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Abstract

The emergent capabilities of large language models (LLMs)
have prompted interest in using them as surrogates for human
subjects in opinion surveys. However, prior evaluations of
LLM-based opinion simulation have relied heavily on costly,
domain-specific survey data, and mixed empirical results
leave their reliability in question. To enable cost-effective,
early-stage evaluation, we introduce a quality control assess-
ment designed to test the viability of LLM-simulated opin-
ions on Likert-scale tasks without requiring large-scale hu-
man data for validation. This assessment comprises two key
tests: logical consistency and alignment with stakeholder ex-
pectations, offering a low-cost, domain-adaptable validation
tool. We apply our quality control assessment to an opin-
ion simulation task relevant to AI-assisted content modera-
tion and fact-checking workflows—a socially impactful use
case—and evaluate nine LLMs using a baseline prompt engi-
neering method (backstory prompting), as well as fine-tuning
and in-context learning variants. None of the models or meth-
ods pass the full assessment, revealing several failure modes.
We conclude with a discussion of the risk management impli-
cations and release TopicMisinfo, a benchmark dataset
with paired human and LLM annotations simulated by vari-
ous models and approaches, to support future research.

Code & Data — https://tinyurl.com/qualitychecksAAAI
Full Paper with Appendices —

https://arxiv.org/abs/2504.08954

Introduction
Large language models (LLMs) have demonstrated signif-
icant appeal and versatility across a wide range of tasks.
While the primary training objective of the base model is
to predict the next most likely token, training on vast and di-
verse datasets, combined with increasingly complex system
architectures, has resulted in the “emergence” of capabilities
that were not explicitly anticipated during development (Wei
et al. 2022). For instance, LLMs have been shown to learn
new tasks through in-context learning (Brown et al. 2020),
perform coding tasks with remarkable accuracy (Zheng et al.
2024), and have displayed human-like capabilities across
different tasks (Kosinski 2024; Strachan et al. 2024).
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These emerging capabilities have led researchers to in-
vestigate more unconventional uses of LLMs, including au-
tomating opinion surveys by simulating the viewpoints of
specific demographic or ideological groups (Qu and Wang
2024). The possibility that LLMs may successfully simulate
demographic viewpoints stems from (i) evidence that LLMs
can be prompted to replicate responses from human sub-
ject studies in psychology and other social sciences (Aher,
Arriaga, and Kalai 2023), (ii) training data that likely en-
compass a broad spectrum of perspectives and opinions
(Miranda et al. 2024), and (iii) prompting techniques that
lead LLMs to produce seemingly coherent, opinionated re-
sponses (Wright et al. 2024). Automating such surveys could
have broad applications in marketing (Sarstedt et al. 2024),
content moderation (Fröhling, Demartini, and Assenmacher
2024), policymaking, and public relations (Sanders, Ulinich,
and Schneier 2023). LLMs may be especially valuable for
pilot studies (Sarstedt et al. 2024; Rothschild et al. 2024),
sampling hard-to-reach populations (Jansen, gyo Jung, and
Salminen 2023), and labeling data that may be psycholog-
ically harmful for human annotators (Wang, Morgenstern,
and Dickerson 2025).

However, existing evidence is inconclusive on the ex-
tent to which LLM-based methods can accurately simulate
human opinions. Some studies show that including a de-
mographic “backstory” in a prompt (Argyle et al. 2023;
Bui et al. 2025; Jiang, Wei, and Zhang 2024) (i.e., “back-
story” prompting), fine-tuning (Namikoshi et al. 2024), and
in-context learning (Karanjai et al. 2025) are approaches
that can successfully approximate group-level opinions,
while others document systematic failures of these same
approaches—especially when simulating the opinions of mi-
nority or non-Western groups (Santurkar et al. 2023; Sun
et al. 2023; Qu and Wang 2024; Mingmeng, He, and Trotta
2024; Orlikowski et al. 2025). Additional work finds that
backstory prompting approaches—the most prevalent ap-
proach to simulating opinions in prior research—flatten
within-group variance of opinions (Wang, Morgenstern, and
Dickerson 2025; Bisbee et al. 2024; Mingmeng, He, and
Trotta 2024) and fails to generalize across topics (Sanders,
Ulinich, and Schneier 2023; Lee et al. 2024). See Appendix
A for a literature review table that summarizes prior works
methodologies, respective application domains, and find-
ings.
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The mixed results in the empirical literature suggest that
the reliability of LLM-simulated opinions cannot be as-
sumed across domains and instead requires rigorous valida-
tion for each new use case. Importantly, however, current
validation methods rely on gathering high-quality human-
labeled data—the cost of which can rival that of traditional
surveys. For early-stage assessments, this upfront expense is
likely to outweigh uncertain benefits, significantly hindering
research and development efforts. The existence of applica-
tions with broad consensus about the potential desirability
of simulating opinions, such as when human survey subjects
would be exposed to harmful content (Wang, Morgenstern,
and Dickerson 2025) or trade secrets (Wang, Zhang, and
Zhang 2024), motivates the need for validation techniques
that lower the cost of early-stage exploration of LLM usage
to simulate opinions.

Contribution 1: Designing a quality control assessment
for early-stage deliberation of LLM opinion simulation.
We introduce two diagnostic tests that probe desirable struc-
tural properties of simulated opinions without requiring the
collection of large-sample human reference data:

1. Logical Consistency—whether models reliably position
“average” opinions as a convex combination of group-
level opinions and/or whether these average opinions are
consistent with sampling from a stable reference popula-
tion.

2. Alignment with Stakeholder Expectations—whether
models position differences in group opinions in ways
that are consistent with prior domain knowledge and/or
small sample survey data.

The design of the proposed quality control assessment
is grounded in the fact that some of the challenges in-
volved in validating LLM-simulated opinions are similar
to those involved in validating subjective human annota-
tions. Researchers have developed various quality controls
to assess the reliability of human data and annotator at-
tentiveness (Artstein and Poesio 2008; Sap et al. 2022;
Mostafazadeh Davani, Dı́az, and Prabhakaran 2022; Lease
2011). Our proposed tests draw from this literature, adapt-
ing it to be suitable for assessing LLMs, with a focus on
Likert-scale opinions. In the discussion section, we provide
recommendations for integrating these tests into organiza-
tional risk management practices.

The value of these tests compared to those proposed in
previous work (Aher, Arriaga, and Kalai 2023; Argyle et al.
2023; Sun et al. 2023) is that they can be performed prior
to expensive large-scale human validation effort, fostering
well-informed deliberation on the suitability of LLM opin-
ion simulation in a particular context.

Contribution 2: Crafting a domain-specific testbed. To
illustrate the utility of our quality checks, we develop a
domain-specific testbed in content moderation, focusing
on the prioritization of potentially harmful misinformation
for fact-checker review. Because prioritization is opinion-
driven, resource-intensive, and exposes annotators to psy-
chologically taxing content (Liu, Gwizdka, and Lease 2024),

it provides a compelling, socially impactful context for eval-
uating simulated opinions.

An effective testbed for group-level opinion simulation
should include topics with both expected agreement and dis-
agreement amongst groups. Gender offers strong prior ex-
pectations based on a significant body of public opinion re-
search (Huddy, Cassese, and Lizotte 2008; Lizotte 2020).
We focus on the prioritization criterion of identifying “po-
tential harm to specific groups,” as previous research high-
lights this dimension of prioritization as one along which
gender differences are particularly pronounced (Huddy,
Cassese, and Lizotte 2008; Lizotte 2020).1

We built TopicMisinfo, a 160-claim dataset spanning
topics that can be expected to elicit gender disagreement
and consensus. The selection of these topics is anchored
in findings from the American National Election Studies
(ANES) (American National Election Studies 2021), which
help us capture a diversity in topics that are likely to pro-
voke varying degrees of gendered disagreement. We also
included “Gold” comprehension checks, which are claims
that are harmless, and are either obviously true (e.g., “A cir-
cle is round.”) or obviously false (e.g., “The tallest tree on
Earth touches Mars.”), with a very strong prior on gender-
level consensus of opinion. We also collect a small sam-
ple (≈ 1600 annotations) of task-specific human opinion
data. Dataset composition, example claims, and human an-
notation statistics are detailed in the Appendices B-C; the
TopicMisinfo dataset is publicly available to support fu-
ture research.

Contribution 3: Benchmarking leading models and ap-
proaches to opinion simulation using our quality checks.
Applying the proposed quality checks, we evaluate simu-
lated opinions from several commercially available LLMs:
GPT-3.5-Turbo (checkpoints 06-13-23, 11-06-23, 01-25-
24), GPT-4, GPT-4.1, GPT-5-mini, LLaMA 3, Titan-Text-
Premier, and Mistral-Large—referred to throughout as
GPT3.5a, GPT3.5b, GPT3.5c, GPT-4, GPT-4.1, GPT-5-
mini, LLaMA3, Titan, and Mistral. We elicit group-level
responses via backstory prompts (Argyle et al. 2023; Sun
et al. 2023) that instruct models to adopt personas of
men or women (see Appendix D for prompt templates).
We also benchmark two other approaches to simulating
opinions suggested in the literature: fine-tuning on small-
sample human survey data (Namikoshi et al. 2024); and
in-context learning with human-labeled examples (Karanjai
et al. 2025). Importantly, our findings show that while fine-
tuning and in-context learning generally improve alignment
with stakeholder expectations, they do not substantially out-
perform backstory prompting on logical consistency. These
results indicate that all evaluated models and prompting ap-
proaches fail the proposed quality control assessment for the
task considered, suggesting that current methods face limi-
tations in their ability to produce stable, internally coherent
simulations of human opinions.

1While not the only criteria relevant for prioritization, research
has noted that this is an important axis of consideration used by
fact-checkers (Sehat et al. 2024; Liu, Gwizdka, and Lease 2024).
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Quality Checks & Results
In this section, we introduce two quality checks designed for
early-stage evaluation of LLM-simulated opinions. For each
check, we detail the methodology and analyze how a range
of LLMs perform across gender conditions using the “back-
story prompting” approach (Argyle et al. 2023) on claims
drawn from the TopicMisinfo dataset, focusing on a key
opinion task relevant to fact-checking and content modera-
tion workflows: assessing the potential harm of claims to
specific groups. The code and reproducible pipeline are pub-
licly available.

Quality Check 1: Logical Consistency
Testing for logical consistency is a foundational tool for
evaluating the quality of data from human annotators
(Aruguete et al. 2019) and from data aggregation methods
such as majority voting (Mostafazadeh Davani, Dı́az, and
Prabhakaran 2022). In this work, we adapt this principle
to assess the internal coherence of LLM-simulated opinions
across demographic groups.

When simulating opinions for multiple groups, a logi-
cally consistent model should produce an average opinion
that is interpretable as a convex combination of the group-
level opinions. This requirement reflects a basic expectation
of distributional coherence: the “average” simulated opinion
should be derivable from the underlying subgroups it is av-
eraging over. For example, if in simulating the opinion of
some population, G, consisting of two sub-groups, {g1, g2},
and the model simulates that members of g1, on average, rate
a claim’s harmfulness as 2-out-of-6 and members of g2, on
average, as 4-out-of-6, then simulating an average opinion
of 5-out-of-6 for G as a whole is not just implausible, it is
logically inconsistent, as it violates a foundational algebraic
constraint on how means combine.

Note that this is a rather weak constraint in the sense that
it simply verifies that the average opinion for a given claim
falls between group-level opinions for that same claim. That
is, the test allows the presumed proportion of the sub-
populations, and so the weight given to their simulated aver-
age opinions, to vary across different claims within a topic.
A stronger test can, therefore, require that there exists a sin-
gle, stable mixture weight—e.g., a 50/50 blend of g1’s and
g2’s opinions—that can consistently reconstruct the average
opinion across all claims within a topic. A model that meets
this condition supports the existence of a coherent reference
population that the prompt reliably reflects. By contrast, fail-
ure to meet this criterion suggests that it is mathematically
impossible for all simulated opinions across claims to reflect
the views of a single population, casting doubt on how the
simulated opinions can be interpreted and used.

These considerations can be summarized in terms of the
following research questions:

• RQ-1a (Weak Test). Does the model’s simulated av-
erage opinion fall within the convex hull of its group-
conditioned opinions on at least a prespecified proportion
p0 of claims in a given topic?

• RQ-1b (Strong Test). Is there a fixed mixture weight
q0 ∈ [0, 1] that consistently reconstructs the model’s av-

erage opinion across claims, indicating the presence of a
stable underlying reference population?

Methodology For each claim ci, the model is prompted ni

times under each condition (men, women, average) using a
temperature setting of τ = 0.5, generating distributions of
Likert-scale responses. A logically consistent average opin-
ion should be expressible as a convex combination of the
group-level opinions it seeks to summarize. In the context of
gender (assuming only two: men and women)2, that would
entail for each claim ci, the model’s average predicted mean
µavg(ci) should satisfy:

µavg(ci) = q̂ci · µmen(ci) + (1− q̂ci) · µwomen(ci),

for some q̂ci ∈ [0, 1]. If this condition holds, the average-
conditioned response can be interpreted as a plausible mix-
ture of the two. If not, the average-conditioned response is
logically inconsistent with the group-level outputs.

Weak Test To assess logical consistency, we define the
implied mixture weight q̂(b)ci for each bootstrap replicate b
as:

µ(b)
avg(ci) = q̂(b)ci · µ(b)

men(ci) + (1− q̂(b)ci ) · µ(b)
women(ci)

where the bootstrapped means µgroup
b (ci) are computed by

resampling with replacement ni times from the original set
of labels for each group. The mixture weight q̂(b)ci is then
used to determine whether the average-conditioned mean
lies within the convex hull of the group-specific means:

I
(b)
i =

{
1 if q̂(b)ci ∈ [0, 1]

0 otherwise

We aggregate the claim-level indicators within topic ω to
produce a topic-level success rate for each bootstrap sample:

P̂ (b)
ω =

1

Nω

Nω∑
i=1

I
(b)
i

We then test the one-sided hypothesis:

H0 : P̂ω ≥ p0 vs. H1 : P̂ω < p0

The empirical p-value over B = 104 replicates is com-
puted as:

p̂(p0) =
1

B

B∑
b=1

1
[
P̂ (b)
ω ≥ p0

]
We reject H0 at level α if p̂(p0) < α, concluding

that the model fails to produce average-conditioned opin-
ions that lie within the convex hull of group-level distribu-
tions at an acceptable rate. We test acceptable rate values
p0 ∈ [0.7, 0.8, 0.9, 1.0]. See Appendix F for pseudocode
that generalizes this test for ≥ 2 groups.

2While we assume a binary gender, Appendices F and G
contain pseudo-code for generalizing this methodology for ≥ 2
groups, while Appendix H includes the detail of a replication study
including non-binary genders simulated with GPT3.5c.
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Figure 1: Results for weak and strong tests of logical consistency.

Strong Test To assess whether the average-conditioned re-
sponses could reflect a single, stable underlying population,
we evaluate whether a fixed mixture weight q0 can consis-
tently explain the simulated average-conditioned responses.
For each claim ci, we compute the absolute deviation from
a specified q0 ∈ [0, 1]:

L̂ω(q0) =
1

Nω

Nω∑
i=1

|q̂ci − q0|

Under the null hypothesis H0 : L̂ω(q0) = 0, the model ex-
hibits logical consistency at mixture weight q0.

We conduct a bootstrap hypothesis test with B = 104

replicates. For each claim, we construct a synthetic mixture
null hypothesis distribution:

Dq0
ci = q0 · Dmen

ci + (1− q0) · Dwomen
ci

From this mixture, we resample synthetic average-
conditioned responses, compute q̂

(b)
ci , and aggregate across

claims: L̂
(b)
ω (q0) = 1

Nω

∑Nω

i=1

∣∣∣q̂(b)ci − q0

∣∣∣. The p-value is

Pr
(
L̂
(b)
ω (q0) > L̂ω(q0)

)
. This test is repeated for values of

q0 in [0, 1] at intervals of 0.05, applying a Bonferroni cor-
rection (α∗ = 0.0025) to account for multiple comparisons.
See Appendix G for pseudocode that generalizes this test
for ≥ 2 groups.

Results. Figure 1 reports feasible consistency thresholds
(p0) for the weak test and valid q0 intervals for the strong
test, indicating alignment with a consistent reference pop-
ulation. We highlight results for four socially divisive top-
ics where group-level disagreement is well-documented.
Given the lack of a gold standard for prompting average-
conditioned or population-level perspectives, we evaluate
consistency across four alternative prompts. See Appendix
E for details.

• GPT-3.5c: For threshold p0 = 0.7, passes the weak test
across three out of four topics with Base Prompt 4, in-
dicating basic geometric plausibility. For the strong test,
it only passes the Abortion topic, with feasible mixture
weights q0 ∈ [0, 0.55] or [0, 0.85] depending on prompt.
Fails to produce a consistent average-conditioned refer-
ence population for Black Americans, Illegal Immigra-
tion, and LGBTQ.

• GPT-4.1: One prompt passes the weak test for Illegal Im-
migration, but we see no other feasible thresholds across
the prompts and topics tested. For the strong test, we see
the same prompt (Base Prompt 4) generate a plausible
value for the topic of Illegal Immigration, but no other
plausible values across topics and prompts.

• GPT-5-mini: The only reasoning model we tested does
not perform markedly better. One feasible point for the
weak test for the LGBTQ topic, but no others. We see
better performance on the strong test than other models,
with feasible values for multiple prompts across two top-
ics — Illegal Immigration and LGBTQ.

• LLaMA-3: Two prompts pass the weak test at p0 = 0.7
for Illegal Immigration and all four prompts pass for
LGBTQ, but fails on other topics. For the strong test, ex-
hibits moderate success: feasible q0 ∈ [0, 0.5] for Black
Americans across prompts, and up-samples opinions of
men for Illegal Immigration (q0 ∈ [0.95, 1]). Fails on
Abortion and LGBTQ.

• Mistral: Shows success on the weak test only for Black
Americans, with feasible p0 values ranging from 0.7 to
1.0 depending on the prompt. Fails the strong test across
all topics—no consistent mixture weights were found.

• Titan: Two prompts pass the weak test at p0 = 0.7 for
Black Americans and one prompt passes for LGBTQ at
p0 = 0.7. On the strong test, Prompt 4 yields success
on Black Americans with full-range plausibility (q0 ∈
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[0, 1]). Prompts 1 and 2 yield plausible q0 ∈ [0, 1] for
LGBTQ, but it fails on both Abortion and Illegal Immi-
gration.

Take-away Overall, most models fail to place average-
conditioned opinions inside the convex hull of gendered re-
sponses at a reasonable rate, as evidenced by the results from
the weak test. We see only 12

96 = 12.5% and 2
96 = 2%

model×topic×prompt pairs passing a consistency thresh-
old (p0) of 0.8 and 0.9 respectively for these topics. Sim-
ilarly, for the strong test, we see that models often do not
often maintain a fixed reference population when sampling
an average-conditioned opinion, as only 19

96 = 19.7% of
model×topic×prompt pairs reveal a plausible fixed refer-
ence q0.

Quality Check 2: Alignment with Stakeholder
Expectations and Small Sample Survey Data
Assessing alignment with common sense or widespread ex-
pectations is standard for evaluating human annotations,
e.g., via attention checks (Lease 2011). The same under-
lying idea can be leveraged when assessing the quality of
LLM-generated annotations. In our setting, for instance,
stakeholders—e.g., end-users or developers—can have clear
intuitions about cases where group-level differences should
or should not arise. Checking for misalignment on these
cases can provide a powerful lens for evaluating the quality
of LLM-generated annotations. If neglected, such misalign-
ment can bias downstream tasks, leading to skewed deci-
sions or misrepresentation of group perspectives. In high-
stakes settings like claim prioritization for fact-checking,
such errors carry serious ethical consequences.

Rather than evaluating annotations individually, compar-
ing simulated opinions across demographic groups can re-
veal critical early-stage information about the viability of
opinion simulation. Group-level consensus on neutral topics
and divergence on divisive ones offer early signals of realism
and reliability. Quality Check 2 introduces a flexible method
to test whether simulated group differences align with stake-
holder expectations. For topics where domain experts an-
ticipate clear consensus or pronounced disagreement across
demographic groups (“clear-cut cases”), relying solely on
stakeholder priors may be sufficient. In situations where ex-
pectations are less certain, small-scale human surveys serve
as practical benchmarks. In our analysis, we leverage our
own domain expertise as researchers in AI-assisted fact-
checking to define stakeholder expectations and interpret
test outcomes.

Research Questions. To what extent do simulated group
differences in opinion conform to stakeholder expectations
informed by (RQ2a) common-sense and domain-knowledge
and (RQ2b) small-sample survey data?

Methodology We evaluate whether LLM-generated gen-
der opinion gaps align with stakeholder expectations or
small-scale human surveys. For each claim ci within topic
ω, we define the model-estimated gender gap as:

D̂(ci) = µwoman
LLM (ci)− µman

LLM(ci),

Topic: Gold Topic: Abortion
(Prior: Insig. Diffs) (Prior: Sig. Diffs)

GPT-3.5a 0.45*** 3.42***
GPT-3.5b 0.36** 2.05***
GPT-3.5c 0.72*** 2.37***
GPT-4 0.00 0.07
GPT-4.1 0.12** 0.43**
GPT-5-mini 0.11*** -0.10
llama3 -0.29* 0.13*
mistral 0.03 0.53
titan 0.33** 0.61*

Table 1: Quality Check 2a Statistical Results — Alignment
between model-predicted gender differences and stake-
holder priors. (∗ p<0.05; ∗∗ p<0.01; ∗ ∗ ∗ p<0.001). Blue
values agree with the prior; red values contradict it. Results
indicate that no model satisfies both priors.

and compare it to an expected gap E[D(ci)], which is spec-
ified based either on stakeholder priors or small-scale sur-
veys. We then compute the deviation gi = D̂(ci)−E[D(ci)].

To create an efficient test statistic by reducing variance
from imbalanced number of labels from simulated men and
women, we weight each claim using the harmonic mean of
the gender-group sizes:

wi =
nwoman
i · nman

i

nwoman
i + nman

i

,

a standard weighting approach in meta-analysis to man-
age group-size discrepancies and enhance estimator preci-
sion (Hedges and Olkin 2014).

To test alignment at the topic level, we perform a weighted
one-sample hypothesis test:

H0 : ḡω = 0 vs. H1 : ḡω ̸= 0,

where the weighted mean discrepancy for topic ω is:

ḡω =
1∑
i wi

Nω∑
i=1

wi · gi,

and the appropriate weighted standard error (NIST 2003) is:

SE(ḡω) =

√ ∑
i wi(gi − ḡω)2

(
∑

i wi − 1)
∑

i wi
.

This yields the topic-level t-statistic tω = ḡω
SE(ḡω) , with de-

grees of freedom ν =
∑

i wi − 1.
Each model response in our dataset corresponds to a 6-

point Likert-scale judgment, formally an ordinal variable.
Nonetheless, parametric methods such as the t-test can reli-
ably analyze Likert-type data when averaged over moderate-
to-large samples (Norman 2010; de Winter and Dodou
2010). In our experiments, each model–gender–claim cell
aggregates at least 10 LLM completions, and statistics are
computed at the level of topic means, averaged over individ-
ual claims, ensuring approximate normality via the Central
Limit Theorem.
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Topic gpt-3.5a gpt-3.5b gpt-3.5c gpt-4 gpt-4.1 gpt-5-mini llama3 mistral-large titan-text-premier
ḡω p-val ḡω p-val ḡω p-val ḡω p-val ḡω p-val ḡω p-val ḡω p-val ḡω p-val ḡω p-val

More Divisive Topics
Abortion 1.65 * 0.28 — 0.60 — -1.70 *** -1.34 *** -1.89 *** -1.65 *** -1.24 ** -1.16 *
Black Americans 1.72 * 0.35 — 0.39 — -1.28 *** -1.01 *** -0.92 ** -1.09 *** -1.92 * -0.97 **
Illegal Immigration 0.92 ** -1.06 * -0.61 — -1.42 ** -1.05 ** -1.04 ** -0.80 * -0.43 — -0.71 *
LGBTQ 0.66 — -1.37 * -0.37 — -0.92 * -1.06 ** -0.99 * -1.08 ** -0.99 ** -1.10 **

Less Divisive Topics
Entertainment 1.59 * 1.05 * 1.18 * 0.35 ** 0.39 ** 0.47 ** 0.41 ** 0.58 * 0.48 *
Gold 0.43 — 0.34 — 0.71 ** -0.01 — 0.10 — 0.10 — -0.30 — 0.02 — 0.32 —
HealthScience 1.86 * 1.07 * 0.65 — -0.19 — 0.58 * 0.32 — 0.04 — 0.79 — 0.56 —
Sports -0.01 — -0.06 — 0.21 — -0.26 — -0.26 — -0.36 — -0.26 — -0.26 — -0.16 —
USA 1.68 *** 1.12 *** 0.63 ** -0.61 *** -0.05 — -0.15 — -0.21 — -0.56 * 0.16 —
WeatherClimate 1.06 * 1.27 * 0.97 * -0.39 — 0.01 — 0.06 — -0.10 — -0.68 — 0.10 —

Significance levels: ∗ for p < 0.05, ∗∗ for p < 0.01, ∗ ∗ ∗ for p < 0.001.
Blue: positive significant values, Orange: negative significant values.

Table 2: Quality Check 2b Statistical Results. GPT-3.5-turbo models tend to significantly exaggerate gender differences on
topics humans found less divisive, while GPT-4, GPT-4.1, GPT-5-mini, Llama3, mistral-large, and Titan tended to significantly
erode differences on topics humans found more divisive.

RQ-2a: Testing Against Stakeholder Priors. We select
topics from TopicMisinfo known through domain ex-
pertise to be either clearly non-divisive (e.g., Gold attention
checks) or clearly divisive (e.g., claims related to Abortion).
For non-divisive topics, stakeholder intuition strongly sup-
ports minimal or no demographic differences; thus, we ex-
plicitly set E[D(ci)] = 0. Similarly, for divisive topics, set-
ting E[D(ci)] = 0 serves as a falsification test: substantial
deviations from zero confirm that the model appropriately
simulates expected group divergences. Thus, failing to re-
ject H0 for non-divisive topics aligns with stakeholder pri-
ors, confirming minimal simulated group differences. Con-
versely, rejecting H0 for divisive topics validates that simu-
lated opinions mirror expected demographic divergences.

RQ-2b: Testing against human annotations. When hu-
man survey data are available, we define E[D(ci)] =

µwoman
Human(ci) − µman

Human(ci). We then calculate gi = D̂(ci) −
E[D(ci)]. Although the gender gaps are estimated from dis-
tinct sources (LLM vs. human samples), the test is structured
as a paired one-sample analysis over the differences gi, with
standard error and degrees of freedom computed identically.
Rejection indicates meaningful divergence between LLM-
simulated and human-annotated gender differences.

Results (see Tables 1–2).
• Exaggeration on consensus topics. In Quality Check

2a, all models except GPT-4 and Mistral report spurious
gender gaps on the Gold “circle-is-round” topic (p < α),
indicating oversensitivity to gender distinctions. In Qual-
ity Check 2b, the GPT-3.5 family of models exaggerate
disagreement relative to human survey data on less polar-
izing topics like entertainment, health & science, U.S.
politics, and climate.

• Erosion on divisive topics. Other models—including
GPT-4, GPT-4.1, GPT-5-mini, LLaMa3, Titan, and
Mistral—tend to erode known gender differences, even
on topics with well-established disagreement. Quality
Check 2a shows that GPT-4, GPT-5-mini, and Mistral
fail to reflect divergent opinions on abortion, and Qual-

ity Check 2b reveals that these models, in addition to
GPT-4.1, Titan and LLaMa3, also underrepresent hu-
man gender-level disagreement on topics such as Black
Americans, LGBTQ issues, and Illegal Immigration,
yielding significant negative ḡω scores (p < α).

Take-away. Current LLMs often misalign with stake-
holder priors—some exaggerate less divisive claims, oth-
ers erode salient divides. Further, there are clear differences
between the models tested: the GPT-3.5-turbo variants tend
to be guilty of exaggerating gender-level differences, while
GPT-4, Llama 3, Mistral, and Titan tend to erode differences
across topics, both when conditioned on prior expectations
and on small sample survey data.

Benchmarking Experiment
In the previous section, we tested our quality checks us-
ing the backstory prompting approach across several differ-
ent models. To assess alternative strategies, we benchmark
this approach against two others prominent in the literature:
fine-tuning (Namikoshi et al. 2024) and in-context learning
(Karanjai et al. 2025). Specifically, we use only the GPT-
3.5c checkpoint to control for variation across model archi-
tectures and focus on comparing simulation strategies. We
test the following strategies:

1. Prompt Engineering: Two variations of backstory
prompts (“Cond. Prompt 1” and “Cond. Prompt 2”),
which differ in framing and specificity of demographic
identity, direct the model to simulate opinions from spe-
cific demographic perspectives. See Appendix 4 for ex-
act prompt specifications.

2. Fine-Tuning: We fine-tune GPT3.5c on the average hu-
man ratings for each condition (men, women, overall
average) using 40 claims from TopicMisinfo, yield-
ing 120 training examples. Fine-tuning is performed over
three epochs. See Appendix 6a for more detail.

3. In-Context Learning (ICL): We test two strategies:
(a) Random Sampling (RS-ICL), where prompts in-
clude random labeled examples for each condition (men,
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Method QC1a QC1b QC2a QC2b

Cond. Prompt 1 44% 25% 50% 70%
Cond. Prompt 2 44% 50% 0% 70%
Fine-tuning 19% 25% 100% 100%
RS-ICL 56% 50% 50% 100%
NN-ICL 88% 0% 50% 90%

Table 3: Performance on quality checks across methods.
Fine-tuning improves alignment, but not logical consistency
compared to baseline.

women, overall average), and (b) Nearest Neighbor
(NN-ICL), where prompts include the most semantically
similar claims and their associated labels based on cosine
similarity. See Appendix J for more detail on methodol-
ogy and examples.

Experimental Setup We partition the TopicMisinfo
dataset into 120 held-out claims for evaluation and 40 claims
for training or in-context injection. We reapply our baseline
prompt engineering methods to the held-out set, fine-tune on
human-labeled examples, and construct in-context prompts
using the 40 available claims. Each method is evaluated us-
ing a summary metric of our quality checks. For QC1a, we
report the proportion of p0 thresholds passed across four top-
ics. For all other checks (QC1b, QC2a, QC2b), we report the
percentage of topics for which the method successfully sat-
isfies the quality criterion.

Results Table 3 summarizes outcomes. Relative to the
baseline approach of backstory prompting (Cond. Prompt 1
and Cond. Prompt 2), we find that: Fine-tuning achieves
perfect alignment with priors and human data (QC2a/b =
100%) but degrades logical coherence (QC1a/b); Random-
sample ICL matches fine-tuning on QC2b and retains mod-
erate logical consistency; Nearest-neighbor ICL delivers
the best score on the weak test for logical consistency (QC1a
= 88%) yet dramatically fails the strong test (QC1b = 0%).
Notably, all methods struggle on QC1b, underscoring the
open challenge of producing a stable “average” reference
population.

Discussion
LLMs offer a promising avenue for simulating demographic
opinions efficiently without immediate reliance on costly
human-generated data. However, ensuring these outputs
truly capture nuanced human perspectives remains challeng-
ing, particularly because LLMs often produce superficially
coherent but logically flawed responses. To address this, we
introduce an early-stage assessment targeting logical consis-
tency and alignment with stakeholder expectations. These
tests can help organizations quickly evaluate whether sim-
ulated opinions from LLMs justify deeper investment and
development in their particular application domain.

Applying our quality checks, we uncovered signif-
icant logical inconsistencies: specifically, most models
(80%) produced “average” opinions more extreme than

demographic-specific predictions, violating basic statisti-
cal logic. Unlike logical inconsistencies of LLMs exposed
in previous research—for example, mutually incompati-
ble factual beliefs (Kassner et al. 2021), self-inconsistent
chain-of-thought traces (Wang et al. 2022), violations
of basic propositional logic (Ghosh et al. 2025), or
within-passage contradictions (Mündler et al. 2024)—these
errors indicate fundamental logical flaws at the distributional
level. Practitioners cannot simply acknowledge and proceed
despite these errors; they must reconsider or even abandon
flawed simulation strategies entirely.

Further, our checks reveal systematic discrepancies with
stakeholder expectations. Older models (like GPT-3.5-turbo)
tend to exaggerate opinion differences even on obviously
non-divisive claims, risking harmful stereotyping or ineffi-
cient resource allocation. Conversely, newer models (GPT-
4, GPT-4.1, GPT-5-mini, LLaMa3, Mistral, Titan) often ob-
scure genuine demographic divides on controversial top-
ics, potentially masking critical areas affecting particular
groups. Importantly, we find that the magnitude of gender-
level differences observed in QC2a correlates with the direc-
tion of the errors observed in QC2b, suggesting that testing
clear-cut cases aligned with stakeholder priors—even in the
absence of extensive human data—provides a valuable pre-
liminary quality check of LLM reliability.

Finally, in a benchmarking experiment, we found that
fine-tuning and in-context learning generally improve align-
ment with stakeholder expectations, but they do not substan-
tially outperform backstory prompting in terms of generat-
ing a stable reference population (QC1b). These results sug-
gest that current methods remain limited in their ability to
produce stable, internally coherent simulations, highlighting
a promising avenue for future work.

Limitations Our study provides a reusable framework for
early-stage evaluation of LLM-simulated opinions, but sev-
eral factors define the boundaries of its current scope and
suggest directions for future work. First, in our empiri-
cal results we benchmark exclusively instruction–tuned lan-
guage models, as prior literature suggests that such models
are likely to perform better than others on instruction–style
prompts. The proposed tests are agnostic to model type, but
we leave evaluation of base models to future work. Second,
our experiments use only two binary gender personas and an
unprimed “average” persona as proof of concept. We con-
strain ourselves to binary gender due to limitations of the
human data, and in Appendix H we show how QC1 can
be extended to non-binary gender. Crucially, in many appli-
cation domains the relevant demographic or psychographic
spectrum is much richer. Identifying all important subgroups
and capturing their diversity remains an open challenge;
omitting a salient group can invalidate the average–persona
check and obscure meaningful variation. Finally, the hu-
man annotator pool for our TopicMisinfo dataset is predom-
inantly male (≈ 69% men, 31% women). Although QC2b
uses only subgroup–specific means and is therefore unaf-
fected by the imbalance, this gender distribution could in-
fluence population-level statistics if the dataset is reused for
other purposes.
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Risk Management: Logical Consistency From a risk
management perspective, the choice between weak and
strong logical consistency tests should align directly with
the intended use of LLM-simulated outputs. In preliminary
evaluations or exploratory research, the weak test—which
verifies that average responses for each claim lie within
the range defined by subgroup opinions—might suffice as
a basic sanity check. However, in high-stakes resource-
allocation scenarios such as prioritizing claims for fact-
checking or deciding which content requires urgent human
moderation, the strong test becomes crucial. For example,
if a fact-checking organization uses a simulated “average”
opinion as a baseline to determine whether specific demo-
graphic groups are disproportionately affected by misinfor-
mation, the average stance must represent a consistent, inter-
pretable reference population. Inconsistencies in this aver-
age opinion could obscure whether certain groups genuinely
require attention, leading to misallocation of limited fact-
checking resources. Thus, adopting the strong test in such
settings ensures stable benchmarks, supports defensible al-
location decisions, and enhances overall reliability in high-
consequence decision-making processes.

Risk Management: Alignment with Stakeholder Expec-
tations Organizations should prioritize testing whether
model outputs align with clear common-sense or domain-
specific expectations, paying close attention to discrepancies
with their justified priors. For instance, an error of exagger-
ation of differences between groups on a non-divisive issue
is likely a more serious error than an error of exaggeration
on an issue known to be divisive. Moreover, while our cur-
rent metrics focus on mean differences in opinion distribu-
tions, some stakeholders may prioritize other distributional
properties—such as variance or skew of opinions (Bui et al.
2025; Wang, Morgenstern, and Dickerson 2025). Our frame-
work is flexible: the test statistics we propose can be adapted
to target other distributional moments.

Conclusion By applying quality control checks that sur-
face logical consistency and alignment with stakeholder ex-
pectations, practitioners can determine whether an approach
to opinion simulation clears a basic threshold for reliabil-
ity before devoting significant resources to collecting large-
scale human reference data. An approach that meets these
conditions may still require subsequent testing and tuning,
but it at least demonstrates fundamental viability. If it fails
on multiple fronts, stakeholders should carefully consider
whether an LLM-driven approach is worthwhile or whether
alternative data-centric or human-led solutions would be
more consistent and trustworthy.
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