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Abstract

Prior clinical psychology research shows that
Western individuals with depression tend to re-
port psychological symptoms, while Eastern in-
dividuals report somatic ones. We test whether
Large Language Models (LLMs), which are
increasingly used in mental health, reproduce
these cultural patterns by prompting them with
Western or Eastern personas. Results show that
LLMs largely fail to replicate the patterns when
prompted in English, though prompting in ma-
jor Eastern languages (i.e., Chinese, Japanese,
and Hindi) improves alignment in several con-
figurations. Our analysis pinpoints two key
reasons for this failure: the models’ low sensi-
tivity to cultural personas and a strong, cultur-
ally invariant symptom hierarchy that overrides
cultural cues. These findings reveal that while
prompt language is important, current general-
purpose LLMs lack the robust, culture-aware
capabilities essential for safe and effective men-
tal health applications.

1 Introduction

Large Language Models (LLMs) are becoming cen-
tral to mental health applications. They now sup-
port a wider range of uses, including conversational
agents in online therapy, synthetic data generation
for training and research, and automated classifica-
tion of mental health conditions (Hua et al., 2024;
Obradovich et al., 2024; Lawrence et al., 2024;
Stade et al., 2024).

Culture plays a significant role in how individ-
uals express mental health concerns. Cultural dif-
ferences have been observed in how people report
symptoms on questionnaires (Parker et al., 2001;
Arnault et al., 2006; Ryder et al., 2008), express
symptoms in clinical interviews (Ryder et al., 2008;
Biswas et al., 2016), and choose language and top-
ics on social media and online peer support com-
munities (De Choudhury et al., 2017; Loveys et al.,
2018; Rai et al., 2024).

Given the high-stakes nature of mental health
applications, measuring the cultural alignment of
LLMs against established clinical findings is crit-
ical for developing culturally safe and sensitive
tools. If LLMs disproportionately reflect certain
cultural perspectives while neglecting others, they
risk reinforcing disparities in mental health care
(Shah et al., 2019). For example, depression de-
tection models built on LL.Ms may fail to identify
individuals from non-Western cultures who express
depression differently (Ali et al., 2024).

Despite growing interest in LLM alignment, few
studies have examined cultural alignment in mental
health contexts, leaving a critical gap in our un-
derstanding of their reliability across diverse pop-
ulations. This study addresses this gap by testing
whether LLMs reflect clinically observed cultur-
ally specific symptom patterns by comparing their
responses across Western and Eastern cultural con-
texts. Clinical psychology literature highlights a
well-established cultural distinction: individuals
from Western cultures are more likely to report
psychological symptoms, while those from Eastern
cultures tend to report somatic symptoms (Klein-
man, 1982; Tsoi, 1985; Ryder et al., 2008; Arnault
et al., 20006; Parker et al., 2005; Biswas et al., 2016;
Dere et al., 2013; Kirmayer and Ryder, 2016). We
investigate how this cultural distinction is reflected
in LLMs’ responses. For example, when prompted
with a description of an American or Japanese per-
son with depression, do American personas elicit
more psychological symptoms, and Japanese per-
sonas more somatic ones?

2 Background

2.1 LLMs applications in Mental Health
Contexts

LLMs are increasingly used in mental health. A
recent review shows a surge in related publications
in 2023 (Hua et al., 2024). Their applications fall



into three broad areas (Hua et al., 2024): 1) con-
versational agents for digital companionship and
emotional support (Fu et al., 2023; Lai et al., 2023;
Ma et al., 2024; Yao et al., 2023; Lee et al., 2024,
Zhang et al., 2023; Kumar et al., 2022), 2) resource
enrichment, such as generating synthetic data and
educational materials (Yang et al., 2023; Kumar
et al., 2023; Yang et al., 2024), and 3) classification
tasks for conditions like depression severity and
suicide risk (Yang et al., 2023, 2024; Xu et al.,
2024; Lamichhane, 2023; Qi et al., 2024; Nguyen
and Pham, 2024). These use cases demonstrate the
expanding role of LLMs in mental health support,
content development, and diagnostic modeling.

2.2 Cultural Differences in Depression
Symptom Expressions

In clinical psychology studies, numerous studies
support that individuals from Western cultures tend
to emphasize psychological symptoms, while those
from Eastern cultures tend to emphasize somatic
symptoms (Kleinman, 1982; Tsoi, 1985; Ryder
et al., 2008; Arnault et al., 2006; Parker et al.,
2005; Juckett and Rudolph-Watson, 2010; Biswas
et al., 2016; Dere et al., 2013; Kirmayer and Ryder,
2016).

For instance, a series of studies (Ryder et al.,
2008; Dere et al., 2013) found that Chinese pa-
tients consistently reported more somatic symp-
toms in interviews and problem reports compared
to their Euro-Canadian counterparts, who empha-
sized psychological symptoms. Another study fo-
cused on depression in Japanese and American
college women, finding that Japanese participants
reported higher overall somatic distress. (Arnault
et al., 2006). Similarly, Parker et al. found that
60% of Malaysian Chinese patients presented with
somatic symptoms of depression, compared to only
13% of Australian Caucasians. While Chinese pa-
tients scored higher on somatic items in an inven-
tory, they were less likely to acknowledge psycho-
logical symptoms (Parker et al., 2001).

Diagnostic practices also reflect this divide, with
Indian psychiatrists prioritizing somatic symptoms
(e.g., pain, sleep issues) and American psychiatrists
prioritizing cognitive and emotional ones (e.g., pes-
simism about the future) (Biswas et al., 2016).

Together, these studies highlight cultural dif-
ferences in how depression is expressed: East-
ern populations tend to show somatic symptoms,
while Western populations emphasize psycholog-
ical ones. The most widely accepted explanation

for somatization among Eastern populations is that
it offers a socially safer way to express mental
health problems in cultures where mental illness is
highly stigmatized. By framing distress in physical
terms, individuals can seek support without being
labeled mentally ill (Link et al., 1997; Goldberg
and Bridges, 1988; Barney et al., 2006; Kung and
Lu, 2008; Juckett and Rudolph-Watson, 2010).

2.3 Biasin LLMs
2.3.1 Cultural Bias in LLMs

Several studies have demonstrated that cultural bias
exists across different models, typically using the
ersonas method to quantify cultural bias in LLMs.
(Santy et al., 2023; Cao et al., 2023; AlKhamissi
et al., 2024; Kharchenko et al., 2024; Rao et al.,
2024).

It is well known that the cultural values reflected
in LLMs tend to align more closely with Ameri-
can values or values of English-speaking countries
(Johnson et al., 2022; Santy et al., 2023; Cao et al.,
2023; AlKhamissi et al., 2024; Rao et al., 2024).
Prompting LLMs in a country’s local language has
been shown to improve cultural alignment (Lin
et al., 2022; Cao et al., 2023; AlKhamissi et al.,
2024).

These studies often use sociological benchmarks
such as the World Values Survey and Hofstede’s
cultural dimensions to assess cultural alignment.
While these benchmarks are valuable for under-
standing general cultural values and dimensions,
they do not directly capture cultural bias specifi-
cally within the nuanced domain of mental health
symptom expression.

2.3.2 Bias in LLMs in Mental Health Contexts

Several studies have examined biases in LLMs
within mental health contexts. One study focus-
ing on Borderline Personality Disorder (BPD) and
Narcissistic Personality Disorder (NPD) found that
GPT-3.5 and GPT-4 exhibited gender bias in di-
agnostic assessments, particularly against women
(Chansiri et al., 2024). Another study investigated
classification performance of 10 different LLMs
across various demographic factors. While models
generally performed well with respect to gender
and age, their performance varied when factors
such as religion and nationality were considered
(Wang et al., 2024).

These findings highlight the importance of evalu-
ating LLM bias in mental health applications, given
the growing use of LLMs in this domain and the



scarcity of research addressing cultural bias in such
contexts.

3 Research Hypotheses

Building upon the background reviewed in §2, we
investigate whether LLMs select depression symp-
toms in ways consistent with cultural patterns iden-
tified in clinical psychology.

H1. LLMs select psychological symptoms
more often for Western cultural personas, and
somatic symptoms more often for Eastern cul-
tural personas.

H2. Prompts written in the local language
of a country increase cultural alignment in
symptom selection.

4 Task Design for Hypothesis Testing

We assign the model a cultural persona with depres-
sion (e.g., an American person with depression)
and prompt it to select symptoms from a prede-
fined list of 14 depression symptoms (see Table 3),
which are extracted from the DSM-5 (Diagnostic
and Statistical Manual of Mental Disorders, Fifth
Edition) (Association et al., 2013). Following prior
clinical research (Ryder et al., 2008), these symp-
toms are categorized as either somatic (e.g., fatigue,
sleep disturbance) or psychological (e.g., depressed
mood, worthlessness) symptoms.

We use two prompt forms: an implicit culture
prompt (ICP) providing only general cultural con-
text, and an explicit culture prompt (ECP) that di-
rectly instructs the model to consider the persona’s
cultural background, allowing us to assess the ef-
fect of explicit instruction. Full prompts are pro-
vided in Appendix §A.3.

While we refer to cultural personas, we opera-
tionalize them at the country level, using national
identity as a proxy for broader cultural context.
Specifically, we use Japanese, Chinese, and Indian
to represent Eastern cultural groups, and the Ameri-
can, Canadian, and Australian to represent Western
cultural groups. This follows conventions in clin-
ical psychology research (Parker et al., 2001; Ar-
nault et al., 2006; Ryder et al., 2008; Biswas et al.,
2016), where cultural groupings are often defined
nationally. We acknowledge that this simplification
may overlook within-region and -country variation,
but we adopt it for comparability with prior clinical
research and to maintain experimental clarity.

Formally, let Ssom and Spsy denote the sets of
somatic and psychological symptoms. Let Cyr and
Cg represent the set of Western and Eastern cultural
groups, and let x € {I,E} indicate the prompt
type, either implicit (ICP) or explicit (ECP) culture
prompt. Then, for each cultural group c, we denote
the probability that the model selects symptom s
as P(s|PS) where P is the prompt corresponding
to cultural persona c under prompt type x.

With g € {Western, Eastern}, we compute the
group-level selection probability for each symptom

as:
ZP5|P

cEC

P(s|pg) =

The average selection probability for symptom
types is then:

1
P(somatic | PJ) = . > P(s|®9)
som SGSsom
P(psychological | P) ‘ 8 | Z (s|Pd)
psy SESpsy

We define the cultural alignment as the differ-
ence in somatic selection:

1Ax — P(somatlc ’ PEdstern) P(somatlc ‘ PWestern)

, which is equivalent to P(psychological |
pwestern) _ P(psychological | PE®®™) given that
symptoms are exhaustively categorized as somatic
or psychological. A positive 1.4, indicates that
models follow clinical findings by selecting more
somatic symptoms for Eastern personas and more
psychological symptoms for Western personas.
Following recent studies that prompts written in
non-English languages can elicit responses that
are more culturally aligned with the culture of
the language (Lin et al., 2022; Cao et al., 2023;
AlKhamissi et al., 2024), we test prompts writ-
ten in the local language spoken in each Eastern
cultural group. Specifically, we use Japanese for
Japanese, Chinese for Chinese, and Hindi for In-
dian. While we acknowledge that multiple lan-
guages and dialects are spoken within each coun-
try, we safely selected the most widely spoken
language in each country. For simplicity, we re-
fer to English prompts as the English Language
Prompt (ENG-P), and those written in local lan-
guage as the Local Language Prompt (LOC-P).
Let [(c) be a function that maps each Eastern cul-
tural group ¢ € Cgastern to its local language (e.g.,
[(Japan) = Japanese).We denote 1.4, (I(c)) as the



cultural alignment tested by LOC-P for Eastern
cultural group ¢, and 1.4, (Eng) as that by ENG-P.

1 Au(l(e)) = P(somatic | PES=™ [(c))

— P(somatic | PYes®™ English)

This formulation allows us to test the hypotheses
as:

H1 is supported when 1.4, > 0, and
H2 is supported when 1.4, (I(c)) > 1.Az(Eng).

Each model is tested across three symptom-
choice conditions (LLMs can select one, three,
or five symptoms per each iteration), two prompt
types (I/E), and six countries (three Western, three
Eastern), yielding 36 configurations under ENG-P
and 18 under LOC-P. We run 100 iterations per
setting to ensure reliable results.

Throughout the paper, we use both symbolic
notation and plain language interchangeably to im-
prove readability and ease of understanding.

4.1 Five Language Models for Evaluation

We tested five LLMs in total. Four open-source
models were selected for their accessibility and
replicability: Llama-3.1-8B-it (Touvron et al.,
2023), Gemma-7B-it (Team et al., 2024), Qwen-
2.5-7B-it (Bai et al., 2023), and DeepSeek-R1-
Distill-Qwen-7B (DeepSeek-Al et al., 2025). We
additionally included GPT-40 (OpenAl et al.,
2024), as it is the most widely used. In our ex-
periments, we tested temperatures of 0.5, 0.7, and
1.0, but observed no notable differences in output.
We report results generated with temperature 0.7,
a commonly used default value in prior studies
(Chansiri et al., 2024; AlKhamissi et al., 2024).

5 Results

5.1 Cultural Alignment in English Prompts
(H1)

Figure 1(a) shows each model’s alignment level
under the ENG-P condition, for both P; and Pg.
The z-axis presents cultural alignment 1.4, defined
as P(somatic | PE®®™M) — P(somatic | plestern),
Positive values of ;.4 indicate alignment with prior
clinical psychology findings that somatic symp-
toms are more common in Eastern contexts. The
y-axis shows P(somatic | PE®®™) the average
proportion of Ssom selected by Eastern personas.
Since 5 out of 14 symptoms are somatic, the ran-
dom baseline is 5/14 (=0.357); values above this
indicate a bias toward somatic symptom selection.

We use the y-axis to examine whether higher ab-
solute somatic bias corresponds to larger cultural
gaps 1.A.

Overall, LLMs’ behaviors do not align with ex-
pectations under the ENG-P condition. Of the 30
tested settings (5 models x 3 choice conditions X
2 prompt types), only three—Llama (one-choice,
Pg), GPT (one-choice, Pg), and Qwen (one-choice,
Pr)—show patterns consistent with prior clinical
findings. In general, absolute values of 1.4 is small.
Differences are particularly marginal in the three-
and five-choice conditions, where absolute values
of 1A typically range from 0.03 to 0.05. This sug-
gests that assigning Western or Eastern cultural
personas has limited influence on LLM symptom
selection in multi-choice conditions. A full break-
down of symptom selection rates across all model
and prompt configurations is available in Table 6
in §A.5 of the Appendix!.

Llama, GPT, and Qwen exhibit a somatic symp-
tom selection bias in the one-choice condition, pri-
marily driven by a strong preference for s2 (De-
creased energy, tiredness, and fatigue; Somatic). In
contrast, DeepSeek shows a psychological symp-
tom selection bias, largely due to a strong prefer-
ence for s3 (Depressed mood; Psychological) (See
§A.4 in the Appendix). However, higher absolute
somatic bias, captured by P(somatic | pEstern),
does not correspond to larger cultural gaps in align-
ment (1.4).

In summary, H1 is not supported, as the major-
ity of experimental conditions fail to align with
findings from prior clinical psychology research.

5.2 Effect of Language on Alignment (H2)

Interestingly, of the 30 settings, 15 exhibit in-
creased alignment under the LOC-P (Figure 1(b)).
Positive values of 1.4, (I(c)) — 1.4z (Eng) on the
z-axis indicates the alignment increase. Llama
shows improvement in the three- and five-choice
conditions, Qwen in the five-choice condition,
and Gemma primarily in the one-choice condi-
tion. DeepSeek demonstrates consistent align-
ment across all conditions, whereas GPT shows
decreased alignment throughout. These results sug-
gest that prompt language can affect alignment lev-
els in some models. Detailed results are provided

"While we aim to make the main text self-contained, the
number and complexity of experimental conditions make it
impractical to include all results. To support transparency and
reproducibility, we provide detailed model-wise results and
statistical comparisons in the Appendix.
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Figure 1: In (a), the z-axis shows cultural alignment 1.4, under ENG-P condition; values greater than O indicate
alignment with prior clinical psychology findings. In (b), values greater than O on the z-axis indicate an increase
in alignment under the LOC-P condition. Higher values on the y-axis reflect a stronger tendency for the model to
choose Ssom- I and E indicate implicit (ICP, P;) and explicit cultural prompt (ECP, Pg), respectively. Culturally
aligned regions are shaded to help readers visually identify expected model behavior.

in Table 7 and 8 in §A.5 of the Appendix.

To assess the impact of language on alignment,
we conduct paired t-tests, as in Table 1. Each t¢-
test evaluates alignment within a distinct experi-
mental condition (e.g., model, choice condition,
or prompt type). As our goal is not to test a sin-
gle global hypothesis, but rather to probe how
alignment shifts across various independent condi-
tions, we do not apply multiple comparisons cor-
rection. Overall, alignment increases slightly (t=-
0.13), though the effect is not statistically signifi-
cant (p=0.90). At the model level, both DeepSeek
and Gemma show improved alignment, with sta-
tistical significance observed only for DeepSeek
(p<0.0005). By choice condition, both the three-
and five-choice conditions show increases, with a
larger effect in the three-choice; however, neither
reached statistical significance (p=0.07 and 0.30,
respectively). At the prompt level, P; also shows a
modest, non-significant increase (p=0.74). These
results suggest that not all models are equally sen-
sitive to language-induced cultural cues, and the
effectiveness of prompt language depends on the
choice condition and prompt type. Notably, only
DeepSeek shows a statistically significant improve-
ment, suggesting the overall effect of prompt lan-
guage remains limited.

We note that higher absolute somatic bias, cap-
tured by P(somatic | PE*®™) does not corre-
spond to the alignment level changes 1.4, (I(c)) —
1 Az (E ng ) .

In summary, the results do not support H2 over-

all, though DeepSeek shows a statistically signifi-
cant increase in alignment, providing model-level
support.

5.3 Individual Symptom Level Analysis

We also conducted a more detailed, symptom-
level analysis of psychological symptoms. While
prior research generally suggests Eastern somati-
zation and Western psycholization, not all psycho-
logical symptoms have been consistently reported
as more prevalent among Western populations or
showed statistically significant differences between
Western and Eastern samples (Parker et al., 2001;
Biswas et al., 2016; Dere et al., 2013). We first
identified psychological symptoms with statisti-
cally significant differences between Western and
Eastern populations (p < 0.05). These were drawn
from prior studies that conducted symptom-level
analyses (Parker et al., 2001; Biswas et al., 2016;
Dere et al., 2013). We then matched these symp-
toms with their corresponding entries in the DSM-
5. Symptoms not included in the DSM-5 were
excluded from this analysis. Finally, we examined
whether LLMs exhibited similar patterns of statisti-
cally significant differences (p < 0.05) in symptom
selection across Eastern and Western cultural per-
sonas. Please refer to §7 for a discussion of why
we did not perform individual-level analyses for
somatic symptoms.

Australian-Chinese Pair. A study by Parker
et al. (2001) found that Depressed mood and Loss
of interest were significantly more frequently re-



All Llama GPT Qwen Gemma DeepSeek One Choice Three Choice Five Choice Py Pg
t-stat -0.13 0.79 2.15 1.03 -0.93 -10.02 0.89 -2.10 -1.09 -0.34 0.08
p-value  0.90 046 0.09 0.35 0.39 0.00 0.39 0.07 030 0.74 094

Table 1: Paired t-test by model, experiment condition, and prompt type. Statistically significant values (p < 0.05)

are bolded.

ported by Australian patients, whereas Suicidal
thoughts were more commonly reported by Chi-
nese patients. In our results, alignment with Parker
et al. (2001) is limited: for Depressed mood, only
one condition (GPT-LOC-P, One choice) shows
alignment. For Loss of interest, only the (GPT,
LOC-P, Three choice) condition aligns with the
clinical findings. Suicidal thoughts has not align-
ment condition.

Canadian-Chinese Pair. A study by Dere
et al. (2013) reported that Depressed mood was
significantly more likely to be expressed by Chi-
nese patients than Canadian patients. We find
alignment with this result in three conditions:
(Deepseek, ENG-P, One choice), (LLaMA, LOC-P,
One choice), and (GPT, LOC-P, Three choice).

American-Indian Pair. A study by Biswas et al.
(2016) found that American psychiatrists placed
greater emphasis on Decreased interest in pleasur-
able activities, Pessimistic view of the future, and
Ideas of self-harm or suicide. In our results, De-
creased interest in pleasurable activities aligns in
only one condition: (GPT, LOC-P, One choice).
For Pessimistic view of the future, two conditions
show alignment: (Deepseek, ENG-P, One choice)
and (LLaMA, ENG-P, Five choice). Ideas of self-
harm or suicide has no alignment condition.

Overall, across 30 experimental settings (3
choice conditions x 2 prompt types x 5 models)
for each symptom, only zero to three conditions
per symptom showed alignment with prior clinical
psychology studies. Alignment at the individual
symptom level for psychological symptoms is lim-
ited mainly due to the small absolute values of
P(S | Pgastem) _ P(S ‘ PgVestern).

5.4 Sensitivity to Cultural Personas

To further quantify the models’ limited ability to
distinguish between Western and Eastern personas
in symptom selection, we examine each model’s
Persona sensitivity. Persona sensitivity refers to
how well a model differentiates symptom selection
patterns between Western and Eastern cultural per-
sonas, measured by the cosine similarity between
the distributions P(s | PE3®m) and P(s | plestern)

within the same prompt type. Lower cosine simi-
larity values indicate higher sensitivity.

Overall, models exhibit significantly low per-
sona sensitivity under the ENG-P condition, with
cosine similarity values ranging from 0.77 to 1.00
(Table 2). Specifically, sensitivity is low in the
three- and five-choice settings (e.g., cosine similar-
ity => 0.95), suggesting that cultural distinctions
weaken as the number of selectable symptoms in-
creases. For Llama and GPT, persona sensitivity
improves from Py to Pg (e.g., Llama: 0.98 — 0.95,
GPT: 0.99 — 0.77 in one-choice), indicating that
explicitly prompting for cultural consideration help
these models better distinguish between Western
and Eastern cultural personas. However, the effec-
tiveness of Pr remains limited: sensitivity values
are still high, and the effect is not observed in Qwen
or DeepSeek. Under the LOC-P condition, persona
sensitivity increases in 28 out of 30 experimental
conditions (3 choice conditions x 2 prompt types
X 5 models). As with the ENG-P condition, the
impact of Pg is confined to specific experimental
configurations.

Importantly, low persona sensitivity under the
ENG-P condition suggests that internal model ten-
dencies override the influence of cultural personas
or prompt variations. Although the findings in-
dicates that prompting in local languages leads
to more distinct symptom selection behaviors be-
tween Western and Eastern personas, it is important
to note that higher sensitivity does not necessarily
imply better cultural alignment. For example, while
Llama shows greater sensitivity under the LOC-P,
this does not translate to improved alignment with
clinically observed patterns.

5.5 Symptom Preference Hierarchy

Persona sensitivity analysis reveals that models
tend to select similar symptoms for Western and
Eastern cultural personas, particularly under the
ENG-P condition. To further examine this uni-
versal symptom preference, we averaged P(s|PS)
across 180 experimental settings (6 countries x 3
choice conditions x 2 prompt types X 5 models)
for ENG-P and 90 experimental settings (3 coun-



Llama GPT

ENG-P LOC-P ENG-P LOC-P

ENG-P

Gemma
ENG-P LOC-P

Qwen
LOC-P

DeepSeek
ENG-P LOC-P

0.98/0.95 0.31/0.51
0.99/0.98 0.67/0.81
0.98/0.98  0.84/0.85

One choice
Three choice
Five choice

1.00/0.95  0.99/0.99
1.00/1.00  0.96/0.98

0.99/0.77 0.91/0.92 0.99/0.98 0.63/0.83 0.89/0.89 0.84/0.00 0.95/0.99 0.39/0.32
1.00/1.00  0.96/0.83
1.00/1.00  0.88/0.83

1.00/1.00  0.95/0.97
1.00/1.00  0.81/082

1.00/1.00  0.95/0.94
1.00/0.99  0.86/0.84

Table 2: Cosine similarities between P(s | PE&m) and P(s | pYYes'™) distributions under the ENG-P and LOC-P
condition. Two cosine similarity values under each prompt correspond to the consine values for P; and P.

tries X 3 choice conditions x 2 prompt types X
5 different models) for LOC-P. Before averaging,
P(s|PS) values were normalized by the maximum
possible selection rate in each choice condition:
1/3 for three-choice and 1/5 for five-choice. For
example, in the three-choice setting (3 choices x
100 iterations = 300 total selections), a symptom
chosen in all iterations would have a maximum
selection rate of 100/300 = 1/3.

Table 3 shows that under the ENG-P condition,
LLMs consistently favor certain symptoms, partic-
ularly s2 (Decreased energy, tiredness, and fatigue;
Somatic), s3 (Depressed mood; Psychological),
and s8 (Loss of interest or motivation; Psychologi-
cal) with average selection rates of 0.6 for s2 and
s3, and 0.4 for s8. In contrast, symptoms like s12
(Suicidal ideas; Psychological), s10 (Poor memory;
Psychological), and s7 (Indecisiveness; Psycho-
logical) are rarely chosen (0.00-0.02). A similar
trend appears under the LOC-P condition (Table 4),
where s2 and s3 remain the most selected (~ 0.6).
While s8 was still frequently selected with 0.27, sl
(Anger and irritability; Psychological) rises to 0.41,
becoming the third most selected. s7, s10 and s12
shows slight increases in proportion to 0.06 but re-
mained rarely selected, along with s6 (Inattention;
Psychological) and s9 (Pessimism; Psychological).

These results suggest that LLMs exhibit a hierar-
chical understanding of depression symptoms, con-
sistently identifying some as more representative.
This hierarchy likely reflects the frequency of each
symptom in training data, clinical descriptions, or
public discourse around depression. Importantly,
the models’ overarching preference patterns often
outweigh the influence of cultural personas. The
underrepresentation of s12 may also result from
safety and moderation mechanisms that suppress
suicide-related content (Li et al., 2024), potentially
limiting LLM utility in identifying patients with
critical symptoms.

Symptom Name Average StdDev
sl: Anger and irritability (Psychological) 0.22 0.36
s2: Decreased energy, tiredness, and fatigue (So- 0.62 0.37
matic)

s3: Depressed mood (Psychological) 0.59 0.43
s4: Genitourinary symptoms (Somatic) 0.07 0.23
s5: Hyperactivity and agitation (Somatic) 0.10 0.25
s6: Inattention (Psychological) 0.08 0.22
s7: Indecisiveness (Psychological) 0.02 0.09
s8: Loss of interest or motivation (Psychological) 0.39 0.40
s9: Pessimism (Psychological) 0.10 0.22
510: Poor memory (Psychological) 0.01 0.03
s11: Sleep disturbance (Somatic) 0.15 0.30
s12: Suicidal ideas (Psychological) 0.00 0.01
s13: Weight and appetite change (Somatic) 0.06 0.17
s14: Worthlessness and guilt (Psychological) 0.09 0.20

Table 3: Average and standard deviation of selected
symptom proportions under the ENG-P condition.

Symptom Name Average StdDev
s1: Anger and irritability (Psychological) 0.41 0.42
s2: Decreased energy, tiredness, and fatigue (So- 0.64 0.41
matic)

s3: Depressed mood (Psychological) 0.60 0.43
s4: Genitourinary symptoms (Somatic) 0.14 0.30
s5: Hyperactivity and agitation (Somatic) 0.14 0.30
s6: Inattention (Psychological) 0.06 0.14
s7: Indecisiveness (Psychological) 0.06 0.18
s8: Loss of interest or motivation (Psychological) 0.27 0.39
s9: Pessimism (Psychological) 0.06 0.17
$10: Poor memory (Psychological) 0.04 0.08
s11: Sleep disturbance (Somatic) 0.20 0.30
s12: Suicidal ideas (Psychological) 0.06 0.14
s13: Weight and appetite change (Somatic) 0.11 0.23
s14: Worthlessness and guilt (Psychological) 0.10 0.24

Table 4: Average and standard deviation of selected
symptom proportions under the LOC-P condition.

5.6 Robustness Check: The Inverse Task of
Cultural Attribution

To further assess the robustness of our findings, we
conducted a complementary “cultural attribution”
task. In this inverse task, models were given a
symptom and asked to choose which of two cultural
personas (i.e., one Western and one Eastern) was
more likely to express it. The detailed methodology
and results are presented in §B in Appendix.
Consistent with our primary findings, the mod-
els largely failed to replicate clinically observed
patterns in this attribution task as well. The models
often showed a consistent bias, favoring one cul-
tural group across all symptom types. This result



from the inverse task reinforces our main conclu-
sion: the LLMs we evaluated lack the nuanced,
clinically-grounded reasoning required for cross-
cultural mental health contexts.

6 Discussion

Overall, our findings reveal substantial inconsisten-
cies between LLM outputs and widely-recognized
clinical patterns of depression symptom expression
across cultures. Several factors may contribute to
this misalignment.

First, the quality and scope of training data are
likely key factors. None of the evaluated models
are fine-tuned on mental health—specific or clini-
cal psychology datasets. General-purpose LLMs
are typically trained on large-scale web corpora,
which underrepresent culturally nuanced mental
health discourse. As a result, the models may lack
the foundational knowledge needed to replicate
culturally sensitive reasoning grounded in clinical
psychology, leading to low sensitivity to cultural
personas and culturally invariant symptom prefer-
ences. Second, the symptom list based on DSM-5
may itself introduce bias. Developed within West-
ern clinical contexts, the DSM-5 may not fully
capture culturally specific manifestations of depres-
sion in Eastern or non-Western populations (Ecks,
2016). This limitation could skew LLM behav-
ior by shaping what is considered “depression” in
our evaluation. Third, the East—West distinction in
symptom expression may be more situational than
stable. Prior research suggests that this cultural
pattern is influenced by the mode of assessment
(e.g., interviews vs. questionnaires) (Simon et al.,
1999; Yeung et al., 2004; Ryder et al., 2008). If
LLMs primarily reflect textual discourse, they may
miss cultural patterns that emerge in other settings.
Kirmayer and Ryder (2016) emphasizes that, while
individuals across cultures are likely to experience
both somatic and psychological symptoms, the ex-
pression of these symptoms varies across cultural
contexts, influenced by factors such as stigma and
access to mental health resources. Future studies
could examine how symptom expression differs
across cultures in contexts where Al-powered men-
tal health systems are introduced. Lastly, the ENG-
P condition may reflect how Eastern people with
mental disorders are portrayed through Western
perspectives in English-language texts.

Our task design has important implications
for real-world applications. For instance, in Al-

powered mental health chatbots or diagnostic tools
where information about a person’s country of
origin is available, it may be beneficial to place
greater emphasis on somatic symptoms for individ-
uals from Eastern countries and on psychological
symptoms for those from Western countries. While
such culturally informed adjustments could lead
to more effective and appropriate interactions and
improved diagnostic accuracy, our findings suggest
that current general-purpose LLMs are likely to fail
in making such distinctions.

Furthermore, the challenges identified in this
study extend beyond the primary misalignment.
The models’ lack of nuanced cultural reasoning
was not only evident in the symptom selection task
but was also confirmed in the inverse cultural at-
tribution task (§5.6). Our analysis also uncovered
other concerning behaviors, such as a high degree
of determinism in some models and various id-
iosyncratic biases, which are detailed in the Ap-
pendix (§A.6 and §A.7). Taken together, these
findings highlight fundamental issues that could
hinder the reliability and trustworthiness of current
general-purpose LLMs for sensitive mental health
applications.

7 Conclusion

To our best knowledge, this is the first study to
examine cultural alignment in mental health con-
texts. This study is foundational, aiming to explore
how five popular LLMs, which have the potential
to be applied across various mental health contexts,
associate depression symptoms with cultue. This
broader objective motivated us to test a range of
configurations, including multiple LLMs, choice
formats, country personas, prompt variations, and
different prompt languages. Our findings raise crit-
ical concerns about the applicability of general-
purpose LLMs in culturally grounded mental health
contexts. While prompting in local languages
shows promise for improving cultural alignment
in symptom selection, observed biases stil show
little convergence with clinical expectations. These
biases challenges the reliability and trustworthi-
ness of LLMs in mental health applications. Future
work should examine whether LLMs fine-tuned
on clinical corpora better align with clinical ex-
pectations. Such comparisons could help isolate
the impact of training data from model architec-
ture in shaping cultural alignment in mental health
reasoning.



Limitations

There are several limitaions in this study. One limi-
tation is the simplification of Eastern vs. Western
categorization. Symptom expression can vary not
only between regions but also within regions and
countries, and individual. While differences be-
tween countries in the same region such as China
and Japan likely exist, prior clinical psychology
studies compare one Eastern country with one
Western country, making it difficult to analyze intra-
regional variation. Additionally, although symp-
tom differences may exist within a country or at the
individual level, prior research typically uses the
country as the main unit of analysis. Aligning with
this approach allows for direct comparison with
existing literature, and thus, within-country and
individual-level differences are considered beyond
the scope of our current analysis.

Secondly, our study is limited by its use of the
broad category of somatic symptoms. In clinical
psychology, somatic symptoms can be further clas-
sified into typical and atypical somatic symptoms.
Notably, prior research has shown that the com-
monly held distinction between Eastern somatiza-
tion and Western psychologization does not neces-
sarily apply to atypical somatic symptoms (Dere
et al., 2013). However, given that our primary aim
is to evaluate the extent to which LLMs understand
and replicate standardized diagnostic frameworks,
we adhered to the DSM-5 classification, which does
not differentiate between typical and atypical so-
matic presentations. This constraint limited the
feasibility of conducting detailed symptom-level
analyses for somatic symptoms.

We again acknowledge the limitations of simpli-
fying cultural and symptom categorizations, specif-
ically, the binary distinctions between Western and
Eastern, and psychological and somatic. Never-
theless, we view this work as a foundational step,
serving as a crucial benchmark for measuring the
depth of LLM’s cultural reasoning in relation to
depression symptoms. Future research can aim to
pursue more nuanced, symptom-level analyses and
move beyond these dichotomies.

Ethical Consisderations

We acknowledge that the binary framework of
Western and Eastern cultures captures only a lim-
ited portion of the world’s cultural diversity. Many
cultures do not fit neatly into this framework. For
instance, how individuals from African and Latin

American regions express symptoms of depression
remains underexplored. Broadly, social psychol-
ogy has historically emphasized East—West com-
parisons, often overlooking other cultural contexts
(Kitayama and Salvador, 2024). We argue that con-
tinued collaboration between researchers in com-
puter science and psychology is essential to ensure
that LLMs developed for mental health applica-
tions are culturally inclusive and effective across
diverse populations.
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A Appendix

A.1 Additional Details for Experiments

Experiments with LLaMA, Qwen, Gemma, and
DeepSeek were conducted on NVIDIA A100

12

GPUs. GPT experiments were conducted using
OpenAI’s APL

A.2 Notation Summary

Table 5 summarizes the notations used throughout
this paper.

A.3 Prompt Template

The template of Py and Pg. To ensure LLMs cor-
rectly understood each symptom defined in DSM-5,
we provided their brief descriptions in the prompts.
These descriptions were derived from the PsySym
dataset (Zhang et al., 2022), where the symptom
categories and their associated descriptions were
constructed by merging DSM-5 criteria and clinical
questionnaire items.

You are a (country) person with depression.
As a (country) person with depression, se-
lect (number of symptoms) symptom you
are experiencing from the following symp-
tom list.

(symptom list)

You are a (country) person with depression.
As a (country) person with depression, se-
lect (number of symptoms) symptom you
are experiencing from the following symp-
tom list. Pay close attention to the cultural
background of you and think carefully about
which symptom are likely expressed among
the people of your cultural background.

(symptom list)

A.4 The Overall Results

Figures 2 to 7 display the proportions of selected
symptoms P(s | P$) across all the experimental
settings under the ENG-P condition (Figures 2, 3,
and 4) and under the LOC-P condition (Figures 5,
6, and 7).

A.5 Alignment

Table 6 (under the ENG-P condition) and 7 (under
the LOC-P condition) present the proportions of
somatic symptoms Ssom and psychological symp-
toms Sy selected by Western and Eastern per-
sonas across all experimental settings. It is aver-
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Notation Description

Prompt type: = € {I (Implicit), E (Explicit) }

Prompt assigned to persona ¢ under prompt type = € {I,E}
Probability of selecting symptom s given persona ¢ and prompt type x

Attribution bias of symptom s between ¢; and co under prompt x

x
c,C1,C2 Cultural personas (countries)

s Depression symptom (somatic or psychological)
Py

P(s | PY)

PA(PY2) )

1Az Cultural alignment score in symptom selection
oA, Cultural alignment vector in cultural attribution
2 A Somatic component of 2.4,

0 ALY Psychological component of 9.4,

Table 5: Notation summary

aged within somatic or psycholgoical symptoms
and also within Western or Eastern personas. Table
8 1A, (l(c)) — 1Az (Eng) values across models by
experimental settings.

A.6 Determinism in Symptom Selection

To statistically assess each models’s degree of de-
terminism in symptom selection, we calculate the
average Gini coefficient of P(s | PS) distributions
across countries for each experimental setting un-
der the ENG-P and LOC-P condition (Table 9 and
10). Higher Gini coefficients indicate the model
concentrates selections on a few specific symptoms,
while lower values indicate more diverse responses.
This analysis has important implications for real-
world applications: overly deterministic models
may overlook less common but clinically relevant
symptoms.

We observe that different LLMs exhibit distinct
behaviors in symptom selection. Across experi-
mental settings, Llama consistently exhibits the
lowest Gini coefficients (0.56 on average), indi-
cating greater diversity in its outputs. In contrast,
Gemma and Qwen tend to show the highest Gini
coefficients (0.78 and 0.77 on average), repeatedly
selecting a limited set of symptoms. This suggests
stronger inherent preferences for certain depression
symptoms. Consistent with the ENG-P condition,
Llama consistently shows the lowest Gini coeffi-
cient values, showing more diverse symptom selec-
tion behaviors. However, unlike ENG-P condition,
the DeepSeek consistently exhibit the most detemi-
nistic behavior with five out of six experiments.

The narrow symptom range observed in Gemma,
Qwen, and DeepSeek raises concerns, as it may
lead to underdiagnosis by missing culturally spe-
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cific symptom expressions. This is especially prob-
lematic in multicultural contexts, where depression
may manifest differently. While determinism can
be useful when aligned with cultural norms, the
poor alignment shown by Gemma and Qwen sug-
gests that their determinism is more harmful than
helpful. In contrast, Llama’s higher variability may
be advantageous for applications requiring flexible
and culturally responsive Al. However, excessive
variability can also increase the risk of generating
irrelevant or inconsistent outputs. Therefore, de-
termining the appropriate level of variability may
require input from domain experts. While the exact
reasons for these model-specific determinism lev-
els warrant further investigation, they might relate
to differences in pre-training data diversity, model
architecture, or fine-tuning objectives.

A.7 Symptom Selection Differences between
Western and Eastern Personas

Table 11 and 12 list the symptoms that show statis-
tically significant differences (p < 0.05) between
Western and Eastern personas under the ENG-P
and LOC-P. We performed chi-square tests between
P(s | pYestem) and P(s | pE®®m) under each ex-
perimental condition. Under the ENG-P condition,
no single symptom consistently emerges as signif-
icant across the models, suggesting that cultural
bias in symptom selection is not robust. Further-
more, the set of statistically significant symptoms
varies by prompt type and choice condition, even
within the same model. One notable exception
is s14 (Worthlessness and guilt; Psychological),
which Llama consistently selects more frequently
for Eastern personas across all conditions. This pat-
tern suggests that Llama may have learned a strong



Condition Symptom Type Llama GPT Qwen Gemma DeepSeek
Western Eastern Western Eastern Western Eastern Western Eastern Western Eastern

One choice Py Somatic 0.65 0.54 0.67 0.64 0.58 0.62 0.00 0.00 0.00 0.00
One choice Py Psychological 0.34 0.46 0.33 0.36 0.42 0.38 1.00 1.00 1.00 1.00
One choice P Somatic 0.49 0.57 0.38 0.73 1.00 0.82 0.00 0.00 0.05 0.03
One choice P Psychological 0.49 043 0.62 0.28 0.00 0.18 1.00 1.00 0.95 0.97
Three choice P;  Somatic 0.38 0.35 0.34 0.33 0.33 0.33 0.33 0.33 0.29 0.29
Three choice P;  Psychological 0.61 0.65 0.66 0.67 0.67 0.67 0.67 0.67 0.71 0.71
Three choice P Somatic 0.40 0.35 0.34 0.32 0.33 0.33 0.33 0.33 0.32 0.29
Three choice P Psychological 0.61 0.65 0.66 0.68 0.67 0.67 0.67 0.67 0.68 0.71
Five choice Py Somatic 0.45 0.42 0.38 0.37 0.40 0.40 0.60 0.60 0.40 0.39
Five choice Py Psychological 0.54 0.58 0.62 0.63 0.60 0.60 0.40 0.40 0.60 0.61
Five choice P~ Somatic 0.44 0.40 0.40 0.37 0.40 0.40 0.60 0.60 0.40 0.37
Five choice P~ Psychological 0.56 0.60 0.60 0.63 0.60 0.60 0.40 0.40 0.60 0.63

Table 6: Average proportions of selected symptoms by type (Ssom Vs. Spsy) and cultural personas (Cw vs. Cg) for
each experimental setting under ENG-P condition. Experimental settings demonstrating cultural alignment are

highlighted in bold.
Condition Symptom Type Llama GPT Qwen Gemma DeepSeek
Western Eastern Western Eastern Western Eastern Western Eastern Western  Eastern

One choice Py Somatic 0.65 0.28 0.67 0.46 0.58 0.47 0.00 0.23 0.00 0.15
One choice Py Psychological 0.34 0.72 0.33 0.54 0.42 0.53 1.00 0.77 1.00 0.85
One choice Pg Somatic 0.49 0.00 0.38 0.51 1.00 0.50 0.00 0.36 0.05 0.17
One choice Py Psychological 0.49 1.00 0.62 0.49 0.00 0.50 1.00 0.64 0.95 0.83
Three choice P;  Somatic 0.38 0.38 0.34 0.32 0.33 0.33 0.33 0.48 0.29 0.44
Three choice P;  Psychological 0.62 0.62 0.66 0.68 0.67 0.67 0.67 0.52 0.71 0.56
Three choice P Somatic 0.40 0.41 0.33 0.28 0.33 0.33 0.33 0.32 0.32 0.44
Three choice Py Psychological 0.60 0.59 0.67 0.72 0.67 0.67 0.67 0.68 0.68 0.56
Five choice P; Somatic 0.45 0.51 0.38 0.33 0.40 0.45 0.60 0.37 0.40 0.62
Five choice Py Psychological 0.55 0.49 0.62 0.67 0.60 0.55 0.40 0.63 0.60 0.38
Five choice Py Somatic 0.44 0.52 0.40 0.36 0.40 0.45 0.60 0.58 0.40 0.60
Five choice P~ Psychological 0.56 0.48 0.60 0.64 0.60 0.55 0.40 0.42 0.60 0.39

Table 7: Average proportions of selected symptoms by type (Ssom Vs. Spsy) and cultural personas (Cw vs. Cg) for

each experimental setting under LOC-P condition.

Choice Condition Prompt Llama GPT Qwen Gemma DeepSeek
One choice I -026 -0.18 -0.15 0.23 0.15
One choice E -0.57 -022 -032 0.36 0.14
Three choice I 0.03 -0.01 0.00 0.15 0.15
Three choice E 0.06 -0.03 0.00 -0.01 0.15
Five choice I 0.09 -0.04 0.05 -0.23 0.23
Five choice E 0.12 -0.01 0.05 -0.02 0.23

Table 8: 1A, (I(c)) — 1Az (Eng) values across models
by experimental settings. Bolded settings indicate im-
proved alignment.

association between Eastern cultural personas and
the symptom of worthlessness and guilt. Interest-
ingly, this diverges from prior clinical psychology
findings, which typically report a greater empha-
sis of somatic symptoms in Eastern populations.
GPT exhibits significant differences only under Pg,
suggesting that it may require more explicit instruc-
tions to reflect Western-Eastern distinctions in its
outputs. Under the LOC-P condition, we observe
a greater number of symptoms with statistically
significant differences between Western and East-
ern personas, demonstrating the effectiveness of
prompt language to reflect Western-Eastern distinc-

Llama GPT Qwen Gemma DeepSeek
One choice P; 0.72 0.87 0.87 0.92 0.85
One choice Py 0.54 0.87 0.92 0.92 0.83
Three choice Py 0.61 0.77 0.78 0.79 0.74
Three choice Py 0.50 0.76 0.79 0.79 0.74
Five choice Py 0.53 0.63 0.64 0.64 0.54
Five choice Pp 045 0.63 0.64 0.64 0.55
Average 0.56 0.76 0.77 0.78 0.71

Table 9: The average Gini coefficient for each model
under the ENG-P condition. The highest values are
highlighted in bold, while the lowest are underlined.

tions. However, as it is shown in §5.2, these dis-
tinctions do not reflect clinically expected cultural
patterns.

B Appendix for Cultural Attribution Task
B.1 Research Hypotheses

We examine whether LLMs show cultural attribu-
tion when inferring a cultural group based on given
symptoms.

H1. LLMs are more likely to attribute psycho-
logical symptoms to Western cultural groups
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Llama GPT Qwen Gemma DeepSeek
One choice Py 0.70 0.84 0.88 0.82 0.80
One choice Py 0.75 0.85 0.86 0.78 0.86
Three choice P; 0.58 0.74 0.78 0.65 0.81
Three choice Pg 054 0.75 0.78 0.66 0.80
Five choice Py 0.39 0.60 0.58 0.46 0.72
Five choice Pg 0.44 0.61 0.58 0.50 0.67

Table 10: The average Gini coefficient for each model
under the LOC-P condition. The highest values are
highlighted in bold, while the lowest are underlined.

and somatic symptoms to Eastern cultural
groups.

H2. Prompts written in the local language of a
country increase cultural alignment in cultural
attribution.

B.2 Task Design for Hypothesis Testing

We invert the task structure of our main analysis:
instead of providing a cultural persona, we present
a single symptom (e.g., “Anger and irritability”)
and ask the model to decide whether it is more
likely to appear in a person from one of two cultural
groups, such as “American” or “Japanese.”

Each prompt compares a Western culture ¢; €
Cw with an Eastern culture and co € Cg, again
using both implicit and explicit culture prompts.
Specifically, we test four Western-Eastern cultural
group pairs based on comparative findings from
clinical psychology: Canadian and Chinese (Ry-
der et al., 2008), Australian and Chinese (Parker
etal., 2005), American and Japanese (Arnault et al.,
2006), and American and Indian (Biswas et al.,
2016). The template of Py and Pg for Cultural
Attribution task are provided below.

Analyze the given symptom and its descrip-
tion, and identify which demographic is
most likely to express it.

Symptom: (symptom)
Symptom’s description: (descriptions)

Demographic list: [(country 1), (country 2)]
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Analyze the given symptom and its descrip-
tion, and identify which demographic is
most likely to express it. Choose one demo-
graphic from the provided list. Pay careful
attention to cultural nuances and how dif-
ferent populations may exhibit or describe
certain symptoms.

Symptom: (symptom)
Symptom’s description: (descriptions)

Demographic list: [(country 1), (country 2)]

J

Let P(c | Py (cr,e2) , s) denote the probability that
the model selects cultural identity ¢ € {c1,ca}
given symptom s under prompt type . We define
the attribution bias as:

PA(PL),5) = Pley | P, 5)

We then aggregate across symptom types:

Pa(ple1¢2) somatic) Z P (plere2)
ol 2
pleic2) 1
Pa (P psychological) = ol
PSY| 5€Spey

PA(RE ), )

We define the cultural alignment measured in
cultural attribution task as a vector of attribution
biases, aggregated over somatic and psychological
symptoms:

2Aa: = (PA(P(ChCQ)a somatiC),
PA( (01702) psychological))

where the first component of 2.4, captures the
degree to which somatic symptoms are attributed
to Eastern vs. Western cultural groups, while
the second component captures the same for psy-
chological symptoms. Let 2 A5°™ and 245 de-
note the somatic and psychological components of
2A,, respectively. Similar to symptom selection
task, we denote 2.4, (I(c)) as the cultural alignment
tested by LOC-P for Eastern country cs € Cg, and
2 Az (Eng) as that by ENG-P. Under LOC-P condi-

tion, Pa (P:(L« c1:¢2) , 8) is defined as,
PA(PE2), 5, 1(c2)) = Plea | PYH2) s, 1(ca))
— P(c | P2 s5,1(c2))

Pley | P )



Qwen Gemma DeepSeek

Western Eastern Western Eastern Western Eastern Western Eastern Western Eastern

Setting Llama GPT

One choice P s3,s14

One choice Pg s2,s14 s8 s2,s14
Three choice P sl4

Three choice P 5,513 sl4 s3 s10,s14
Five choice Py s1,s5,s9 sl4

Five choice Py s1,s5 sl4 sl1 sl,s7

s6 s3 sl s3
s3 s8 s6 s7 s3
s5 s9

Table 11: Depression symptoms which showed statistically significant difference between Western and Eastern
countries and their directions under the ENG-P condition.

Setting Llama GPT Qwen Gemma DeepSeek
Western Eastern Western  Eastern Western Eastern Western Eastern Western Eastern
One choice Py 82,58 sl,s10,s13 s2 s3 82,58 sl,s3 83,56 s1,85,510,s11,813 $3,59 s1,52,86,510,s11,813
One choice Pp $2,58,59 s1,83 s8 $2,83 s2 s1,83,88 s6 s1,s2,83,510,s11,s13 $3,89,s14 $1,52,6,s10,s11
Three choice Py s8,s14 s1,84,85,87,s12 s2 $6,87,s11 s8,s11 sl s1-s3 s7-s14 $3,86,58,89,514 s2
Three choice P $5,88,89,513,s14 s1,83,s11,812 s2 s7,s11,s14 s8 sl s1-s3 $5-57,89-s13 $3,58,59 s1,82
Five choice Py $3,88,89,s13,814  s1,s4,85,56,87,512 $7,s12 $8,89,s11  sl,s4,85,812,514 s1-s5 s6-s14 $3,85,56,88-s11,s14 $2,s4
Five choice Pg $8—s10 s1,84,56,812,s14  sll,sl4  $6,57,s12 s8,89,s11 sl,s4,s5s812,s14 s1,52,54,86 s7-s14 $1,83,55,88-s11 $2,54,512,514

Table 12: Depression symptoms which showed statistically significant difference between Western and Eastern
countries and their directions under the LOC-P condition.

We test the hypotheses as:

HI is supported when 2. 43°™ > 0, 9 APY < 0, and
H2 is supported when 2 A™(1(c)) >
s AY™(Eng), 2AYY(I(c)) < 245 (Eng).

B.3 Results

B.3.1 Cultural Alignment in English Prompts
(H1)
In this task, we examine whether LLMs associate
different depression symptoms with culturally ap-
propriate groups. Based on prior research, we ex-
pect LLMs to assign somatic symptoms Ssom more
frequently to Eastern cultural groups, and psycho-
logical symptoms Spsy to Western cultural groups.
Figure 8(a) illustrates the alignment level of each
model under the ENG-P condition. The z-axis
represents the cultural alignment 9.43°™, which is
the average proportion of S0y assigned to East-
ern groups minus that assigned to Western groups.
The y-axis represents .45, the same calculation
for Spy. Positive z-values and negative y-values
indicate alignment with clinical expectations.
Overall, LLMs rarely exhibit this expected pat-
tern. Only 4 out of 40 settings (5 models x 4 cul-
tural group pairs x 2 prompt types) show alignment
with prior findings: GPT for the Canadian—Chinese
pair under Pr, GPT for the Australian—Chinese
pair under P;, Gemma and DeepSeek for the Amer-
ican—Indian pair under Pg. In contrast, 31 settings
show consistent attribution bias, with models favor-
ing one cultural group (Eastern or Western) across
both symptom types. These settings appear in quad-
rants where both x and y values are positive or both
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are negative, indicating that the same group is pre-
ferred regardless of symptom category. We analyze
this pattern in the next section. Alignment scores
for all settings under the ENG-P condition are avail-
able in Table 13.

In summary, H1 is not supported, as most model
behaviors under the ENG-P condition do not align
with prior clinical psychology findings.

B.3.2 Effect of Language on Attribution (H2)

Figure 8(b) shows the change in cultural align-
ment for each experimental setting. Out of 40
settings, only two exhibit increased alignment,
namely: Gemma Canadian-Chinese and Australian-
Chinese pair under P;. As in the ENG-P condition,
most models consistently favor one cultural group
across symptom types. Across the 40 settings, East-
ern cultural groups are preferred in 27, Western
groups in 10, and the remaining 3 show no consis-
tent preference. Alignment scores and alignment
improvement for all settings under the LOC-P con-
dition are available in Table 14 and 15.

To statistically assess the impact of language
on alignment, we conducted paired t-tests. An
increase in alignment corresponds to a negative
t-statistic for somatic symptoms and a positive
one for psychological symptoms, as alignment im-
proves when 2. A3°™ increases and 2 AP decreases.
However, as shown in Table 16 and 17, no model,
cultural group, or prompt type meets this crite-
rion. Overall, somatic symptoms tend to increase
alignment, while psychological symptoms reduce
it, indicating that Eastern groups are more likely to



Condition Symptom Type Llama GPT Qwen Gemma DeepSeek
Western Eastern Western Eastern Western Eastern Western Eastern Western Eastern

Canadian Chinese - Py Somatic 0.45 0.55 0.70 0.30 0.96 0.04 1.00 0.00 0.31 0.69
Canadian Chinese - Py Psychological 0.37 0.63 0.85 0.15 1.00 0.00 1.00 1.00 0.30 0.70
Canadian Chinese - Py~ Somatic 0.24 0.76 0.48 0.52 0.00 1.00 1.00 0.00 0.36 0.64
Canadian Chinese - P~ Psychological 0.19 0.81 0.79 0.21 0.00 1.00 1.00 0.00 0.45 0.55
Australian Chinese - Py~ Somatic 0.58 0.42 0.24 0.76 0.94 0.06 0.80 0.20 0.32 0.68
Australian Chinese - Py Psychological 0.50 0.50 0.54 0.46 1.00 0.00 0.33 0.66 0.23 0.77
Australian Chinese - P~ Somatic 0.47 0.53 0.22 0.78 0.05 0.95 0.60 0.40 0.44 0.56
Australian Chinese - P Psychological 0.43 0.57 0.48 0.52 0.00 1.00 1.00 0.00 0.47 0.53
American Japanese - Py Somatic 0.54 0.46 0.76 0.24 1.00 0.00 1.00 0.00 0.78 0.22
American Japanese - P;  Psychological 0.32 0.68 0.69 0.31 1.00 0.00 1.00 0.00 0.81 0.19
American Japanese - Py Somatic 0.42 0.58 0.75 0.25 0.81 0.19 0.80 0.20 0.78 0.22
American Japanese - P Psychological 0.31 0.69 0.65 0.35 0.59 0.41 0.89 0.11 0.60 0.40
American Indian - Py Somatic 0.41 0.59 0.85 0.15 1.00 0.00 0.60 0.20 0.56 0.44
American Indian - Py Psychological 0.41 0.59 1.00 0.00 1.00 0.00 0.44 0.56 0.77 0.23
American Indian - Pg Somatic 0.27 0.73 0.83 0.17 0.58 0.42 0.40 0.60 0.48 0.52
American Indian - Pg Psychological 0.18 0.82 0.98 0.02 0.52 0.48 0.78 0.22 0.52 0.48

Table 13: The proprotions of selected Western or Eastern personas for given somatic or psycholgoical symptoms
across the experimental settings under the ENG-P conditoin. Experimental settings demonstrating cultural alignment

are highlighted in bold.

be associated with both symptom types under the
LOC-P condition.

Interestingly, alignment increases in symptom
selection task under the LOC-P condition but de-
creases in cultural attribution task. This discrep-
ancy likely stems from differences in task design
and how language interacts with cultural framing.
Symptom selection task evaluates whether models
simulate culturally appropriate symptom expres-
sion when assigned a persona. In this context, using
local language (LOC-P) reinforces cultural iden-
tity. For example, Eastern personas tend to select
more somatic symptoms in LOC-P than in ENG-P,
which enhances the contrast with Western personas.
This reflects the model’s cultural reasoning based
on persona and context. In contrast, cultural at-
tribution task asks models to associate symptoms
with cultural groups without assigning a persona.
Since local language applies to both Western and
Eastern cultural groups, the distinction between
persona and linguistic framing becomes unclear.
As a result, cultural attribution task captures how
each language represents cultural identities rather
than how models reason within them. The cultural
attribution task results under LOC-P suggest that
models may over-associate depression with Eastern
groups, regardless of symptom type. This likely
reflects biases in Eastern-language data, leading to
a generalized “depression equals Eastern" associa-
tion rather than alignment with clinically grounded
distinctions.

In summary, the results do not support H2 over-
all.
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B.3.3 Individual Symptom Level Analysis

Similar to symptom selection task, we also con-
ducted symptom level analysis for psyhological
symptoms in cultural attribution task. We exam-
ined whether LL.Ms exhibited similar patterns of
statistically significant differences (p < 0.05) in
cultural attributions across Eastern and Western
cultural personas.

Australian-Chinese Pair. For “Depressed
mood”, six conditions showed alignment:
(Deepseek, LOC-P), (Gemma, ENG-P), (Gemma,
LOC-P), (GPT, ENG-P), (GPT, LOC-P), and
(Qwen, ENG-P). For “Loss of interest”, three
conditions aligned: (Gemma, ENG-P), (Gemma,
LOC-P), and (Qwen, ENG-P). For “Suicidal
thoughts”, alignment was observed in three
conditions: (LLaMA, ENG-P), (LLaMA, LOC-P),
and (Qwen, LOC-P).

Canadian-Chinese Pair. We found alignment in
four conditions for “Depressed mood”: (Deepseek,
ENG-P), (LLaMA, ENG-P), (LLaMA, LOC-P),
and (Qwen, LOC-P).

American-Indian Pair. For “Decreased interest
in pleasurable activities”, four conditions aligned:
(Deepseek, ENG-P), (GPT, ENG-P), (GPT, LOC-
P), and (Qwen, ENG-P). For “Pessimistic view
of the future”, alignment was observed in seven
conditions: (Deepseek, ENG-P), (Deepseek, LOC-
P), (Gemma, LOC-P), (GPT, ENG-P), (GPT,
LOC-P), (Qwen, ENG-P), and (Qwen, LOC-P).
For “Ideas of self-harm or suicide”, nine con-
ditions showed alignment: (Deepseek, ENG-P),
(Deepseek, LOC-P), (Gemma, ENG-P), (Gemma,
LOC-P), (GPT, ENG-P), (GPT, LOC-P), (LLaMA,



Condition Symptom Type Llama GPT Qwen Gemma DeepSeek
Western Eastern Western Eastern Western Eastern Western Eastern Western Eastern

Canadian Chinese - Py Somatic 0.50 0.50 0.09 0.91 0.14 0.86 0.89 0.11 0.00 1.00
Canadian Chinese - Py Psychological 0.54 0.46 0.27 0.73 0.00 1.00 0.91 0.09 0.00 1.00
Canadian Chinese - Py~ Somatic 0.24 0.76 0.06 0.94 0.20 0.80 0.10 0.90 0.00 1.00
Canadian Chinese - P~ Psychological 0.36 0.64 0.29 0.71 0.00 1.00 0.13 0.87 0.00 1.00
Australian Chinese - Py~ Somatic 0.52 0.48 0.02 0.98 0.00 1.00 0.54 0.46 0.00 1.00
Australian Chinese - Py Psychological 0.42 0.58 0.05 0.95 0.00 1.00 0.59 0.41 0.00 1.00
Australian Chinese - P Somatic 0.49 0.51 0.02 0.98 0.00 1.00 0.13 0.87 0.07 0.93
Australian Chinese - P Psychological 0.43 0.57 0.06 0.94 0.00 1.00 0.23 0.77 0.05 0.95
American Japanese - Py Somatic 0.27 0.73 0.29 0.71 0.78 0.22 0.69 0.31 0.84 0.16
American Japanese - P;  Psychological 0.23 0.77 0.22 0.78 0.16 0.84 0.80 0.20 0.83 0.17
American Japanese - Py Somatic 0.28 0.82 0.32 0.68 0.23 0.77 0.98 0.02 0.96 0.04
American Japanese - P, Psychological 0.23 0.81 0.22 0.78 0.08 0.92 097 0.03 0.87 0.13
American Indian - Py Somatic 0.18 0.82 0.22 0.78 0.60 0.40 0.89 0.11 0.00 1.00
American Indian - Py Psychological 0.19 0.81 0.40 0.60 0.61 0.39 0.89 0.11 0.00 1.00
American Indian - Pg Somatic 0.04 0.96 0.25 0.75 0.60 0.40 0.87 0.13 0.00 1.00
American Indian - P Psychological 0.08 0.92 0.28 0.72 0.38 0.62 0.86 0.14 0.00 1.00

Table 14: The proprotions of selected Western or Eastern personas for given somatic or psycholgoical symptoms
across the experimental settings under the LOC-P conditoin.

Condition Symptom Type Llama GPT Qwen Gemma DeepSeek
Canadian Chinese - I Somatic -0.10  1.22 1.64 0.22 0.62
Canadian Chinese - I Psychological -0.34 116 2.00 -0.82 0.60
Canadian Chinese - E Somatic 0.00 084 -040 1.80 0.72
Canadian Chinese - E  Psychological -0.34  1.00 0.00 1.74 0.90
Australian Chinese -1~ Somatic 012 044 188 0.52 0.64
Australian Chinese -1 Psychological 0.16 098  2.00 -0.51 0.46
Australian Chinese - E  Somatic -0.04 040 0.10 0.94 0.74
Australian Chinese - E Psychological 0.00 084 0.00 1.54 0.84
American Japanese -1~ Somatic 0.54 094 044 0.62 -0.12
American Japanese - I Psychological 0.18 094 1.68 0.40 -0.04
American Japanese - E Somatic 038 086 1.16 -0.36 -0.36
American Japanese - E  Psychological 0.20 0.86 1.02 -0.16 -0.54
American Indian - I Somatic 0.46 126  0.80 -0.38 1.12
American Indian - T Psychological 0.44 1.20  0.78 -0.90 1.54
American Indian - E Somatic 0.46 1.16  -0.04 -0.94 0.96
American Indian - E Psychological 0.20 140 028 -0.16 1.04

Table 15: 2 A3°™(I(c)) — 2 4™ (Eng) and 2. AR (I(c)) —
2 ALY (Eng) for each experimental setting. Somatic in-
dicates 2. A3°™(I(c)) — 2.A°™(Eng) and Psychological
indicates 2 AYY (I(c)) — 2.A%Y (Eng). Experimental set-
tings demonstrating the increased cultural alignment are
highlighted in bold.

ENG-P), (Qwen, ENG-P), and (Qwen, LOC-P).

Out of 10 total experimental coditions for each
symptom (2 prompt types X 5 models), the num-
ber of aligned conditions ranges from three to nine,
with “Ideas of self-harm or suicide” showing the
highest number of alingnments. While cultural at-
tribution task demonstrates overall improved align-
ment compared to symptom selection task, this
improvement is likely attributable to the task de-
sign, which explicitly required LLMs to choose
between a Western or Eastern country. It may also
reflect consistent attribution biases, as discussed in
Sections B.3.1 and B.3.2.

B.3.4 Model Preferences for Eastern vs.
Western Cultural Groups

To further explore cultural attribution patterns in
LLMs, we analyze each model’s overall tendency
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to favor either Eastern or Western cultural groups
when assigning depression symptoms. We calcu-
c1,c2)

late the averaged P (Py
toms.

Table 18 shows that GPT, Qwen, and Gemma
predominantly assign symptoms to Western cul-
tural groups in 6 out of 8 country pairs, indicat-
ing a stronger association between depression and
Western identities. This may reflect the overrepre-
sentation of Western cultural perspectives in their
English-language training data. DeepSeek shows
a possible group-level cultural bias: it favors East-
ern groups for the Australian—Chinese and Cana-
dian—Chinese pairs, but favors Western groups
for the American—Japanese and American—Indian
pairs. In contrast, Llama consistently assigns symp-
toms to Eastern groups in 7 out of 8 country pairs,
suggesting a potential bias toward Eastern cultural
associations with depression. More refined meth-
ods may be needed to determine whether these
biases are due to training data distributions or other
model-internal factors.

, s) across the symp-

Prompt type also influences the direction of cul-
tural bias. Llama, GPT, and Qwen all exhibit an in-
creased Eastern preference under Pp. Qwen shows
the most dramatic change, particularly for the
Australian—Chinese and Canadian—Chinese pairs,
changing from strong Western to strong Eastern
preference. DeepSeek shows mixed results. It
starts favoring Western personas with Pg for the
Australian—Chinese and Canadian—Chinese pairs,
whereas it starts favoring Eastern personas for the
American—Japanese and American—Indian pairs, in-
dicating a culturally contingent response pattern.
These findings highlight that LLMs’ cultural at-



Somatic All Llama GPT Qwen Gemma DeepSeek Ca-Ch Au-Ch Am-Ja Am-In P Py

t-stat -5.34  -248 -7.60 -241 -0.99 -2.97 -2.80 -3.30 242 -2.10 -4.98 -2.79
p-value 0.00 0.04 0.00 0.05 0.36 0.02 0.02 0.01 0.04 0.07  0.00 0.01

Table 16: Paired t-test by models, cultural group pairs, and prompt types for somatic symptoms. Statistically
significant values (p < 0.05) are bolded.

Psychological All Llama GPT Qwen Gemma DeepSeek Ca-Ch Au-Ch Am-Ja Am-In P/ Pg

t-stat -4.69 -0.64 -1547 -3.24 -0.39 -2.61 -1.98 -2.61 -2.16 -2.42 -3.08 -3.59
p-value 0.00 0.54 0.00 0.01 0.71 0.03 0.09 0.03 0.06 0.04 0.01 0.00

Table 17: Paired t-test by models, cultural group pairs, and prompt types for psychological symptoms. Statistically
significant values (p < 0.05) are bolded.

tributions are not fixed but can be modulated by  bias PA(ngl’CQ), s) (see Table 20). Lower Gini
contextual cues embedded in prompts. values indicate a consistent level of preference for
Under the LOC-P condition, Llama and Gemma  one cultural group across symptoms, while higher
show results consistent with those observed un-  values reflect greater variation of preference level
der the ENG-P condition: Llama predominantly  in attribution across symptoms.
exhibits an Eastern persona bias, while Gemma Consistent with the determinism analysis in
demonstrates a Western persona bias (Table 19). In ~ symptom selection task, results from cultural at-
contrast, GPT and Qwen both shifted to an East-  tribution task show that Qwen and Gemma tend
ern persona bias under LOC-P. DeepSeek also re-  to exhibit the highest deterministic behaviors (4
versed its bias for the American-Indian pair, chang-  and 5 settings respectively). This indicates a persis-
ing from a Western to an Eastern persona bias. tent level of the attribution bias across symptoms,
regardless of symptom category. In contrast, the
model with the highest Gini coefficient varies de-

Llama GPT Qwen Gemma DeepSeek
Au-Chp;  021(0.21) -0.59(0.59) -0.97(0.10) -1.00(0.00) 0.34(0.34)

Au-Chpp  0.58(0.21) -0.35(0.72)  1.00(0.00) -1.00(0.00) 0.17(0.22) pending on the experimental setting. Under the
Ca-Chp; -0.06(0.15)  0.13(0.88) -0.96(0.15)  0.00(1.04)  0.48(0.35) _ . - . _ "

Ca-Chpp  0.11(0.17) 023(0.88) 0.96(0.14) -0.71(0.73) 0.08(0.31) LOC-P condition, unlike the ENG-P condition,
Am-Jap;  0.21(0.36) -0.43(0.73) -1.00(0.00) -1.00(0.00) -0.60(0.39) DeepSeek Consitently shows the lower Gini co-
Am-Japp  0.36(0.36) -0.36(0.78) -0.33(0.75) -0.71(0.73) -0.33(0.34) . . . ..
Am-Inp;  0.18(0.31) -0.89(0.40) -1.00(0.00) 0.08(1.00) -0.40(0.47) efficient values. The model with the hlghest Gini

Amlnpp 0580.17) -085043) -0.080.77) -0.29(0.99) -0.010.16) coefficient is not consistent across the experimental

settings (Table 21).

Table 18: Pa(PY°?). s) is averaged across the symp-
toms under the ENG-P condition. Values in parentheses
indicate standard deviations.

Llama GPT Qwen Gemma DeepSeek

Au-Ch Py 1.31  3.50 0.04 0.00 0.40
Au-Ch Py 0.86 2.00 0.04 0.34 2.18
Ca-Ch p; 0.51 047 0.03 0.00 0.54
Llama GPT Qwen Gemma  DeepSeek Ca-Ch pj; 0.17 1.10 0.00 0.00 0.65
Au-Chp; -0.14030) 092(0.13) 1.00(0.00) -0.81(0.20) 1.00(0.00) )
AuChpp 008029 091(021) 1.0000.00) 0.750.12) 0.88(0.19) Am-Ja Py 088 085 000 0.00 0.33
Ca-Chp; -0.050.28) 0.580.61) 0.90(0.26) -0.14(0.42) 1.00(0.00) Am-JaPp 057 1.09 116 0.34 0.54
Ca-Chpp  0.37(0.24) 0.59(0.65) 0.86(0.53) 0.62(0.19)  1.00(0.00) Am-In Py 095 0.11 0.00 6.93 0.59
AmJap;  0.51(030) 051(0.81) 0.23(0.80) -0.51(0.22) -0.67(0.21) Am-In Py 0.14 0.5  5.00 1.60 15.80
AmJapy  0.51(0.23) 0.49(0.86) 0.74(0.56) -0.95(0.03) -0.81(0.15) s
AmInp;  0.62(0.14) 0320.62) -021(0.97) -0.78(0.10) 0.99(0.01) Average 0.67 Ll6  0.78 LIS 2.63

Am-InPg  0.87(0.09) 0.45(0.47) 0.09(0.92) -0.73(0.16)  1.00(0.00)

Table 20: The Gini coefficient for each experimental
Table 19: PA(ngl’c2), s) is averaged across the symp-  setting under the ENG-P condition. The highest values
toms under the LOC-P condition. Values in parentheses  are highlighted in bold, while the lowest are underlined.
indicate standard deviations.

B.3.6 Sensitivity to Cultural Group Pairs
B.3.5 Determinism in Cultural Attribution Similar to symptom selection task, we assess each
Similar to symptom selection task, we compute = model’s sensitivity to different cultural group pairs
the Gini coefficient for each experimental setting  and prompts. Cultural group pair sensitivity mea-
under the ENG-P condition using the attribution  sures how well a model differentiates between cul-
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Llama GPT Qwen Gemma DeepSeek

Au-Ch Py 110 0.06  0.00 0.12 0.00
Au-ChPg 2.10 0.08 0.00 0.07 0.10
Ca-Ch py 2.78 0.48 0.10 1.51 0.00
Ca-ChPg 0.36  0.50 0.15 0.17 0.00
Am-Ja Py 031 0.70 1.80 0.23 0.18
Am-JaPp 025 0.78 0.29 0.02 0.10
Am-In Py 0.12  1.03 2.21 0.07 0.00
Am-In Pg 0.05 0.56 5.59 0.10 0.00

Table 21: The Gini coefficient for each experimental
setting under the LOC-P condition. The highest values
are highlighted in bold, while the lowest are underlined.

tural group pairs, calculated as the average cosine
similarity of attribution bias Pa (PS;CI’CQ), s) across
all group pairs within the same prompt type. Lower
cosine similarity values indicate higher sensitivity.

Under the ENG-P condition, Table 22 shows
that Qwen exhibits the highest cultural group pair
sensitivity with Pg (cosine similarity = 0.10) and
the extreme change between prompt type (0.99
— 0.10), suggesting explicit instructions signifi-
cantly enhance Qwen’s differentiation across group
pairs. In contrast, Llama, Gemma, and DeepSeek
show reduced sensitivity from P; to Pg, indicat-
ing less benefit from explicit prompting. Overall,
DeepSeek displays the strongest sensitivity to cul-
tural group pairs (0.01 with Py, 0.24 with Pg), sug-
gesting highly responsive to cultural cues provided
in the prompts.

Under the LOC-P condition, DeepSeek main-
tains relatively higher sensitivity for both P; and
Pp prompts, reinforcing its responsiveness to cul-
tural variation. Llama and Gemma show greater
sensitivity for Py and P prompts respectively.

B.3.7 The Overall Results

Figure 9 (under the ENG-P condition) and 10 (un-
der the LOC-P condition) display the proportions
of selected Eastern personas minus that of Western
personas (Pa (P2, s)) across all the Task2 ex-
perimental settings. The positive value indicates
that Eastern persona was more likely to be selected,

while negative value indicate the opposite.
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Llama GPT Qwen Gemma DeepSeek
ENG-P LOC-P ENG-P LOC-P ENG-P LOC-P ENG-P LOC-P ENG-P LOC-P

0.38/0.81 -0.02/0.65 0.49/0.43 0.54/0.60 0.99/0.10 0.23/0.52 0.23/0.50 0.61/-0.32 0.01/0.24 0.02/0.01

Table 22: Average cosine similarities across cultural group pairs under the ENG-P and LOC-P condition. Smaller
cosine similarity indicates more sensitivity. Two cosine similarity values in each prompt type correspond to the
consine values for Py and Pg.
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Figure 2: Selected symptom proportions P(s | PS) across models for six cultural personas under one choice
condition under the ENG-P condition.
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American Canadian Australian

Symptom (Index)
Symptom (Index)
Symptom (Index)

Model Model Model

Japanese Chinese Indian

= = =
[ [ [
he=] he] he]
£ S £
£ £ £
2 2 2
o o o
€ € £
> > >
9] " 9]
0.00 0.05 0.10 0.15 0.20 0.25 0.30
Symptom Score
Three choices - Pg (ENG-P)
American Canadian Australian
051000 o500
E 0.00 | 0.00 E 0.00 | 0.00 E
z 0.00 | 0.00 z 0.00 | 0.00 z
£ £ £
g 0.00 | 0.00 g 0.00 | 0.00 g
0.00 | 0.00 0.00 | 0.00
@ 0.02 | 0.00 @ 0.00 | 0.00 @
0.00 | 0.00 0.00 | 0.00
0.00 )
) 0.00
Model Model Model
Chinese
0.00___0.00 0.00
0.17
= = 0.00 | 0.00 | 0.00 = 0.00 | 0.00
K] K] 0.00 | 0.00 | 0.00 3 0.00 | 0.00
£ £ 0.00 | 0.00 | 0.00 < ] 0.00 | 0.00
z z 0.00 | 0.00 | 0.00 z 0.00 | 0.00 | 0.00
£ 5 0.00 § 0.00
I I 0.00 0.00 0.00 ‘s 0.00 0.00 0.00
3 3 0.03 | 0.00 | 0.0 3 0.00 | 0.00 | 0.00
@ @ 0.03 | 0.00 | 0.00 @ 0.01 | 0.00 | 0.00

0.00 0.00 0.00
0.00 0.00 0.00
0.13 0.00

0.00 0.00 0.00
0.00 0.00 0.00
0.00 0.00

Model

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Symptom Score

Figure 3: Selected symptom proportions P(s | PS) across models for six cultural personas under three choice
condition under the ENG-P condition.
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Figure 4: Selected symptom proportions P(s | PS) across models for six cultural personas under five choice
condition under the ENG-P condition.
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Figure 5: Selected symptom proportions P(s | PS) across models for Eastern cultural personas under one choice
condition under the LOC-P condition.
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Figure 6: Selected symptom proportions P(s | PS) across models for Eastern cultural personas under three choice
condition under the LOC-P condition.
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Figure 7: Selected symptom proportions P(s | PS) across models for Eastern cultural personas under five choice
condition under the LOC-P condition.
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respectively. The shaded quadrant represents culturally aligned attribution patterns to aid interpretation.
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