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Abstract

Large language models (LLMs) are increas-
ingly used to simulate public opinion, yet their
validity in sensitive policy domains remains un-
derexplored. We evaluate whether LLMs can
reproduce attitudes toward suicide prevention
policies using 32 questions drawn from seven
nationally representative U.S. surveys (2023-
2025). We systematically vary demographic
conditioning (race/ethnicity, gender, age, ed-
ucation, income, party), prompt framing (di-
rect elicitation, respondent embodiment, spe-
cialist embodiment), and model architecture
(GPT-5 Nano, DeepSeek V3.2, Meta Llama
3.1 8B, Mistral Small 24B). Across 811,560
prompts, the mean absolute error—the average
gap between predicted and human response
distributions—is 23 percentage points. We
also find that LLM responses to demographic-
conditioned prompts diverge substantially from
prompts without demographic information. In
short, what distribution LLMs draw on when
generating responses to sensitive polling ques-
tions remains unclear. Model choice matters
more than framing for accuracy, whereas re-
fusal behavior varies sharply across models and
prompt designs. Our findings highlight the lim-
itations of LLMs for social simulation in the
context of sensitive topics.

1 Introduction

Suicide is one of the leading causes of death in
the US, with 1 death every 11 minutes based on
2023 data (Centers for Disease Control and Pre-
vention, 2025). Suicide is a multifactorial issue
with risk and preventative factors at several lev-
els, from social drivers (e.g., economic policies,
discrimination) to community (e.g., exposure to
violence, access to mental healthcare) and individ-
uals (e.g., mental health issues). Preventing suicide
thus requires a package of interventions, which
would be enacted by policymakers in part based on
perceived support from constituents (Purtle et al.,

2025). While constituents may agree that suicide
is preventable and a public emergency, opinions
can diverge widely on which actions should be
taken (Munsch et al., 2020). Understanding pub-
lic attitudes toward suicide prevention policies is
thus essential to assess the political feasibility of
interventions. However, measuring these attitudes
is methodologically challenging because many of
the most consequential policy levers (e.g., firearm
regulation, public financing of healthcare) are po-
litically and morally charged. Survey research
on sensitive topics (Dixon et al., 2020; Stone and
McGinty, 2018) shows that respondents may strate-
gically edit answers, refuse items, or give mode-
dependent responses to avoid embarrassment or
perceived repercussions, which can bias estimates
of policy support. There is also evidence that opin-
ions on suicide-relevant policies can systematically
vary by socio-demographic groups: women sup-
port safe storage laws more than men (Crifasi et al.,
2021), higher education is associated with more
support for government spending on mental health-
care (Barry and McGinty, 2014), and racial minori-
ties have a higher support for school mental health
programs (Hemauer and Warner, 2025). Such pat-
terns echo broader survey research demonstrating
that social desirability and reporting tendencies dif-
fer by group characteristics, reinforcing the need
to analyze attitudes within key demographic strata.

Recent advances in large language models
(LLMs) have opened a new methodological pos-
sibility: using these models to simulate survey re-
spondents and other social-scientific agents (Hor-
ton et al., 2023). Because LLMs are trained on a
vast corpus of digital text and media, they embed
a great deal of knowledge about how people from
different backgrounds discuss sensitive topics, in-
cluding suicide prevention. A growing body of lit-
erature has explored whether LLMs can reproduce
aggregate patterns of public opinion on political,
social, and health-related issues (see, e.g., Argyle
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et al., 2023; Lee et al., 2024; Jiang et al., 2025). If
LLMs can generate responses that approximate real
survey distributions, particularly when conditioned
on demographic attitudes, they could serve as a
complementary tool to study attitudes that shape
the political feasibility of suicide prevention poli-
cies across socio-demographic groups. The ability
to repeatedly run virtual surveys at low or no cost
via LLMs also enables us to explore nuanced pol-
icy parameters: for instance, there are gradients of
support rather than binary positions when it comes
to firearm regulation (Anestis et al., 2025), and the
fact that many are unwilling to pay higher taxes
is more nuanced when we consider budget trade-
offs (Johnson et al., 2021). As a result, LLMs could
help to systematically assess tolerance thresholds.

However, these benefits can only be unlocked
if LLMs can faithfully simulate public opinions
on a topic as sensitive as suicide. Prior work on
LLM opinion simulation has focused on attitudes
to political domains where information is relatively
well-represented in the underlying training data. In
particular, Chi and Lei (2026) developed a frame-
work that uses LLMs to augment surveys on sui-
cide, producing a mental-health screening score
shaped by representational risk (who the LLM re-
spondents are) and response risk (what they say).
However, there is a paucity of studies that exam-
ine policy attitude distributions through LLMs for
suicide prevention. This is a challenging task for
LLMs, as the real-world difficulty of eliciting at-
titudes about suicide prevention is compounded
by technical challenges: guardrails are often trig-
gered on topics related to self-harm (Gandee et al.,
2024) and the framing of the prompt (e.g., ‘you
are an individual from a socio-demographic group’
vs. ‘you study individuals’) can substantially alter
the distribution and accuracy of its outputs. Socio-
demographic persona assignment can also induce
explicit abstentions and implicit reasoning errors
in LLM outputs (Gupta et al., 2024). To the best
of our knowledge, how well LLMs can simulate
attitudes to suicide prevention policies has not been
systematically examined.

Our main contribution is to provide the first
systematic study on how well LLMs can simu-
late attitudes to suicide prevention policies. To
achieve this goal, we evaluate LLM-simulated sur-
vey responses against ground-truth data from seven
surveys of public attitudes toward suicide preven-
tion. We systematically vary three dimensions:
(1) the demographic profile assigned to the sim-

ulated respondent or the simulated expert on public
opinion, including race/ethnicity, gender, age, ed-
ucation, income, and political party identification;
(2) the prompting framing used to elicit responses,
through direct elicitation, expert embodiment, or
respondent personas; and (3) the LLM architecture,
considering four choices (GPT-5 nano, DeepSeek-
V3.2, Qwen3-32B, Meta Llama 3.1 8B Instruct).
This design supports three research questions:

RQ1 How accurately do LLMs reproduce the aver-
age and range of attitudes on suicide preven-
tion across demographic groups?

RQ2 How do prompt framing (direct elicitation,
expert embodiment, respondent embodiment)
and model type affect the fidelity of LLM-
simulated suicide attitude responses?

RQ3 Does the rate of LLM response refusals de-
pend on prompt framing or model type?

The remainder of this paper is structured as fol-
lows. As our paper is at the confluence of survey-
ing suicide prevention policies and simulations via
LLMs, Section 2 grounds our approach in both
strands of literature. Then, Section 3 details our
methods from data collection and prompt genera-
tion to the analysis with respect to each RQ. Our
results are presented in Section 4 and contextual-
ized along with limitations in Section 5.

2 Related Work

2.1 Suicide Prevention: Policies and Opinions

Using the National Survey on Drug Use and Health,
recent analyses point to an increase of 21.7% in sui-
cidal ideation from 2015 to 2019, with a significant
increase of 44.6% among young adults (Samples
et al., 2025). When considering the high cost of
lost life years together with reduced quality of life
and medical care costs, the annual economic cost of
suicides in the US averages $484 billion (Peterson
et al., 2024). There is thus a pressing public need
to prevent suicide across all stages, starting with
reducing suicidal ideation (e.g., by creating pro-
tective environments), avoiding suicide attempts
(e.g., through gatekeepers training and access to
mental healthcare), and preventing access to highly
lethal means (e.g., locked firearms, blister pack-
ages). Significant efforts have thus been devoted
to proposing packages of interventions, such as
the framework from the Centers for Disease Con-
trol and Prevention (2022) articulated around seven
high-level strategies (e.g., promoting health con-
nections in schools and communities). However,
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enacting these changes requires political action,
which may depend on constituents’ willingness to
support certain items (Purtle et al., 2025). While
91% of U.S. adults believe suicide is preventable,
support varies when considering how to prevent
suicide. For instance, creating protective environ-
ments includes reducing access to lethal means,
and particularly firearms (a highly lethal method),
but individuals may object to such an intervention
(particularly in firearm-owning households) by con-
sidering that another lethal method would be used
anyway (Barber and Miller, 2014; Conner et al.,
2022). A tension also exists when considering how
to improve access to care or how to identify peo-
ple at risk: the associated proposals (e.g., Medical
expansion, funding the 988 Suicide and Crisis Life-
line, school-based services) imply either higher
public spending or reallocated budgets. Individuals
may support treatment but not higher taxes, or con-
sider that it should be handled privately rather than
by the government, or view other crises as more
pressing (Munsch et al., 2020; Shields et al., 2025).

Understanding these tensions requires consider-
ation of how public opinion polls are constructed
and how those choices shape the broader narrative
surrounding suicide-prevention strategies. Three
aspects are particularly important: sampling de-
cides whose opinions are recorded, scope dictates
how general or policy-specific a survey’s focus
will be, and framing can influence how the pub-
lic responds to a question or interprets the results.
Broad national surveys, such as the AFSP Mental
Health and Suicide Prevention Poll and Duke Press’
988 Awareness Survey, assess general attitudes to-
ward mental health and crisis services among the
broader American public. More targeted surveys
like YouGov Gun Ownership Survey and Science
Direct’s Help-Seeking Preferences Survey focus
on specific subgroups and behavioral contexts to
capture attitudes to firearm access and preferred
sources of support.

2.2 Simulating Public Opinions via Large
Language Models

There is extensive literature on simulating public
opinions using LLMs, an approach often referred
to as “silicon sampling” (Argyle et al., 2023). Sil-
icon sampling involves creating prompts that in-
clude background information about a simulated
respondent and a survey question. Given that LLMs
are trained on vast amounts of digital media and
data, they embed extensive knowledge of how peo-

ple from different backgrounds discuss and be-
lieve about various topics. Argyle et al. (2023)
argued that this information is fine-grained and
demographically correlated, meaning appropriate
prompting with specific demographic information
can elicit and emulate response distributions from
diverse human subgroups.

Researchers have used this approach across
many areas, particularly in politics (Argyle et al.,
2023; Simmons and Hare, 2023; Jiang et al., 2025).
These studies generally find that LLM-generated
responses align closely with human judgments and
survey data. However, Zhong et al. (2025b) note
that responses depend on the model used and the
phrasing of the prompt. In addition, Liu et al.
(2024) show that persona-steered generations can
default to demographic stereotypes for multifaceted
or incongruous personas. Such studies motivate us
to consider several LLMs and prompt framings.

Researchers also noted significant limitations of
silicon sampling. Bisbee et al. (2024) found that
while GPT-generated average scores closely cor-
responded to those from the American National
Election Survey, GPT outputs are less varied than
human responses. Variance compression was also
noted by Tjuatja et al. (2024), who found that
LLMs tend to homogenize responses. Qu and
Wang (2024) and Santurkar et al. (2023) showed
that LLMs tend to better reflect the viewpoints of
educated, affluent, English-speaking, Western pop-
ulations while underrepresenting others.

Despite this growing body of work, no study has
systematically examined how well LLMs can sim-
ulate attitudes toward suicide prevention policies.
The closely related work by Chi and Lei (2026)
developed Compassionate AI Survey Augmenta-
tion (CASA), a framework that uses LLMs to aug-
ment surveys on attitudes toward suicide. CASA
reduced the emotional burden of answering sensi-
tive questions but also introduced risks of demo-
graphic misrepresentation and response bias. This
related work does not systematically investigate
how LLM-generated responses to questions about
suicide prevention policies vary by demographic
framing, prompt design, or model choice.

3 Methodology

Our process has three main steps (Figure 1): we
collect questions across surveys and align the socio-
demographic profiles of respondents (Section 3.1),
then we generate prompts so that diverse LLMs
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choose an answer to survey items based on differ-
ent socio-demographic profiles and phrasing of the
tasks (Section 3.2), and finally we extract and ana-
lyze the LLMs’ answers with respect to our three
research questions (Section 3.3).

Figure 1: Overview of our methods, emphasizing the
structure of our data and the design of our prompts.

3.1 Data Collection and Pre-Processing

We selected surveys from January 20231 to Septem-
ber 2025 using three inclusion criteria: (1) nation-
ally representative sample of US adults 18 years
or older (e.g., surveys with location-based answers
were not included); (2) includes questions on sui-
cide prevention policies, either at the individual
level (e.g school mental health screening) or at the
societal level (e.g affordable housing to combat
suicide); and (3) answers are in binary or scale re-
sponse options (e.g., no free text response). We
used multiple search databases, including Google
Scholar and the Roper Center for Public Opinion,
as well as snowball sampling from reports from
nonprofit organizations and public policy research

1The beginning of the data collection was selected to pro-
vide sufficient time for respondents to become aware of the
three-digit suicide and crisis hotline, which launched nation-
wide in the US on July 16, 2022.

centers. The search terms were “(suicide preven-
tion policy) OR (mental health polls) OR (suicide
prevention AND public opinion polls)”.

Our process yielded seven public opinion sur-
veys. We only included questions about suicide
prevention policy, so other items, such as the moral-
ity of suicide, were excluded. This filtering was
done manually across two annotators. When identi-
cal questions appeared in multiple surveys, we kept
the most recent version to reflect the latest opinions.
As a result, we had 32 survey questions (Table 1),
answered by approximately 1,000 to 5,000 respon-
dents with all margins of error below five percent.

The categories of survey respondents were based
on demographic categories and party affiliation (Ta-
ble 2), thus forming the groups on which the LLM
prompts are created in the next section. We con-
sidered race/ethnicity2, gender, age, education, in-
come, and political party. These sociodemographic
categories and party affiliation have been found
in previous studies to be associated with opinions
on suicide prevention (Hemauer and Warner, 2025)
and with the use of prevention services (Purtle et al.,
2024). Note that three surveys did not use some of
these categories; thus we use three fewer categories
for the Duke University Press survey (age, income,
and party), and one fewer category for both the
Harris Poll and Data for Progress surveys (party
and income, respectively). While some surveys in-
cluded more demographic categories (e.g., AFSP’s
inclusion of an employment status variable), they
were not retained as we maximized shared cate-
gories across surveys.

The values for each category were transformed
as follows. We removed values that were insuffi-
ciently used across surveys to yield robust estimates
for suicide prevention, resulting in the exclusion of
respondents who self-identified as Asian, Pacific
Islander/Hawaiian Native, or Native American3.
The chosen standardized age groups, 18-29, 30-
44, 45-59, and 60+, fit most of the surveys and
aligned with the bin groupings used by the Current
Population Survey (CPS). The Harris Poll survey,
which sampled adults 18 and older and applied age

2Although race and ethnicity are orthogonal categories,
they are combined to emulate the original survey structure.

3Processing these different racial groups under the same
category is problematic as they face vastly different challenges
with respect to suicide: Non-Hispanic Asians have the lowest
rate of suicide fatality (6.5 per 100,000) while Non-Hispanic
American Indian/Alaska Native have the highest rate (23.8 per
100,000) (Centers for Disease Control and Prevention, 2025).
Removing this heterogeneous category affected at most 13%
of survey respondents and at minimum 0%.
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Survey Name Survey Conductor Date Respondents Total Ques-
tions

Questions
Used

AFSP Mental Health Survey American Foundation
for Suicide Prevention

July 2024 4,394 350; question
pool

4

Voters Show Wide, Bipartisan Support
for Policies to Improve Student Mental
Health

Data for Progress (DfP) Oct 2024 1,223 15 6

Public Attitudes, Inequities, and Polar-
ization in the Launch of 988 Suicide and
Crisis Lifeline

Duke University Press,
Journal of Health Poli-
tics, Policy and Law

Jun 2024 5,482 3 1

988 Suicide & Crisis Lifeline Awareness Ipsos KnowledgePanel Jun 2025 2,049 17; multipart 10
Demographic Variation in Preferred
Sources for Suicide Help-Seeking

ScienceDirect Oct 2024 5,058 5 5

Suicide Prevention YouGov Jun 2023 1,000 12; multipart 3
Biden and Trump Handling of Problems Jun 2024 1,110 5; multipart 3

Table 1: Our study identified seven surveys as ground truth and used 32 unique questions. The detailed list of survey
questions and respondent characteristics is provided in our online repository as S1 Survey Data.

weighting, reported more granular age data; these
categories were condensed and approximated us-
ing CPS bins as reference. The exception is the
Data for Progress survey, which only reported two
categories: under 45 and 45+. This survey is thus
handled separately in our process by constructing
prompts for only two age groups (next section) and
analyzing them with respect to these two groups.

Category Values

race non-Hispanic White, non-Hispanic Black, His-
panic

gender male, female, other
age 18–29, 30–44, 45–59, 60+
education do not have a high school diploma, high school

diploma or equivalent, some college, bachelor’s
degree or higher

income < $50k, $50k–$100k, > $100k
party Democrat, Independent, Republican

Table 2: Survey demographics and categories.

3.2 Prompt Generation Pipeline
We used three prompt framings: direct elicitation
(asking the LLM to answer the question without de-
mographics), embodying a respondent based on de-
mographics, or embodying an expert who answers
on behalf of an individual with given demograph-
ics. These three framings (exemplified in Table 3)
were applied across all applicable combinations
of demographic categories (Table 2) and for each
of the 32 unique survey items, resulting in 54,104
unique prompts (Table 4). Each prompt was run
three times to account for the non-deterministic
nature of the LLMs. Figures 4 and 5 in the Ap-
pendix show the average standard deviation across
direct-prompt runs by question and the standard

deviation for each question–model combination.
Overall, most questions exhibited relatively low
variability across runs. We ran the prompts on four
LLMs (GPT-5 nano, DeepSeek-V3.2, Meta Llama
3.1 8B Instruct, and Mistral Small 24B Instruct),
each set to its default parameter values as recom-
mended by the provider (i.e., the default values are
model-specific). Since GPT-5 Nano has a reason-
ing parameter that should be tuned, we considered
two levels of reasoning (minimal and high). As a
result, we ran a total of 811,560 prompts, calcu-
lated as 54,104 prompts per model across 5 models,
accounting for both GPT-5 Nano reasoning levels,
for 3 iterations each (54, 104× 5× 3).

The prompts in Table 3 were gradually refined
based on our initial tests. As noted in Giabbanelli
(2026), prompts need to decompose the task in-
stead of asking for too many tasks at once, and
we need to be specific about expectations for the
output format to avoid extensive (and error-prone)
post-processing. Initially, we asked the LLM to
answer a survey question as it was given to the par-
ticipants. However, the LLM’s output would mix
the response option with the justification, leading
us to specify (in the last sentence of each prompt)
that the response must be separated from the ratio-
nale. At first, we also asked the LLM to answer
survey questions such as “Please rate, on a scale of
1-7, the likelihood of you reaching out to each of
the following sources [...]: 988 Lifeline, A friend or
family member, Someone in my religious network
[...]”. We split such questions with multiple items
by providing them to the LLM one at a time, e.g.
“Please rate, on a scale of 1-7, the likelihood of you
reaching out to [...] the 988 Lifeline.”
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1. Demographics (Direct): You are a public opinion expert. You are presented with a survey question asking how a US
citizen would respond with one of the following responses. The question you are answering is: Please indicate whether you
would support or oppose the following policy: Providing annual mental health screenings in public schools for students in
grades 6-12. Select a response option from the following: [Strongly support, Somewhat support, Somewhat oppose, Strongly
oppose, or Don’t know.] Please choose from the options provided and then give a very brief reason why. The format should
be: selected option, brief reasoning.

2. Demographics (Embody): You are a non-Hispanic White, identifying as female for gender, aged between 18 and 29,
do not have a high school diploma, earning less than $50K, identifying as a Democrat voter, living in the U.S. Answer the
following question: Please indicate whether you would support or oppose the following policy: Providing annual mental
health screenings in public schools for students in grades 6-12. Response options: [Strongly support, Somewhat support,
Somewhat oppose, Strongly oppose, or Don’t know.] Please choose from the options provided and then give a very brief
reason why. The format should be: selected option, brief reasoning.

3. Demographics (Specialist): You are a public opinion specialist. How would a person with the following demographic
information answer the survey question below? You are a non-Hispanic White, identifying as female for gender, aged
between 18 and 29, do not have a high school diploma, earning less than $50K, identifying as a Democrat voter, living
in the U.S. Answer the following question: Please indicate whether you would support or oppose the following policy:
Providing annual mental health screenings in public schools for students in grades 6-12. Response options: [Strongly support,
Somewhat support, Somewhat oppose, Strongly oppose, or Don’t know.] Please choose from the options provided and then
give a very brief reason why. The format should be: selected option, brief reasoning.

Table 3: We considered three prompt framings, shown in the following order: direct elicitation, respondent
embodiment, and expert embodiment. Dynamic elements from demographics and surveys are shown in blue.

Survey Direct Embody Total

Duke 1 36 73
AFSP 4 1,728 3,460
Science Direct 5 6,480 12,965
IPSOS 10 12,960 25,930
DfP 6 2,592 5,190
YouGov 6 3,240 6,486

Total 32 27,036 54,104

Table 4: Across 7 surveys, and for each unique question,
we generate prompts based on three framings (a direct
one without demographics; two embodiments based on
demographics), thus Total = Direct+2×Embody. This
amount represents the full Cartesian product of demo-
graphic attributes. Note that we used two YouGov sur-
veys, per Table 1.

3.3 Analysis

We extracted LLM responses using pattern match-
ing to identify valid answers in the expected for-
mat (selected option and brief reasoning). When
this failed, we inferred the response if exactly one
option was mentioned in the output. We flagged
refusals based on common phrases (e.g., “I cannot
tailor”) 4. We manually reviewed and coded the
fewer than 20 cases where neither a valid option
nor a refusal was detected. The resulting extracted
response variable was used in all subsequent regres-
sion analyses, as explained in the next section.

To analyze our simulation results for RQ1, we

4For example of refusal cases, please see Appendix A.5.

examine the mean absolute error, total variation
distance, and the Jensen-Shannon divergence be-
tween the distributions of the LLM’s predictions
and the ground truth. The ground-truth distribu-
tion for each survey question is the set of human
response percentages reported in the original poll.
Specifically, this is the share of respondents in each
demographic subgroup who selected each response
option (e.g., the percentage of non-Hispanic White
respondents who answered “strongly support”).
Each source survey reports these breakdowns as
marginals along a single demographic subgroup;
joint distributions across multiple demographics
are not published. We compute the corresponding
LLM distribution by aggregating model responses
across all prompts whose persona belongs to that
subgroup, averaging equally over all combinations
of the other demographics. For RQ2, we use a two-
way ANOVA to assess whether the LLM used and
the prompt framing affect the absolute errors of
simulated survey responses, along with analyzing
mean absolute error by model. Lastly, for RQ3, we
examine refusal rates by LLM and prompt framing.

4 Results

4.1 RQ1: Range and attitudes of responses
Across all LLM answers aggregated over 28 ques-
tions5, the mean absolute error (i.e., the average
magnitude of the difference between model predic-
tions and human response percentages by question)

54 survey questions only reported adjusted odds ratios; they
were excluded in analyses involving ground truth comparisons.
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is 23 percentage points with a standard deviation
of 11 percentage points.6 The error is more fre-
quently in the range of 15 to 28 percentage points
(the interquartile range) as shown in Table 5. Fig-
ure 3 in the Appendix shows the overall distribu-
tion of mean absolute error, total variation distance,
and Jensen-Shannon divergence across all LLM-
simulated responses.

Demo. MAE TVD JSD

Age .22± .11 .38± .17 .23± .17
Education .22± .11 .38± .17 .24± .17

Gender .22± .10 .39± .17 .25± .18
Income .24± .10 .43± .16 .29± .17
Party .25± .12 .39± .16 .22± .16

Table 5: Mean absolute error (MAE), total variation
distance (TVD), and Jensen-Shannon divergence (JSD)
of the distribution of model predictions and the human
response percentages, averaged by question, with stan-
dard deviations.

LLMs perform similarly across demographic cat-
egories, indicating that the models are not systemat-
ically better at predicting responses for any particu-
lar group. While income-based predictions exhibit
slightly higher TVD and JSD values than age and
party affiliation, the large standard deviations in-
dicate substantial question-to-question variability,
suggesting that prediction quality is driven more by
individual questions than by demographic category.
Table 9 in the Appendix shows MAE broken out by
demographic and model; again, there are no sub-
stantial differences across demographic categories.

To contextualize these distributional errors, we
compute the proportion of persona-conditioned re-
sponses that match the LLM’s modal direct re-
sponse (i.e., the most common answer when the
model is prompted without demographic infor-
mation). Match rates were similar across demo-
graphic categories, ranging from 52% (income)
to 55% (age and race), with education and party
at 54%. In other words, persona-conditioned re-
sponses matched the modal response to uncondi-
tioned prompts only about half the time.

4.2 RQ2: Prompt framing and model types

While the LLMs share distributions of the mean
absolute errors (Figure 2), Mistral Small 24B has

6The human response percentages by question can be
found in our replication materials; the link to our replication
materials can be found in Appendix A.1.

consistently higher MAE.
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Figure 2: Distribution of mean absolute errors in LLMs.

Performing a two-way ANOVA, we find that the
accuracy of the simulated survey responses (mea-
sured by mean absolute error) is significantly in-
fluenced by both the choice of language model
(p < .001) and the prompt framing (p < .001).
There is also a highly significant interaction ef-
fect between the model and the prompt frame
(p < .001). In other words, the impact of a specific
prompt frame on reducing or increasing simulation
error depends on the LLM used.

The difference between framing is smaller than
the difference between LLMs (Table 6). For exam-
ple, Mistral drops from 33.0 to 26.1 across fram-
ings (≈7-point difference), but the gap between
Mistral and DeepSeek V3.2 under embody is over
12 points. The LLM choice thus matters more than
framing for average accuracy.

4.3 RQ3: Response refusals

For GPT-5 Nano, DeepSeek V3.2, and Mistral
Small, refusal rates were effectively zero, ranging
from 0% to approximately 0.30% across prompt
frames (Table 7). In contrast, Meta Llama exhib-
ited a substantially elevated overall refusal rate
of 28.1%. Breakdowns by framing reveal that
this effect was strongly condition-dependent: re-
fusal rates for direct and embody prompts were
fairly high, 44% and 48% respectively, whereas
the specialist frame produced a lower refusal rate
of roughly 8%. Together, these findings indicate
that elevated refusal behavior was isolated to a sin-
gle model and was sensitive to prompt framing.
We provide examples of refusal responses in Ap-
pendix A.5.
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Large Language Models

Framing DeepSeek V3.2 GPT-5 Nano Meta Llama 3.1 8B Mistral Small 24B

Embody 20.5± 10.2 21.5± 9.1 21.6± 8.4 33.0± 15.0
Specialist 18.9± 10.6 22.2± 8.2 22.0± 8.7 26.1± 12.8
Direct 54.0± 18.3 37.8± 21.9 44.5± 29.1 46.0± 31.0

Table 6: Average and standard deviation of mean absolute error across LLMs and framings. MAE for the ‘Direct’
framing was calculated by comparing each model’s direct responses against the ground truth distribution averaged
across demographic subgroups.

Model Framing # prompts %refuse

Meta
Llama
3.1 8B

Embody 81,108 48.1

Direct 96 44.8

Specialist 81,108 8.08

GPT-
5 Nano

Embody 162,216 0.295

Direct 192 0

Specialist 162,216 0.267

Deep-
Seek
V3.2

Embody 81,108 0

Direct 96 0

Specialist 81,108 0

Mistral
Small
24B

Embody 81,108 0

Direct 96 0

Specialist 81,108 0

Table 7: Total prompts and refusal percentage by model
and framing.

5 Discussion

The literature on silicon sampling has reported
strong performance on simulated LLM responses
and human responses (see, e.g., Argyle et al., 2023;
Jiang et al., 2025), though prior work has also noted
that response variation tends to be substantially
lower than in human samples (Bisbee et al., 2024;
Zhong et al., 2025a). Examining silicon sampling
in the context of the sensitive topic of suicide pre-
vention policies, we addressed three research ques-
tions: how well LLM-simulated responses matched
human responses, how prompt framing and model
types affected these responses, and whether LLMs
refused to respond to such questions.

Our findings diverge from prior work on both
counts. Our analysis of RQ1 finds that, on aver-
age, LLM answers differ from the ground truth by

more than 20 percentage points, with large stan-
dard deviations; TVD and JSD further confirm this
finding. In contrast, Zhong et al. (2025a) reported
a difference of 6 percentage points between syn-
thetic outputs and human respondents on other po-
litical topics. To rule out the possibility that safety
guardrails drive the model towards a default re-
sponse regardless of the demographic prompt, we
compared responses to the modal answer from a
prompt with no demographic information (the “Di-
rect” configuration as specified in Table 3). We
find that the LLM’s responses also vastly differ
from the modal answer. Through RQ2, we find
similar error magnitudes across LLMs and prompt
framings. Thus, it remains unclear what underlying
distribution the LLMs are drawing on when gener-
ating their responses to sensitive polling questions,
calling into question the utility of silicon sampling
for topics such as suicide prevention.

Future work could further examine the impact of
location, choice of LLM, and socio-demographics.
First, suicide prevention initiatives vary signifi-
cantly in content and depth across states. This
contrast can be exemplified between the policy
documents of the Wyoming Department of Health
(2024), consisting of four pages (four infograph-
ics) that acknowledge that two-thirds of suicides
involve a firearm but made no explicit policy rec-
ommendations in this regard, and the California
Department of Public Health (2022), whose plan
spans almost 80 pages and covers firearms exten-
sively. Studies have shown that there are also state-
level differences in the extent to which their legis-
lature and their ‘citizen ideology’ support suicide
prevention actions (Kenter et al., 2022). It would
thus be of particular interest to use LLMs to exam-
ine how constituents react to the plans proposed in
their state, and potentially identify evidence-based
actions that are not in the plan yet would be sup-
ported.
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Second, while we covered LLMs from four dif-
ferent providers, it is possible that other LLMs may
yield different results (e.g., in accuracy or refusal
to answer). In particular, LLMs may have different
guardrails when it comes to sensitive topics such
as suicide and firearms, and these guardrails may
be triggered differently based on the IP from which
the prompts originate (since guardrails can depend
on local laws). The spectrum of guardrails is wide:
some LLMs refuse to engage on the topic of suicide
(even to discuss prevention policies), while others
are now cited in wrongful-death lawsuits for con-
vincing users to die by suicide (Jargon, 2026). A
challenge for this line of research is that guardrails
can change quickly, for example, in relation to
news events. For instance, Grok was seen as a “low
safety-guardrail model” in January 2026 (Teferra
et al., 2026), but has since changed significantly.
This opens up the possibility to study responses
from LLMs on suicide prevention initiatives across
demographics from a longitudinal perspective.

Finally, we considered commonly used socio-
demographic attributes (i.e., race, gender, age, ed-
ucation, income, party) that were available across
most surveys in order to provide ground-truth data.
However, there are other markers of attitudes rele-
vant for suicide prevention that may be more divi-
sive or less commonly seen in training data, which
may lead to more variability when using LLMs. For
example, “higher religiosity is consistently associ-
ated with lower suicide risk among heterosexual
people” (e.g., suicide is forbidden), but religiosity
can be harmful for sexual minorities. Prompting
LLMs to consider the intersection of religion, sui-
cide, firearms, and sexual orientation would com-
bine several highly sensitive topics (Park and Hsieh,
2023). An intersectional examination (Forrest et al.,
2023) would be of particular interest to examine
whether biases or refusals to answer from LLMs
simply stem from the addition of sensitive topics
or reflect interactions between these topics.

6 Conclusion

Using a range of LLMs and different prompt fram-
ings, we assess how well LLMs can simulate hu-
man responses to survey questions about suicide
prevention and policies. Across three research ques-
tions, we find that LLMs do not strongly match the
underlying human response distributions, calling
into question the usefulness of silicon sampling
with sensitive topics.

Limitations

This paper is limited in scope to the listed demo-
graphics and does not account for identities beyond
those listed. Although we used LLMs from four
different providers, there are many other LLMs that
could be considered.

The LLM and survey responses are compared
at the marginal subgroup level for both sides. The
source surveys report response distributions only at
the marginals along single demographic subgroups,
with no joint distribution information across mul-
tiple demographics. Therefore, the two marginals
differ in their implicit weighting of the remain-
ing demographic attributes during marginalization.
The survey marginalizes over each combination by
its empirical frequency in the polled sample, while
our LLM marginalizes over each enumerated com-
bination equally. Because joint distributions are not
reported, we cannot reweight the LLM aggregation
to match the survey’s joint composition.

Ethical Considerations

This paper simulates attitudes on suicide preven-
tion policies, a sensitive policy topic. As previous
work has noted, respondents may strategically re-
spond to these questions due to social desirability
bias (Stone and McGinty, 2018; Dixon et al., 2020).
All surveys and their corresponding data are pub-
licly available. There are also no analyses at the
individual level. All comparisons are made across
response distributions (e.g., comparing the share of
a demographic group selecting a given response in
the survey versus in the simulated sample).
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A Appendix

A.1 Reproducibility and Code Availability
All data preprocessing, prompting, and analy-
sis were performed in Python (version 3.13.4)
using Jupyter Notebook (version 7.4.7). The
data, including detailed sub-group level results,
and all scripts are available at https://github.
com/patrickywu/sp-llm-simulation. Rele-
vant packages and their use can be found in Table 8.

A.2 Distribution of MAE, TVD, and JSD
(RQ1)

Figure 3 shows the overall distribution of mean ab-
solute error (MAE), total variation distance (TVD),
and Jensen-Shannon divergence (JSD) across all
LLM-simulated responses.

A.3 Standard Deviation of Direct Prompt
Responses

Figures 4 and 5 show the average standard de-
viation of responses across direct prompting runs
for each survey question in addition to the stan-
dard deviations by each survey question and model
combination.

A.4 Mean Absolute Error by Demographic
and Model

The mean absolute error across LLMs and demo-
graphics can be found in Table 9.

A.5 Examples of Model-Generated Refusals
Table 10 shows 3 types of refusals produced by
the models that are classified as demographic per-
sona refusal, political opinion refusal, and social or
ideological refusal.

186

https://doi.org/10.1057/s41599-024-03609-x
https://doi.org/10.1057/s41599-024-03609-x
https://arxiv.org/abs/2310.17888
https://arxiv.org/abs/2310.17888
https://arxiv.org/abs/2310.17888
https://doi.org/10.1162/tacl_a_00685
https://doi.org/10.1162/tacl_a_00685
https://doi.org/10.1162/tacl_a_00685
https://health.wyo.gov/wp-content/uploads/2024/05/FINAL-State-Suicide-Prevention-Plan.pdf
https://health.wyo.gov/wp-content/uploads/2024/05/FINAL-State-Suicide-Prevention-Plan.pdf
https://github.com/patrickywu/sp-llm-simulation
https://github.com/patrickywu/sp-llm-simulation


Package Version Use / Purpose

pandas 2.3.3 Data manipulation, reading/writing Excel files, dataframes
json (built-in stdlib) Parsing and writing JSON data (result storing)
re (built-in stdlib) Text processing and pattern matching
itertools (built-in stdlib) Efficient looping, combinatorial operations (demographic combinations)
os (built-in stdlib) File/directory management
pathlib (built-in stdlib) File path manipulation for loading source code
dotenv 1.2.1 Loading environment variables from ‘.env‘ files
asyncio (built-in stdlib) Running multiple calls to the LLM at the same time
tqdm.asyncio 4.67.1 Progress bars for asynchronous loops
openai 1.102.0 Interacting with OpenAI API
statsmodels 0.14.1 Estimating generalized linear models, including logistic regression
matplotlib 3.10.7 Creating plots, figures, and customizing visualizations
seaborn 0.13.12 Statistical data visualization, plotting complex graphs
sys (built-in stdlib) System-specific parameters and functions, e.g., path management

Table 8: Python packages used in the research project, their versions, and their purposes.

Large Language Models

Demographic DeepSeek V3.2 GPT-5 Nano Meta Llama 3.1 8B Mistral Small 24B

age 18.1± 9.6 21.8± 8.4 21.3± 8.7 28.2± 13.5
education 17.8± 10.1 21.7± 9.1 21.9± 8.7 28.5± 15.0
gender 17.9± 9.0 20.3± 8.1 20.5± 7.6 28.6± 13.9
income 20.9± 9.6 22.5± 8.2 22.4± 6.7 30.5± 13.6
party 25.1± 12.1 22.9± 9.1 23.5± 10.0 30.4± 15.2

Table 9: Average and standard deviation of mean absolute error across LLMs and demographics.

Case Model Embody Reasoning Refusal Type Representative Refusal Lan-
guage

1 GPT-5 nano False High Demographic Persona “Sorry, I can’t determine how a
person with those demographics
would answer. . . ”

2 GPT-5 nano True Minimal Demographic Persona “I’m sorry, but I can’t simulate a
specific individual profile. . . ”

3 GPT-5 nano True Minimal Demographic Persona “I can’t role-play or assume men-
tal health crisis responses based
on protected attributes. . . ”

4 Meta Llama 3.1 8B Instruct False None Political “I cannot provide a response that
suggests support or opposition for
a specific policy. . . ”

5 Meta Llama 3.1 8B Instruct True None Social or Ideological “I cannot provide a response
that includes a political or social
stance.”

Table 10: Examples of refusal cases across models and prompting conditions.
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Figure 3: Overall distribution of mean absolute error (MAE), total variation distance (TVD), and Jensen-Shannon
divergence (JSD) across all LLM-simulated responses.

Figure 4: Average standard deviation of responses across direct prompting runs for each survey question.
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Figure 5: Standard deviation of responses across direct prompting runs for each survey question and model
combination.
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