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Abstract

Large Language Models (LLMs) are increas-
ingly used to generate synthetic survey data,
yet it remains unclear whether they perform
equally well for social minorities and majori-
ties. Using a unique survey conducted in South
Korea in 2012 that administered identical ques-
tionnaires to adolescents from multicultural and
monocultural families, we examine group-level
differences in the accuracy of LLM-generated
synthetic data. We construct personas that
mirror individual-level demographic profiles
and prompt two LLMs, 1lama3:latest and
ChatGPT-4o, to answer 77 survey questions
across 11 question domains. We find LLMs’
limited performance differences between mi-
nority and majority groups. Instead, accuracy
varies by question domain and LLM. Across all
domains, synthetic data generally exhibit lower
variance than human responses. These findings
highlight both the potential and the limitations
of using LLMs to generate synthetic survey
data for studying social minorities.

1 Introduction

Because traditional survey methods require sub-
stantial time, energy, and money, scholars have
increasingly explored the use of Large Language
Models (LLMs) to generate survey responses (Bail,
2024; Grossmann et al., 2023; Dillion et al., 2023;
Veselovsky et al., 2023; Horton, 2023). As these
responses are produced through the synthesis of
patterns learned from existing text data, they are
commonly referred to as synthetic data. Even when
provided with only limited demographic informa-
tion such as age, gender, and place of residence,
synthetic data can relatively successfully approx-
imate the average opinions of the general public
(Bail, 2024; Grossmann et al., 2023; Argyle et al.,
2023; Bisbee et al., 2024; Sun et al., 2024; Ma et al.,
2025; Kim and Lee, 2023).

Little research has examined whether LLMs per-
form equally well in generating synthetic data for

social majorities and minorities. When data for a
particular group are sparse, algorithms tend to ex-
hibit lower accuracy and reliability for that group
(Shafayat et al., 2024; Buolamwini, 2017; Raji
et al., 2020; Hofmann et al., 2024). Moreover, al-
gorithms not only reflect real-world biases but may
also amplify them in stereotypical ways (Fazelpour
and Danks, 2021; Wang et al., 2024). In this con-
text, synthetic data generated by LLMs may show
lower predictive performance for minorities than
for those of majorities. Such unequal performance
may undermine the utility of synthetic data be-
cause social minorities are often harder to reach
due to their small numerical representation (Herz-
ing et al., 2019) and lower levels of social visi-
bility or participation (George et al., 2014; Song,
2020; Bernasconi, 2000). Yet, they are frequently
groups that require government support (Weiss,
1977; Herzing et al., 2019). Therefore, it is im-
portant to assess whether LLM performance in gen-
erating synthetic data is equitable for social majori-
ties and minorities, and whether such equity holds
across different domains of survey questionnaires.

Accordingly, we ask whether synthetic data can
predict the survey responses of social minorities
as reliably as those of social majorities. We use a
unique survey dataset collected in South Korea in
2012 that includes equal numbers of adolescents
from social minority groups, specifically individ-
uals from multicultural families who are first- or
second-generation immigrants, and, as a compari-
son group, adolescents from monocultural families
in which both parents are Korean. Treating this
dataset as ground truth, we generate synthetic data
by using the survey’s demographic information as
personas and evaluate performance by comparing
the means and variances of the synthetic responses
with those of the original survey. We find little over-
all difference in LLM performance between social
minorities and majorities; however, performance
varies by the type of questions asked.



2 Data and Methods
2.1 Data

Here, we define a social minority as adolescents in
multicultural families in South Korea(Republic of
Korea, 2020). While population size alone does not
define a minority, it is an important consideration in
our context because we examine a case in which mi-
norities generate less data needed for LLM training.
In 2015, individuals in multicultural families are ap-
proximately 1.53% of the total population(Korean
Statistical Information Service, 2015b,a). Multicul-
tural families have been subject to various forms
of discrimination, including sexual violence, so-
cial prejudice, and verbal abuse, in both personal
relationships and public services(Kim, 2015).

In our study, a key requirement for ground truth
data is to have the comparative survey results of
minorities and majorities. We therefore select a sur-
vey on delinquent behaviors administered to both
monocultural and multicultural adolescents(Jeon
et al., 2016). The survey includes questions on
sociodemographic characteristics such as family
background, and school and life satisfaction. Re-
spondents were adolescents aged 11 to 19 who
attended elementary, middle, and high schools in
South Korea, with each survey including responses
from 800 respondents.

2.2 Analytic Strategy

Following the previous approaches in creating syn-
thetic data(Argyle et al., 2023), we design hypothet-
ical personas with demographic information from
surveys and ask LLMs to answer survey question-
naires with the given personas. We use 11 sociode-
mographic variables (Table F.3 for the full list). We
create 1,600 personas, including 800 adolescents
from multicultural and 800 from monocultural fam-
ilies, by directly mapping each observation in the
ground truth data to a unique persona with identical
demographic attributes.

Then, using these personas, we ask an LLM
to answer 77 survey questions, which are cate-
gorized into eleven domains such as experienc-
ing domestic violence, child abuse or school vi-
olence (Table F.3 for the full list). We pose each
question for every persona, generating 246,400
responses in total (800 responses X 2 groups X
77 questions X 2 models). Answers to these ques-
tions are measured either on a continuous Likert
scale or as dummy variables. Details on question
measurement are provided in Table F.3. We test two

LLMs for comparison with the default parameter
settings. Specifically, we employ 11ama3:latest
and ChatGPT-4o.

2.3 Prompt Design and Preprocessing

The persona prompts are composed of the 11 so-
ciodemographic variables. The possible answer op-
tions in the question prompts are largely identical to
those used in the ground truth survey. All prompts
are provided in Korean, as the original surveys. We
also include the survey date at the beginning of
each prompt, corresponding to the date on which
the original survey was conducted.

Persona: It is now July 2812. You are 15 years old, female, born in China,
and have been living in Seoul, a capital city in the Republic of Korea for 8
years as a student in middle school 3rd grade from a multicultural family.
Your mother's nationality is China, and your father's nationality is South
Korea. Your parents are currently married, and you live with both parents.
Your family's income is middle class.

Question: Do you think you have no interest or enthusiasm in anything?

Options: (a) Not at all (b) Not really (c) Neither agree nor disagree (d)
Mostly agree (e) Strongly agree

Constraint: Answer using the provided options only. Respond in Korean only;
do not use English.

Command: Answer the question from the perspective of the respondent with the
specified persona characteristics.

Figure 1: Prompt Example (English Version)

Before proceeding, we first address missing val-
ues. The details of how we treat missing values are
in Appendix B.

2.4 Evaluation Metrics

The primary goal of our experiment is to evaluate
the performance of LLMs in generating synthetic
data relative to the ground truth. To achieve this
goal, we use Cohen’s d, which measures the practi-
cal significance of differences between two groups
(Cohen, 1960), in this case, the synthetic data and
the ground truth.

In addition, we compare the distributions of re-
sponses between the synthetic data and the ground
truth by examining their means and variances. Dif-
ferences in means between human responses and
synthetic data indicate how closely LLMs replicate
average human responses, whereas differences in
variances reflect how well LLMs capture the diver-
sity of human experiences and opinions.

3 Results

In Table 1, we compare Cohen’s d values be-
tween adolescents from multicultural and mono-
cultural families across 11 domains. We find no
clear systematic pattern in Cohen’s d between the



two groups. LLMs sometimes exhibit better per-
formance in predicting responses for adolescents
from multicultural families and, in other cases, for
those from monocultural families. For example,
this pattern is observed in the domains of family at-
mosphere and father intimacy for ChatGPT-4o, as
well as teacher support for 11ama3:latest. In con-
trast, in the domains of family atmosphere, father
intimacy, and mother intimacy for 11ama3:latest,
LLM-generated responses are more similar to those
of human respondents for adolescents from mono-
cultural families than for those from multicultural
families. At the same time, in many domains, there
are only small differences in LLM performance
between the two groups.

Table 1: Cohen’s D Results by Groups and Categories

ChatGPT Llama
Domain Group Cohen’s D Interpretation Cohen’s D Interpretation
. Monocultural 0.38 small 0.20 negligible
Family Atmosphere i cultural 002 negligible ~0.41  small
Father Intimac Monocultural 0.56 medium —0.55 medium
Y Multicultural 0.19  negligible ~1.03  large
. Monocultural 1.00 large —0.18 negligible
Mother Intimacy — \ppiculural .43 small 072 medium
Teacher Support Monocultural 111 large 0.65 medium
PP Multicultural 095  large 042 small
. Monocultural 114 large 018  negligible
Friend Support Multicultural 099  large 018 negligible
Domestic Violence  Monocultural 0.83  large ~0.66  medium
ste Vi Multicultural 1.00 large —0.51 medium
_ N Monocultural 0.65  medium 175 large
Child Abuse Multicultural 0.60 medium —1.85 large
. o Monocultural 049  small ~3.06 large
School Violence Multicultural ~ —0.15  negligible —3.08 large
. ltural 0.09 ligibl —1.56  large
Status D Y Multicultural 020  negligible 133 large
o - lural  —0.16 igi 273 large
Serious Delinquency -\ 1culqural 020  small 239 large
Deression Monoculural ~ —0.77  medium 231 large
pressio Multicultural ~ —0.86  large 228 large

It is also notable that the domains in which
LLMs fail to generate reliable responses vary by
model. For 11ama3:latest, the gaps between hu-
man responses and synthetic data are substantially
larger in socially stigmatized domains such as vio-
lence, delinquency, and depression. The left panel
of Figure 2 presents the three domains with the
smallest gaps and the three domains with the largest
gaps. Full results for all 11 domains are reported in
Appendix D. The figure shows that Llama tends to
overestimate the frequency of experiencing these
socially stigmatized behaviors. However, the per-
formance of 1lama3:latest does not differ by
multicultural or monocultural adolescents.

The results of ChatGPT-4o0 are different. While
ChatGPT-40 generally makes the better prediction
of the average response, the accuracy level of pre-
diction differs by question domains. ChatGPT-40
shows the better performance in predicting re-
sponses of socially stigmatized behaviors such

as status delinquency or serious delinquency, but
it generally underestimates teacher support or
friend support. Again, we find little evidence that
ChatGPT-40 performs better for social majorities.
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Figure 2: Gaps between the average of human re-
sponses and synthetic data. The gray lines indicate
the gaps of monocultural group and the green lines
indicate the gaps of multicultural adolescents. Left:
1lama3:latest; right: ChatGPT-4o.

Lastly, we compare the variances of the response
distributions. Figures 3 and 4 present example dis-
tributions of synthetic and ground truth data for
adolescents from multicultural and monocultural
families. Consistent with prior research (Bisbee
et al., 2024), the variance of the synthetic data dis-
tribution (yellow) is smaller than that of the original
data (blue). Regardless of the accuracy of average
predictions, the variance of synthetic data is consis-
tently narrower than that of the ground truth. We do
not find systematic patterns in how the magnitude
of this variance reduction varies across question
domains or LLMs.

Friend Support School Violence Depression
Monocultural Monocultural Monocultural
— Human Response (0.744, 0.206) — Human Response (0.125, 0.207) — Human Response (0.256, 0.171)
i UamaSynthetic 0715, 0.063) Uama:Synthetic (0686, 0.156) . UamaSynthetic (0548, 0.054)
> ] > > H
R £ &
@ . 7] R !
c H c c !
[ “h [ [N !
a 1 a a.
1 B
J i , A _
Standardized Score “Standardized Score Standardized Score’
Multicultural Multicultural Multicultural
= Human Response (0.698, 0.230) = Human Response (0.137, 0.232) " = Human Response (0.282, 0.171)
LamaSynthetic (0,726, 0.075) Uama:Syntheti (0.742, 0.153) . LamaSynthetic (0570, 0.050)
> i > i > |
£ - £ £ H
@ v @' @ !
4 L < < H
Q- ! @ @ !
a i a -}
1 |
J : L \; \\‘

Standardized Score Standardized Score Standardized Score

Figure 3: The distribution of scores generated by 11ama
in three exemplary domains: friend support, school vi-
olence, and depression. The yellow color shows the
results of synthetic data and the blue color shows those
of the ground truth data. The first row includes the re-
sults of monocultural adolescents and the second row

includes those of multicultural adolescents.
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Figure 4: The distribution of scores generated by
ChatGPT-4o0 in three exemplary domains: friend sup-
port, school violence, and serious delinquency. The yel-
low color shows the results of synthetic data and the
blue color shows those of the ground truth data. The
first row includes the results of monocultural adoles-
cents and the second row includes those of multicultural
adolescents.

4 Discussion and Conclusion

So far, we have examined how well synthetic data
reproduce human survey responses for minority
groups, specifically multicultural adolescents, com-
pared to majority groups, namely monocultural
adolescents, in the context of South Korean so-
ciety. Using a unique survey that was administered
equally to both groups, we generate synthetic data
with 11ama and ChatGPT-40 and compare the re-
sults with the ground truth data from the original
survey. Overall, we find limited differences in LLM
performance between social majorities and minori-
ties across question domains and models. Instead,
the accuracy of mean predictions varies primarily
by the type of questions asked. The variance of syn-
thetic data distributions generally remains smaller
than that of the ground truth data.

Our results highlight both the opportunities and
limitations of using synthetic data. Regarding op-
portunities, it is notable that LLMs do not produce
substantially less accurate predictions for social
minorities than for majorities. Given the lower rep-
resentation of minorities in digital data and their
smaller population size, this result is somewhat
unexpected. Another opportunity we identify is
the unexpected accuracy of LLMs in predicting
private and potentially socially stigmatized experi-
ences. For instance, ChatGPT-40 predicts the aver-
age level of school violence experienced by mul-
ticultural adolescents very closely to the ground
truth data.

Regarding limitations, we do not find systematic

patterns indicating when and where LLMs perform
well or poorly in generating synthetic data, which
complicates their application in practical settings.
While 11ama tends to overestimate the frequency
of socially stigmatized behaviors, ChatGPT-4o0 pro-
duces more reliable results in these domains.

Our findings contribute to future research on
synthetic data. Given the limited performance dif-
ferences between social majorities and minorities,
future work should focus on how synthetic data
performance varies across question domains, par-
ticularly with respect to question sensitivity. In do-
ing so, it is also important to recognize that ground
truth survey data may themselves be biased due
to social desirability concerns among respondents
(Bispo Janior, 2022; Latkin et al., 2017). To ad-
dress this limitation, future research may benefit
from incorporating in-depth interviews and qualita-
tive methods.

4.1 Limitations

Our results are limited in their ability to predict
synthetic data accuracy when relying solely on de-
mographic information to generate personas. Prior
studies of synthetic data in the social sciences often
incorporate political attitudes or ideological posi-
tions when modeling public opinion (Argyle et al.,
2023; Ma et al., 2025; Kim and Lee, 2023). This
suggests that when the prediction target of synthetic
data concerns personal experiences rather than po-
litical stances, the components used to construct
personas may need to differ. In addition, we rely
on a basic zero-shot prompting approach for model
comparison, and our findings should therefore be
interpreted with caution.

4.2 Ethical Considerations

While we conduct experiments using a comparative
survey dataset on delinquent behaviors responded
to by monocultural and multicultural adolescents
(Jeon et al., 2016), the data contain no personal
identifiers. We input survey questions in a man-
ner that closely mirrors the structure of the origi-
nal ground truth data, and we do not include any
personal opinions in the prompts. Although our
findings indicate that bias is more pronounced for
socially stigmatized issues than for minority group
status, we do not identify systematic mechanisms
within LL.Ms that explain this pattern. This bias
tendency appears to be specific to synthetic data
generation in our setting and should not be general-
ized to LLM systems as a whole.
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A Prompt Examples

A.1 English version

Persona: It is now July 2012. You are 15 years
old, female, born in China, and have been living
in Seoul, a capital city in the Republic of Korea
for 8 years as a adolescent in middle school 3rd
grade from a multicultural family. Your mother’s
nationality is China, and your father’s nationality
is South Korea. Your parents are currently mar-
ried, and you live with both parents. Your family’s
income is middle class.

Question: Do you think you have no interest or
enthusiasm in anything?

Options: (a) Not at all (b) Not really (c) Neither
agree nor disagree (d) Mostly agree (e) Strongly
agree

Constraint: Answer using the provided options
only. Respond in Korean only; do not use English.

Command: Answer the question from the perspec-
tive of the respondent with the specified persona
characteristics.

A.2 Korean version
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B Preprocessing

B.1 Missing Values

Missing values are rare in the sociodemographic
variables used to construct personas, accounting
for 0.001% of all responses. When missing values
occur, they are replaced based on the context of the
questions or left as non-responses. For example,
missing values for nationality-related variables are
replaced with “South Korea,” as respondents are
assumed to have lived in South Korea for a suffi-
ciently long period and to have been educated in
public schools. For question variables from which
we draw responses, there are 254 missing values,
corresponding to 0.002% of the total responses.
For these cases, we estimate missing values using
the K-nearest neighbors technique. We then aggre-
gate both human and synthetic responses into 11
domains and normalize each domain score using
dummy coding or reverse coding.

B.2 Scores Aggregation Methodology by
Categories

B.2.1 Questions about Relationships

To measure overall relationship quality, compos-
ite scores for interpersonal relationship categories
such as family atmosphere and friend support were
calculated by averaging response values across all
related items.

B.2.2 Questions about Stigmatic Experiences
For questions assessing whether respondents had
any related experiences, such as violence, abuse,
or delinquency, response scores were calculated



by summing the dummy-coded values across all
related questions. Original responses ranged from
"never experienced" (1) to "experienced seven or
more times" (5), which were then recorded into a
binary scale: "never experienced" (0) or "experi-
enced at least once" (1).

B.2.3

For the questions asking depression levels, they
were measured by questions about self-esteem and
negative thoughts based on responses to statements
like "I am as important as other people" and "I have
thoughts that I want to die" respectively. They were
measured with scale from not at all (1) to strongly
agree (5). Given that depression measurement fo-
cuses on symptom accumulation, depression scores
were then calculated by summing all related items
after parts of responses were reverse-coded so that
higher scores consistently indicated more severe
depressive symptoms.

Questions about Depression Levels

C Theoretical Range of Survey Variables
for Normalization

Table C.2: Theoretical Range of Survey Variables for
Normalization

Variable Minimum Maximum

Family Atmosphere
Father Intimacy
Mother Intimacy
Teacher Support
Friend Support
Domestic Violence
Child Abuse
School Violence
Status Delinquency
Serious Delinquency
Depression

NOOOOO— P = ——
—_ —
— 00 \O O W WL Li i i

—
~
(9}

Note: These values represent the theoretical minimum and
maximum scores possible in the survey instrument for each
variable, used for normalization purposes.

D Gaps between the Average of Human
Responses and Synthetic Data

D.1 Llama-Synthetic Data
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Figure D.5: Gaps between the average of human re-
sponses and Llama-synthetic data. The gray lines indi-
cate the gaps of monocultural group and the green lines
indicate the gaps of multicultural adolescents.

D.2 ChatGPT-Synthetic Data
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Figure D.6: Gaps between the average of human re-
sponses and ChatGPT-synthetic data. The gray lines
indicate the gaps of monocultural group and the green
lines indicate the gaps of multicultural adolescents.



E The Distribution Graphs of Scores Across the Domain Categories

E.1 Comparison of Human Responses and Llama-Synthetic Data

E.1.1 Non-Stigmatic Categories

Family Atmosphere

Father Intimacy
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Distribution of scores in socially non-stigmatic domains (Llama-synthetic data).

E.1.2 Stigmatic Categories
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Figure E.8: Distribution of scores in socially stigmatic domains (Llama-synthetic data).



E.2 Comparison of Human Responses and ChatGPT-Synthetic Data

E.2.1 Non-Stigmatic Categories
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Figure E.9: Distribution of scores in socially non-stigmatic domains (ChatGPT-synthetic data).
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Figure E.10: Distribution of scores in socially stigmatic domains (ChatGPT-synthetic data).



F Selected Variables for Prompts

Used Prompts  Variable Cate- Variables’ Remarks Examples
gory name
Gender SQl1
Age SQ2
School Grade SQ3
Birth Country F1_1
Persona Residenqe F1_1A
Length in Ko-
rea
Parents’ Marital ~ F5
Status
Parents’ Birth Bl1_1,
Country B1.2
Household F6
Members
Self-Perceived  F12
Household Eco-
nomic Status
Administrative ~ DQ2 dummy variables
District of
Residence
Family Atmo- B2_1~ Likert scale, cal- My family has conversation with each other a lot
sphere B2_9 culated as aver- (a) Not at all (b) Not really (c) Neither agree nor dis-
age agree (d) Mostly agree (e) Strongly agree
Intimacy with B2_10 Likert scale, cal- [ want to be someone like my mother
Questionnaires Parents ~ culated as aver- (a) Not at all (b) Not really (c) Neither agree nor dis-
B2_15 age agree (d) Mostly agree (e) Strongly agree
Teacher Sup- BI12_3, Likert scale, cal- Our teacher treat every adolescent equally.
port B12_4 culated as aver- (a) Not at all (b) Not really (c) Neither agree nor dis-
age agree (d) Mostly agree (e) Strongly agree
Friend Support  B15_1,  Likert scale, cal- When I asked for help, my friends help me.
B15_2, culated as aver- (a)Not at all (b) Not really (c) Neither agree nor dis-
B15_3 age agree (d) Mostly agree (e) Strongly agree
Domestic Vio- B8_1, dummy variables, Do your parents hit each other when they are arguing?
lence B8_2, calculated as sum  (a) Never experienced (b) Experienced at least once
B8_3
School Vio- DI1_1 dummy variables, How often have schoolmates spread bad rumors about
lence ~ calculated as sum  you in the past year?
D1_9 (a) Never experienced (b) Experienced at least once
Child Abuse BY9_1~ dummy variables, Have you listened swear words or harassment from
B9_10 calculated as sum  your family (parents, grand parents, relatives)?
(a) Never experienced (b) Experienced at least once
Status  Delin- El1_1 ~  dummy variables, Have you smoked in the past year?
quency E1_7, calculated as sum  (a) Never experienced (b) Experienced at least once
E1_9
Serious Delin- E1_8, dummy variables, Have you damaged school property in the past year?
quency E1_10 calculated as sum  (a) Never experienced (b) Experienced at least once
E1_19
Depression Al_l dummy variables, Sometimes, I feel that I am not a good person.
~ calculated as sum  (a) Not at all (b) Not really (c) Neither agree nor dis-
Al_15 agree (d) Mostly agree (e) Strongly agree
Table F.3: Selected Variables for Prompts and Question Examples
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G Descriptive Statistics of Human H Descriptive Statistics of Human
Responses and Llama-Synthetic Data Responses and Llama-Synthetic Data

(Normalized)
G.1 Monocultural Adolescents

H.1 Monocultural Adolescents

Table G.4: Descriptive Statistics of Human Responses

and Llama-Synthetic Data by Monocultural Adolescents ~ Table H.6: Descriptive Statistics of Human Responses

(n=800, m=800) and Llama-Synthetic Data by Monocultural Adolescents
(Normalized) (n=800, m=800)

Variable Data Type Mean  Standard Deviation SE
Family At h Human 3.88 0.77 0.03 Variable Data Type Mean  Standard Deviation SE
amily Atmosphere § .
Llama-Synthetic 3.77 0.21 0.01 Family Atmosohere Human 0.72 0.19 0.01
Father Intimacy Human 3.56 1.09 0.04 1y AMOSp Llama-Synthetic ~ 0.69 0.05 0.00
Llama-Synthetic 4.01 0.38 0.01 Father Infimac Human 0.64 0.27 0.01
Mother Ini Human 4.07 0.89 0.03 ¥ Llama-Synthetic 0.75 0.10 0.00
other Intimacy .
Llama-Synthetic 4.19 0.30 0.01 Mother Intimac Human 0.77 0.22 0.01
Teacher S it Human 3.83 0.96 0.03 Y Llama-Synthetic 0.80 0.07 0.00
eacher Suppor — . :
Llama-Synthetic 3.52 0.54 0.02 Teacher Subort Human 0.71 0.24 0.01
Friend Support Human 3.98 0.83 0.03 PP Llama-Synthetic ~ 0.58 0.14 0.00
1 U] . b 3 99
Llama-Synthetic 3.86 0.33 0.01 Friend Sunoort Human 0.74 0.21 0.01
Domestic Viol Human 0.92 1.15 0.04 PP Llama-Synthetic ~ 0.72 0.08 0.00
omestic violence .
Llama-Synthetic 1.60 0.91 0.03 Domestic Violence Human 0.31 0.38 0.01
Child Abuse Human 1.21 2.16 0.08 . Llama-Synthetic ~ 0.53 0.30 0.01
Llama-Synthetic 4.66 1.77 0.06 Child Abuse Human 0.12 0.22 0.01
School Viol Human 1.13 1.86 0.07 Llama-Synthetic 0.47 0.18 0.01
CNOO! 1olence . =
Llama-Synthetic 6.18 1.40 0.05 Sehool Violence Human 0.13 0.21 0.01
S Deli Human 0.22 0.64 0.02 Llama-Synthetic 0.69 0.16 0.01
tatus Delinquency g Synthetic  1.85 1.33 0.05 _ Homan 0.03 0.08 0.00
Serious Delinquency  HUman 0.24 0.70 0.02 Status Delinquency . 0. Synthetic  0.23 0.17 0.01
u. uency . o \ N
Llama-Synthetic 3.61 1.60 0.06 Serious Delinquenc Human 0.02 0.06 0.00
b ) Human 30.35 10.24 0.36 S QUENY | Jama-Synthetic  0.33 0.15 0.01
epression . . P
Llama-Synthetic ~ 47.88 3.26 0.12 Denression Human 0.26 0.17 0.01
presst Llama-Synthetic ~ 0.55 0.05 0.00

G-2 Multicultural Adolescents H.2 Multicultural Adolescents

Table G.5: Descriptive Statistics of Human Responses
and Llama-Synthetic Data by Multicultural Adolescents
(n=800, m=800)

Table H.7: Descriptive Statistics of Human Responses
and Llama-Synthetic Data by Multicultural Adolescents
(Normalized) (n=800, m=800)

Variable Data Type Mean  Standard Deviation SE Variable Data Type Mean _ Standard Deviation SE
Family Atmosphere Human 3.53 0.78 0.03 Human 0.63 0.20 0.01
Llama-Synthetic 3.76 0.20 0.01 Family Atmosphere Llamf;-Synthetic 0A69 0'05 0‘00
. Human 3.24 1.08 0.04
Father Intimacy Llama-Synthetic 4.06 0.32 0.01 Father Intimacy I]:Il":lalrnnazll‘-lSymhe[ic 8?(73 83; 38(1)
L Human 3.71 0.96 0.03
Mother Intimacy Llama-Synthetic ~ 4.22 0.29 0.01 Mother Intimacy ilﬁlr;znfsymheﬁc ggf}; 8'31; 8‘8 é
Human 3.69 0.94 0.03
Teacher Support Llama-Synthetic  3.37 0.54 0.02 Teacher Support {'l‘:l‘:l‘]i“ Synthetic 8-% 8?;‘ g.g(l)
. Human 3.79 0.92 0.03
Friend Support Llama-Synthetic .91 0.30 0.01 Friend Support iIIL::-;nSymhelic o7 023 oo
Domestic Violence Human ] 1.23 1.26 0.04 Human 041 0.42 0.01
Llama-Synthetic 1.78 0.89 0.03 Domestic Violence Llama-Synthetic 0‘59 0'30 0‘01
. Human 1.65 2.77 0.10
Child Abuse Llama-Synthetic 5.92 1.72 0.06 Child Abuse II:IlL:laIrnni‘-lSymhe[ic gé; 8?? 881
. . § Human 1.23 2.09 0.07 .
School Violence Llama-Synthetic  6.67 1.37 0.05 School Violence i‘l“a';z'}symheﬁc g‘;j g?g 8‘8{
. Human 0.38 1.01 0.04
Status Delinquency Llama-Synthetic 1.93 1.30 0.05 Status Delinquency E;:]T_‘Symheﬁc ggi 812 gg?
. . Human 0.40 1.13 0.04
Serious Delinquency Llama-Synthetic ~ 3.62 1.53 0.05 Serious Delinquency {IIL::‘:{ISymhetic ggg 8%2 888
Depression Human 31.93 10.27 0.36 H 0.28 017 0.01
P Llama-Synthetic ~ 49.21 3.00 0.11 Depression Ll:).nx:ngymhe[ic 0A57 0,05 OAOO
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I Descriptive Statistics of Human
Responses and ChatGPT-Synthetic Data

J Descriptive Statistics of Human
Responses and ChatGPT-Synthetic
Data (Normalized)

I.1 Monocultural Adolescents

J.1 Monocultural Adolescents

Table 1.8: Descriptive Statistics of Human Responses
and ChatGPT-Synthetic Data by Monocultural Adoles-
cents (n=800, m=800)

Table J.10: Descriptive Statistics of Human Responses
and ChatGPT-Synthetic Data by Monocultural Adoles-

cents (Normalized) (n=800, m=800)

Variable Data Type Mean  Standard Deviation SE

Family AL N Human 3.88 0.77 0.03 Variable Data Type Mean  Standard Deviation SE
amily AUMOSPREr®  cpiGPT-Synthetic  3.63 0.49 0.02 Farmily Atmosoh Human 0.72 0.19 0.01
- Human 356 109 004 amily Atmosphere .« GPT-Synthetic ~ 0.66 0.12 0.00
ather Intimacy ChatGPT-Synthetic ~ 3.08 0.51 0.02 Father Intimac Human 0.64 0.27 0.01
N Human 107 0.89 0.03 ather Intimacy ChatGPT-Synthetic ~ 0.52 0.13 0.00
other Intimacy ChatGPT-Synthetic ~ 3.37 0.43 0.02 Mother Int Human 0.77 0.22 0.01

other Intimacy .
Teacher Support Human 3.83 0.96 0.03 ChatGPT-Synthetic 0.59 0.11 0.00
PP ChatGPT-Synthetic ~ 3.05 0.24 0.01 Teacher § Human 0.71 0.24 0.01
I Human 3.8 0.83 0.03 eacher Support ChatGPT-Synthetic ~ 0.51 0.06 0.00
riend Suppc ChatGPT-Synthetic ~ 3.27 0.30 0.01 Friend S Human 0.74 0.21 0.01
bomestic Vielnge | Human 0.92 15 0.04 riend Support ChatGPT-Synthetic ~ 0.57 0.07 0.00
Omestic VIOIEnCe - ChatGPT-Synthetic ~ 0.19 0.43 0.02 Domestic Viol Human 0.31 0.38 0.01
Child Abus Human 121 216 0.08 omestic Violence . GPT.Synthetic  0.06 0.14 0.00
1id Abuse ChatGPT-Synthetic ~ 0.18 0.64 0.02 Child Abus Human 0.12 0.22 0.01
Sehoot Vielen Human 113 1.86 0.07 1id Abuse ChatGPT-Synthetic ~ 0.02 0.06 0.00
chool Violence ChatGPT-Synthetic ~ 0.41 0.85 0.03 Sehool Vial Human 0.13 0.21 0.01
- Human 0.22 0.64 0.02 chool Violence ChatGPT-Synthetic ~ 0.05 0.09 0.00
atus DElqUency  chatGPT-Synthetic ~ 0.17 0.40 0.01 Status Deli Human 0.03 0.08 0.00

tus .
Serions bl  Human 0.2 0.70 0.02 atus DEnquency - chatGPT-Synthetic  0.02 0.05 0.00
erious DEINQUENCY  chatGPT-Synthetic ~ 0.34 0.49 0.02 Serious Deli Human 0.02 0.06 0.00

erious Delinquency .
b . Human 30.35 10.24 0.36 ChatGPT-Synthetic 0.03 0.04 0.00
epression ChatGPT-Synthetic ~ 36.35 4.27 0.15 i Human 0.26 0.17 0.01
Depression ChatGPT-Synthetic ~ 0.36 0.07 0.00

1.2 Multicultural Adolescents

Table 1.9: Descriptive Statistics of Human Responses
and ChatGPT-Synthetic Data by Multicultural Adoles-

cents (n=800, m=800)

J.2 Multicultural Adolescents

Table J.11: Descriptive Statistics of Human Responses
and ChatGPT-Synthetic Data by Multicultural Adoles-
cents (Normalized) (n=800, m=800)

Variable Data Type Mean  Standard Deviation SE Variable Data Type Mean  Standard Deviation SE

Family Atmosphere gﬁ::ér]"T-Symhetic ;;g 81712 883 Family Atmosphere gl::tlé]:’TfSynlhetic 822 8%(1] 88(1)
Father Tntimacy Iéluu[:;él}rl"T-Synthetic §(2)§ ég? 88111 Father Intimacy gszéI:’TfSynlhetic 8?3 8%; 88(1)
Mother Intimacy Iélulz[::é‘;)T-Synthctic igé 822 88? Mother Intimacy gszél;’TfSynlhetic 823 8?11 88(1)
Teacher Support gluu‘:é‘;)T-Synthclic ggg 832 ggiJ Teacher Support gﬁz:l:(ail:JT-Synthetic 82¥ ggg 88(1)
Friend Support gluu‘:é‘;’T-Symhetic 313 83§ 88? Friend Support gﬁz:(a;;’T-Symhetic 8;2 832 88(1)
Domestic Violence glulzl?g;’T-Symhetic (1)3? (lJig 883 Domestic Violence gllil::(a;;’T-Symhctic 83; 8?2 88}
Child Abuse glL:z:g;’T-Symhetic (l)gg ?SS 8(1)2 Child Abuse gﬁ;éI;T-Synthctic 8(1)471 8?3 88(1)
School Violence gﬁ;?g;’T-Symhelic igf ?23 882 School Violence Ell:a:?éILT—Synthetic 8%471 8?3 881
Status Delinquency glLll:tlg;’T-Synthelic 8;2 (1Jg/11 88:21 Status Delinquency IglLil::(a}rl"l"—Symhetic 883 852 888
Serous Delngueney  CuuCprsymheic 022 042 opi  SeowDelimeny GG 00 ood 000
Depression ChiGPTSymhetic 3862 a7 oag  Depesson ChaGPTsynheic 03 006 000




K Data and Implementation Details

K.1 Data Licensing and Access

The original dataset (Jeon et al., 2016) is available
through KOSSDA (https://kossda.snu.ac.kr/
handle/20.500.12236/15861) under their insti-
tutional data use agreement. The data was collected
with informed consent from participants and ap-
proved by the Korean Institute of Criminology’s
ethics review board. KOSSDA'’s terms require: (1)
proper citation using the provided DOI, (2) use
restricted to academic research purposes, (3) pro-
hibition of re-identification attempts, and (4) no
redistribution to third parties without authorization.

The original dataset was pre-anonymized by
the data provider prior to public release. All per-
sonally identifiable information, including names,
addresses, and school identifiers, were removed
during the original data collection process. Both
the original study and our use of this archival
data for synthetic data generation share a common
non-commercial academic research purpose. Our
use complies with KOSSDA’s data use agreement,
which permits re-use of archival data for scholarly
research activities.

The synthetic data generated in this study was
created using only demographic categories (age,
gender, family type) and response patterns from
the original survey. The resulting synthetic dataset
contains no personal information that could be used
to identify specific individuals. This synthetic data
is intended solely for academic research purposes,
specifically for evaluating the capability and limi-
tations of large language models in generating sur-
vey data that preserves statistical properties of real-
world distributions.

K.2 LLM API Specifications

We used 1lama3:latest (Meta AI) and
Chatgpt-40 (Open AI) for all synthetic data
generation. The model was accessed via Ollama
and OpenAI with default parameters. All other
generation parameters (top_p, top_k, max_tokens,
etc.) used the default Ollama and OpenAl settings.
Total API calls: approximately 132,200 (800
samples per group x 2 groups X 77 questions) for
each model. The generation was conducted on a
local server with GPU acceleration.

K.3 Software and Package Versions

All data processing and statistical analyses were
conducted using Python 3.13.2 with the following
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packages:
* pandas (v2.2.3)
* numpy (v2.2.4)
* pyreadstat (v1.2.8)
e scikit-learn (v1.6.1)
* scipy (v1.15.2)
* matplotlib (v3.10.1) and seaborn (v0.13.2)
e ollama (v0.5.1)
* openai (v1.87.0)
e transformers (v4.54.1)
* tqdm (v4.67.1)

K.4 Use of AI Assistants

During the preparation of this work, the authors
used the following tools: Claude Sonnet 4.5 (ac-
cessed through the Claude and Perplexity websites)
and DeepL (an Al translator) to improve the cod-
ing and refine the writing (e.g., grammar checking).
The authors reviewed and edited all Al-generated
content and take full responsibility for the accu-
racy and integrity of the published work. Al tools
were not used for data analysis, interpretation, or
research conclusions.


https://kossda.snu.ac.kr/handle/20.500.12236/15861
https://kossda.snu.ac.kr/handle/20.500.12236/15861
https://kossda.snu.ac.kr/handle/20.500.12236/15861
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