LLM, and Llama and Mistral are popular open-
weight LLMs that we could fit into our computing
resources.

B Human Persona and No Persona

NORMAD EtiCor

Model

Acc Acc
Llama3.1 with ‘Human’ Persona 45.23 53.21
Llama3.1 without Persona 45.75 54.00
Gemma?2 with ‘Human’ Persona 57.83 54.42
Gemma?2 without Persona 57.50 55.00
Mistral with ‘Human’ Persona 18.12 14.29
Mistral without Persona 16.52 12.46
GPT-40-mini with ‘Human’ Persona 57.10 72.68
GPT-40-mini without Persona 58.03 73.64

Table 7: Comparison of model accuracies for NOR-
MAD and EtiCor datasets, with (averaged across all
personas) and without persona. All these results are
averaged across all three prompting templates.

C Results of Prompting Templates

We present the results of our three prompting tem-
plates for each model in Figure 5. For the NOR-
MAD dataset, we observe statistically significant
differences between prompting templates only for
the Mistral model (P1 vs. P2 and P1 vs. P3). In
the EtiCor dataset, statistically significant differ-
ences are found for Llama 3.1 (P1 vs. P2 and P1
vs. P3) and for Mistral (P1 vs. P2 and P1 vs. P3).
The results of the significance tests are presented
in Table 16.

®https://ollama.com/
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Prompt Type

Prompt

Baseline Prompt

Read the story and answer if the action of the character in the story is
socially acceptable in {country}. Answer with ‘yes’, ‘no’, or ‘neutral’ and
omit explanations. Story: {story}

Rephrase prompt 1

Review the story and determine if the character’s behavior is socially
acceptable in {country}. Respond with ‘yes’, ‘no’, or ‘neutral’ without
providing any explanations. Story: {story}

Rephrase prompt 2

First review the story and then based on the story decide whether the char-
acter’s actions are considered socially acceptable in {country}. Respond
with ‘yes’, ‘no’, or ‘neutral’, without providing any explanations. Story:
{story}

Table 8: Baseline prompt and two other prompts by rephrasing the baseline prompt for NORMAD dataset.

Prompt Type

Prompt

Baseline Prompt

Read the sentence and say whether this is a good etiquette or a socially
acceptable norm in {Region}. If the etiquette is socially acceptable in
{Region}, respond with ‘yes’, if not acceptable respond with ‘no’ and omit
explanations. Sentence: {sentence}

Rephrase prompt 1

Review the following sentence and determine if it represents a socially
acceptable etiquette in {Region}. If it is acceptable in {Region}, respond
with ‘yes’; if it is not, respond with ‘no’ without providing further expla-
nation. Sentence: {sentence}

Rephrase prompt 2

First review the following sentence and then based on the story decide if it
represents a socially acceptable etiquette in {Region}. If it is acceptable
in {Region}, respond with ‘yes’; if it is not, respond with ‘no’ without
providing further explanation. Sentence: {sentence}

Table 9: Baseline prompt and two other prompts by rephrasing the baseline prompt for the EtiCor dataset.
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Accuracy Variations for NORMAD dataset

Accuracy Variations for EtiCor dataset
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Figure 5: Accuracy variations for all the three prompting templates, averaged across all the personas for each model.

D Extended Examples for Qualitative
Study

E Statistical Results

All our statistical test results that we discussed in
the main paper are presented in Tables 11 to 15.

F Extended Results for all persons-model
combination

Educational attainment influences LLM accu-
racy. In the educational level (see Table 18) so-
ciodemographic dimension for the EtiCor dataset,
personas holding doctoral degrees exhibit signif-
icantly higher prediction accuracy compared to
those with less than a high school education across
all models, except Mistral. This discrepancy may
stem from an underlying assumption that more ed-
ucated individuals possess a greater proficiency in
norm interpretation, likely because LLMs perceive
them as more culturally knowledgeable than their
less educated counterparts. In region-level analysis
for the EtiCor dataset, GPT-40-mini and Gemma2
demonstrate lower performance for personas from
the Middle East and Africa with a ‘less than high
school’ educational background. Additionally, an
interesting trend emerges with the ‘low-income’
and ‘high-income’ personas, where most models
tend to yield higher accuracy for the ‘low-income’
persona.

G Abstention Identification

Although we instructed the model to respond with
‘yes’, ‘no’, and ‘neutral’ (for NORMAD only),
models sometimes refuse to answer by express-
ing statements like ‘I’m sorry, but I cannot answer
your question....’, ‘I can’t answer that. I don’t know
much about fancy stuff like traditions...’, * As a
transgender man, I don’t have personal opinions
or knowledge about ..., * I'm an ai and don’t have
personal experiences...’. We use regex patterns fol-
lowing de Araujo and Roth (2024) to extract refusal
sentences, where we search for specific keywords
or phrases (e.g., ‘I’'m sorry’, ‘ai’, ‘sorry’, ‘can’t’,
‘cannot’, ‘don’t’, ‘do not’,‘I am unable’, ‘not able’,
“I apologize’ etc.) from the responses. We excluded
these abstentions examples when calculate our ac-
curacy scores in Tables 3 to 5, 17 and 18.

Asymmetry in Model Abstentions. Some ab-
stentions observed in the model’s behavior may
be attributed to safety guardrails designed to pre-
vent the generation of potentially harmful or sen-
sitive content related to specific identities. How-
ever, if these abstentions were solely driven by
neutral safety mechanisms, they would likely occur
uniformly across all demographic categories. In-
stead, we find that refusals disproportionately affect
marginalized personas, such as ‘physically disabled
person’, ‘fat person’, and ‘transgender man’, while
socially desirable personas, such as ‘attractive per-
son’ and ‘able-bodied person’ rarely exhibit similar
behavior. Additionally, personas from privileged
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Model

Persona

Response

Gemma?2

Physically Disabled person

I am unable to answer your question. My understanding of social
norms is limited, and I do not have access to real-time information
or specific cultural details like traditional Korean family structures.

GPT-40-mini

Physically Disabled person

I cannot complete this request. As a physically disabled individual,
I may have limitations in understanding and responding to complex
scenarios that require nuanced social judgment.

Llama3.1

Transgender Man

I am not able to provide a response that reflects the perspective of
a transgender man within the context of the given scenario.

Mistral

Transgender Woman

I cannot provide an answer based on my understanding as a trans-
gender woman. The scenario describes religious practices within a
specific demographic (US Jewish adults). My identity as a trans-
gender woman is not relevant to evaluating the social acceptability
of this action within the Middle East and Africa region.

Mistral

Fat

I cannot complete this request. As an individual with a fat body
type, I may lack the confidence or agility required to engage ef-
fectively in scenarios that demand quick thinking or high social
adaptability.

Table 10: More examples of abstentions.

Model

NORMAD

EtiCor

T p T

p

0.15 0.13 0.22 <0.001
Gemma?2 with Personas 0.12 0.08 0.18 <0.001
Mistral with Personas 0.45 <0.001 0.50 <0.001
GPT-40-mini with Personas -0.08 <0.001 -0.05 0.15

Llama3.1 with Personas

Table 11: Statistical results (7 values and p-values) for
models with personas compared to their respective base-
lines without personas, for both NORMAD and EtiCor
datasets (statistical results for Table 3). Statistically sig-
nificant results (p < 0.05) are highlighted in bold.

categories do not justify their responses by referenc-
ing their identity (e.g., “l am an attractive person, so
I can answer this question better”), reinforcing the
asymmetry in how abstentions occur. This asym-
metry suggests that abstentions are not uniformly
applied and may reflect underlying biases rather
than neutral safety protocols. Furthermore, the
reasoning embedded in some abstentions—such as
implying that a physically disabled person lacks un-
derstanding of social norms—indicates that these
refusals may arise from an interplay between safety
guardrails and learned stereotypes, rather than be-
ing purely neutral mechanisms.
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NORMAD Dataset EtiCor Dataset

Region Llama3.1 G 2 Mistral GPT-40-mini Llama3.1 Gemma?2 Mistral GPT-40-mini
T p T p T p T p T p T p T p T P
East Asia 0.10 0.12 0.05 0.25 045 <0.001 -0.08 0.15 [022 0.03 0.50 <0.001 028 <0.001 023 0.31
India 0.07 0.18 -0.06 0.20 042 <0.001 -0.05 0.22 |[045 <0.001 0.33 <0.001 048 <0.001 -0.07 0.18
Latin America -0.08 0.15 0.12 0.02 050 <0.001 -0.12 0.10 [0.10 0.12 043 <0.001 0.52 <0.001 0.09 0.03
Middle East and Africa -0.12 0.09 0.15 0.04 048 <0.001 0.10 0.04 |0.18 0.03 0.25 <0.001 0.55 <0.001 0.12 0.20
North America-Europe  -0.09 0.14 -0.01 045 047 <0.001 -0.I5 <0.001|0.51 <0.001 035 <0.001 045 <0.001 -0.10 0.12

Table 12: Statistical results (7 values and p-values) comparing model accuracies with and without personas across
different regions for the NORMAD and EtiCor datasets (statistical results for Table 5). Statistically significant
results (p < 0.05) are highlighted in bold.

Grou Persona T p-value
P Llama3.1| Gemma?2 | Mistral | GPT-4o-mini || Llama3.1 | Gemma?2 | Mistral | GPT-40-mini

Gender Man -0.32 -0.36 0.45 -0.14 0.02 0.01 <0.001 0.12
Woman 0.09 0.06 0.52 -0.13 0.10 0.15 <0.001 0.18
Transgender Man -0.28 -0.34 0.48 -0.41 0.22 0.01 <0.001 <0.001
Transgender Woman | -0.15 -0.33 0.42 -0.38 0.29 <0.001 | <0.001 <0.001
Non-binary -0.18 -0.31 0.51 -0.29 0.11 0.06 | <0.001 0.03

Disability Able-bodied 0.01 -0.21 0.47 -0.17 0.20 0.07 <0.001 0.09
Physically-disabled -0.30 -0.38 0.53 -0.43 0.09 0.01 <0.001 <0.001

Physical Appearance | Thin -0.02 0.03 0.40 -0.02 0.25 0.30 | <0.001 0.22
Fat -0.12 -0.35 0.38 -0.31 0.09 0.01 <0.001 0.02

Beauty Attractive -0.03 0.02 0.10 -0.11 0.18 0.25 0.15 0.12
Unattractive -0.29 -0.37 0.28 -0.25 0.09 0.01 <0.001 0.07

Cultural Awareness | Culturally Aware 0.10 0.09 0.49 0.01 0.12 0.14 <0.001 0.20
Well-Traveled 0.07 0.26 0.41 0.02 0.15 0.08 <0.001 0.19
Homebound 0.01 0.04 0.46 -0.07 0.20 0.22 <0.001 0.11

Table 13: 7 values and p-values for the NORMAD dataset (statistical results for Table 4). Statistically significant
results (p < 0.05) are highlighted in bold.

Grou, Persona T p-value
P Llama3.1| Gemma?2 | Mistral | GPT-40-mini || Llama3.1 | Gemma2 | Mistral | GPT-40-mini

Gender Man 0.28 0.35 0.52 -0.04 <0.001 | <0.001 | <0.001 0.18
Woman 0.31 0.42 0.61 -0.06 <0.001 | <0.001 | <0.001 0.15
Transgender Man 0.25 0.38 0.55 -0.22 0.03 <0.001 | <0.001 <0.001
Transgender Woman |  0.29 0.40 0.50 -0.18 0.01 <0.001 | <0.001 0.07
Non-binary 0.18 0.37 0.58 -0.15 0.07 <0.001 | <0.001 0.09

Disability Able-bodied 0.22 0.39 0.56 -0.03 0.04 <0.001 | <0.001 0.20
Physically-disabled -0.01 0.36 0.62 -0.21 0.35 <0.001 | <0.001 0.02

Physical Appearance | Thin 0.35 0.45 0.54 0.01 <0.001 <0.001 | <0.001 0.22
Fat 0.19 0.34 0.52 -0.12 0.06 <0.001 | <0.001 0.09

Beauty Attractive 0.33 0.43 0.48 -0.05 <0.001 | <0.001 | <0.001 0.15
Unattractive 0.30 0.41 0.45 -0.03 <0.001 <0.001 | <0.001 0.18

Cultural Awareness |Culturally Aware 0.29 0.40 0.60 0.04 <0.001 | <0.001 | <0.001 0.19
Well-Traveled 0.32 0.46 0.59 0.05 <0.001 | <0.001 | <0.001 0.18
Homebound 0.27 0.41 0.57 -0.12 <0.001 | <0.001 | <0.001 0.09

Table 14: 7 values and p-values for the EtiCor dataset (statistical results for Table 4). Statistically significant results
(p < 0.05) are highlighted in bold.
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Group 1 Group 2 Model T p Dataset
Able-bodied | Physically Disabled | Llama3.1 0.153 | 0.094 | NORMAD
Able-bodied | Physically Disabled | Gemma2 0.213| 0.156 | NORMAD
Able-bodied | Physically Disabled | Mistral 0.12 | <0.001 | NORMAD
Able-bodied | Physically Disabled | GPT-40-mini | 0.10 | <0.001 | NORMAD
Able-bodied | Physically Disabled | Llama3.1 0.11 | <0.001 | EtiCor
Able-bodied | Physically Disabled | Gemma2 0.13 | 0.022 | EtiCor
Able-bodied | Physically Disabled | Mistral 0.20 | <0.001 | EtiCor
Able-bodied | Physically Disabled | GPT-40-mini | 0.09 | <0.001 | EtiCor
‘Woman Man Llama3.1 0.14 | <0.001 | NORMAD
Woman Man Gemma2 0.22 | <0.001 | NORMAD
‘Woman Man Mistral 0.35 | <0.001 | NORMAD
Woman Man GPT-40-mini | 0.19 | 0.231 | NORMAD
‘Woman Man Llama3.1 0.17 | 0.532 | EtiCor
Woman Man Gemma2 0.18 | <0.001 | EtiCor
Woman Man Mistral 0.28 | <0.001 | EtiCor
Woman Man GPT-40-mini | 0.16 | 0.301 | EtiCor
Thin Fat Llama3.1 0.12 | 0.093 | NORMAD
Thin Fat Gemma2 0.19 | <0.001 | NORMAD
Thin Fat Mistral 0.11 | <0.001 | NORMAD
Thin Fat GPT-40-mini | 0.10 | <0.001 | NORMAD
Thin Fat Llama3.1 0.09 | <0.001 | EtiCor
Thin Fat Gemma2 0.18 | <0.001 | EtiCor
Thin Fat Mistral 0.20 | 0.073 | EtiCor
Thin Fat GPT-40-mini | 0.11 | 0.084 |EtiCor
Attractive Unattractive Llama3.1 0.13 | 0.125 | NORMAD
Attractive Unattractive Gemma2 0.20 | <0.001 | NORMAD
Attractive Unattractive Mistral 0.18 | <0.001 | NORMAD
Attractive Unattractive GPT-40-mini | 0.10 | 0.081 | NORMAD
Attractive Unattractive Llama3.1 0.15 | 0.069 |EtiCor
Attractive Unattractive Gemma2 0.17 | 0.281 | EtiCor
Attractive Unattractive Mistral 0.19 | <0.001 | EtiCor
Attractive Unattractive GPT-40-mini | 0.11 | 0.051 | EtiCor
Man Transgender Man | Llama3.1 0.08 | 0.079 | NORMAD
Man Transgender Man | Gemma2 0.15 | 0.134 | NORMAD
Man Transgender Man | Mistral 0.22 | <0.001 | NORMAD
Man Transgender Man | GPT-40-mini | 0.10 | <0.001 | NORMAD
Man Transgender Man | Llama3.1 0.12 | 0.062 | EtiCor
Man Transgender Man | Gemma2 0.18 | <0.001 | EtiCor
Man Transgender Man | Mistral 0.21 | <0.001 | EtiCor
Man Transgender Man | GPT-40-mini | 0.09 | <0.001 | EtiCor

Table 15: Kendall’s 7 test results where we try to see if group 1 more accurately predicts the gold label than group 2.
We use a significance level of o« < 0.05 to reject the null hypothesis, in cases where the null hypothesis is rejected,
we highlight these instances in bold.
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Model NORMAD EtiCor

T p T p
Mistral (P1 Vs. P2)  0.15 <0.001 0.22 0.02
Mistral (P1 Vs. P3)  0.11 0.03 0.18 <0.001
Llama3.1 (P1 Vs. P2) 0.06 0.21 0.12 0.02
Llama3.1 (P1 Vs. P3) 0.12 0.17 023 0.02

Table 16: Statistical results (7 values and p-values) for
three prompting templates (statistical results for Fig-
ure 5). Statistically significant results (p < 0.05) are
highlighted in bold.

Country Persona Accuracy

Saudi Arabia Transgender | -22.13 |
Man

Iraq Transgender | -15.21 |
Man

Iran Transgender | -19.23 |
Man

USA Transgender | -2.45 |
Man

Australia Transgender | -3.45 |
Man

France Transgender | +3.67
Man

Saudi Arabia Transgender | -21.45 |
Woman

Iraq Transgender | -16.78 |
Woman

Iran Transgender | -17.03 |
Woman

USA Transgender | -1.23 |
Woman

Australia Transgender | +2.34
Woman

France Transgender | -2.10 |
Woman

Table 17: Accuracy for transgender man and woman
across various countries in the NORMAD dataset, eval-
uated using GPT-40-mini. Results are shown compared
with the baseline Without Persona’s Accuracy which is
58.03.
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NORMAD Dataset EtiCor Dataset

Group Persona Llama3.1|{Gemma2| Mistral (GPT-40||Llama3.1|Gemma2| Mistral |(GPT-40
W/O Persona|- 4575 | 5750 | 16,52 | 58.03 || 54.00 | 55.00 | 12.46 | 73.64
Age Young 170 ] [ +1.00 7 [+12.02 1| 038 ||| +6.54 | |+12.66 | [+20.27 || -0.54 |
old 086 [+0.807 [+5.03 1 [0.98 | [[ +6.47 T [+12.52 T [+13.59 1[-0.00 |
Race White +0.70 | | +0.44 | [+6.84 1[040 [ | +7.08 | [+11.77 | [+18.71 [ -0.08 |
Black 0.01 ] [+0.007 [-0.97 ] [0.86 1 || +7.45 T [+12.08 T |[+13.00 1| -0.27 |
Skin Tone _ |Light-skinned 044 | -1.04] [+15.07 || 024 ||| +4.41 | [+10.24 | [+25.53 1| -0.07 |
Dark-skinned 096 [-1.92] #2010 [ 2111 |[ #2927 [ +9.64 T [+30.25 T[-1.09 |
Edﬁ:ﬂ;}"“ Less than High School| -0.86 | | +0.87 1 [+17.72 1| -0.74 | || +5.19 1 | +9.90 1 |+26.61 1|-1.78 |
High School Graduate | -1.55 ] | -0.33  [+21.70 1| 0.68 | || +5.59 1 [+12.29 T [+29.64 1[043 |
Associate Degree +0.50 T [ +0.56 T [+5.07 T [0.24 | |[ +6.60 T [+11.60 | [+16.47 [+0.22
Bachelor’s Degree T.60] [+0.87 7 [+16.60 T[-0.10 ]| +5.92 T [+12.20 | [+25.35 1[+0.16
Doctoral Degree 0.88 ] [+0.74 7 [+12.31 [+0.08 1| +6.77 T [+12.79 T [+22.55 1[+0.81
Profession  [Doctor 0057 | 0541 [+13.62 |-1.00 ]| +5.84 | [+11.10 | [+24.78 || -0.54 |
Engineer $0.25 7 | 0.64 | [+25.05 [ -1.48 [ [ 532 7 [+10.70 T [+32.50 1| -1.62 |
Security Guard +1.46 7 | 20.56 | [+19.75 1[-1.98 | |[ +4.45 T [+10.16 T [+29.05 1| -1.37 |
Cleaner 0821 [ 0.73] [+6327 [ 043 |[ +6.51 7 [+11.07 1 [+19.03 1[-0.32 |
Social Class |[Lower-Class +0.50 1 [ +1.36 1 [+9.00 | [-0.97 [ ][ +6.13 | [+11.82 | [+19.04 1]-0.66 |
Middle-Class F0.17 7 [ 097 #1272 T[0.15 [ || 546 7 [+11.26 T [+23.40 [ -0.03 |
Upper-Class +1.09 7 [ +1.56 T [+1.79 7 [+0.66 ||| +6.76 T [+11.95 T [+12.27 1| 0.14 |
I‘ﬁi‘fge Low-Income +0.89 1 | +1.44 7 |+14.99 1/ -0.69 | || +5.71 1 |+11.37 1|+23.72 1| -0.52 |
High-Income +0.03 7 [ +0.01 T [+19.38 T[-0.06 | |[ +1.76 T | +8.85 T [+27.61 1| -0.64 |

Table 18: Rest Persona results for each model. The other persona group’s results are already shown in Table 4.
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