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Abstract

Technological advancements, such as Large
Language Models (LLMs), offer a potential so-
lution to the two-faceted problem facing social
science researchers: rising costs and declining
response rates. The use of artificial personas
is a budding practice, where chatbots are given
the demographic characteristics of the person
they are supposed to role-play as and answer
questions for researchers. Before scholars and
practitioners augment or replace the data cre-
ated by interviewing humans, it is essential to
understand how well models perform in gener-
ating accurate, reliable, and robust data, with
concerns that the training of LLMs results in
a bias towards the norms of WEIRD cultures.
We present a procedure for practitioners to use
to evaluate the quality of their synthetic data
by measuring Intra Class Correlation (ICC),
Earth Mover Distance (EMD), Variance, Hedg-
ing, and demographic drivers of LLM output.
We find that the models may generate plausi-
ble results in the aggregate, but these synthetic
data do not exhibit the depth or nuance of hu-
man respondents. Secondarily, we find that
despite having generated definitive answers on
a ten-point scale, the reasoning provided by
the LLM exhibited varying degrees of hedging
that do not consistently align with the LLM’s
answer. The distortion of the results was not
uniformly distributed; instead, the effects were
more extreme for some demographic groups.
Our findings suggest that the technology gener-
ating synthetic survey data may not be mature
enough to address the increasing challenges
of interviewing humans for public opinion re-
search. Code and data are available in Github.1

1 Introduction

The evolution of LLMs underlying Artificial Intel-
ligence (AI) tools suggests that the technology may
be approaching the limits of the Turing Test (Rein-
bold, 2020; Bhatnagar, 2026), moving from sim-

1rvenka31/llm-proxy-public-opinion-surveys

ple imitation to sophisticated impersonation. Re-
searchers face the question of how AI will change
social science research, specifically in how it is
conducted. Recent scholarship indicates that hu-
mans are already struggling to distinguish between
human-authored and LLM-generated text (Kreps
et al., 2022). This blurring of lines presents a fun-
damental challenge for social science researchers:
if general audiences cannot discern the origin of
content - human or AI, researchers may soon face
an increasingly difficult task in distinguishing syn-
thetic and authentic data. Before social science
researchers embark on the utilization of synthetic
or manufactured data, it must be reliably compara-
ble to human responses, and we must understand
how those results are generated.

Research budgets are stretched due to declining
survey response rates (Eggleston, 2024) attributed
to a variety of technological changes, such as the
adoption of answering machines (Oldendick and
Link, 1994), caller ID (Link and Oldendick, 1999),
cell phones (Brick et al., 2007), and call screening
conducted by AI agents on modern smartphones
(Markus, 2025). Technological change is not the
only cause for declining response rates as non-
researchers, such as telemarketers, contributed to
public’s aversion to answering the phone (Link
et al., 2006). These factors combined with the
public’s eroding trust in institutions like pollsters
(Johnson et al., 2024) create an environment where
conducting the “gold standard” of probabilistic tele-
phone research is both more difficult and more ex-
pensive. As researchers moved to online surveys,
they faced challenges in data quality between col-
lection modes (Couper and Miller, 2008), similar to
the differences in data between self-administered
paper interviews and telephone interviews (Van-
nieuwenhuyze et al., 2010). Against the backdrop
of rising costs and the ubiquity of internet access,
non-probability panels and opt-in surveys are more
commonly used for survey experiments and data
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Figure 1: A visual overview of the research framework, illustrating the relationship between demographic inputs and
representational fidelity compared on the American Values Survey between human responses and LLM responses.
Human responses include only their Final choice, marked on a Likert scale from 1 to 10. LLM responses also
include inference-time tokens called reasoning traces.

collection (Callegaro and DiSogra, 2008). Due
to the costs of probability sampling designs, non-
probability panels are increasingly used, especially
when trying to interview hard-to-reach populations,
often young people, men, and people of color (Py-
rooz et al., 2025).

Just as widespread internet access once made
online and non-probability sampling more com-
mon, the release of ChatGPT 3.5, along with other
similar models, has given researchers the oppor-
tunity to leverage new means to answer questions
in new ways (Hayashi, 2024). This opportunity
puts researchers in a tough position: between the
rock of methodological rigor and the hard place
of rising costs fueled by declining response rates.
Like online surveys, a method for collecting data
more cheaply and quickly is tempting. Given this
temptation, this paper investigates the viability of
using synthetic responses generated by LLMs to
measure public opinion.

Synthetic data are manufactured data designed
to mimic real-world data by using techniques like
deep learning and generative AI (Joshi et al., 2024).
It is also referred to as “silicone samples”, when
tasked to mimic human participants in public opin-
ion surveys (Argyle et al., 2023). Using synthetic
data is appealing for several reasons. Unlike hu-
mans, LLMs are unlikely to suffer from interview
fatigue where interpreting and answering a few
dozen questions weighs on one’s cognitive abil-
ity, potentially biasing future answers in the sur-
vey (Ghafourifard, 2024). Related to fatigue, hu-
mans satisfice by skipping optional questions, say-
ing they don’t know, or providing incomplete an-
swers to finish the interview faster (Krosnick, 1991;
Krosnick et al., 2002). LLMs are programmed to

complete interviews as instructed, whereas humans
may be interrupted, uninterested, skeptical of the
prompts, and decide to terminate mid-interview.
Humans can be difficult to reach at certain times
of day or the week (Weeks et al., 1987), whereas
LLMs can be summoned at any time. With the
exception of computational costs, LLMs do not ask
for financial incentives to participate in research,
providing ample opportunity for experimentation.
Humans can experience difficulty reading or hear-
ing, whereas LLMs are not restricted by the senses.
Humans either decide to participate in an interview
out of their own personal motivations, whether that
is to help the researcher, to advance research, or to
receive an incentive (Hjortskov et al., 2023). LLMs,
on the other hand, are programmed to follow in-
structions and act upon demand.

LLMs exhibit similar problematic behaviors to
humans. As humans will lie, LLMs lie or halluci-
nate the facts (Farquhar et al., 2024). As humans
may experience acquiescence bias, being more
agreeable to minimize conflict (Davis et al., 2019),
LLMs have shown affirmative or positivity bias,
saying yes or agreeing with the human prompting
the tool (Fanous et al., 2025). LLM outputs are
subject to multiple sources of variability: prompt
formulation, chain-of-thought instructions, and in-
ference parameters such as temperature, top_p, and
top_k — all of which control output randomness
and can reduce reliability (Li et al., 2025; Wei et al.,
2022). Similarly to noticing social cues and norms,
LLMs often gravitate to the mean and can show
less variation than would be observed with real
data (Xie and Xie, 2025). Like humans having
blind spots, the training data for underrepresented
groups could bias output and lead to inaccurate syn-
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thetic data that could harm research of marginalized
groups (Foka et al., 2025; Santurkar et al., 2023).
As humans learn throughout the day, obtaining new
information, LLMs gain new information to up-
date their foundational model and training data, or
through fine-tuning and prompting, creating pos-
sible knowledge gaps or incomplete datasets that
result in less accurate output.

Incorporating synthetic samples creates many
opportunities for cost savings and experimentation,
but also introduces significant risks regarding data
quality and representativeness. This paper seeks to
navigate this “new world” of survey methodology,
specifically exploring the rise of using LLMs to
create synthetic or artificial data to measure public
opinion. Looking to elicit values and morals em-
bedded in an LLM to compare against human re-
spondents is an evolving research direction (Pistilli
et al., 2024; Jiang et al., 2024). The World Values
Survey (Haerpfer et al., 2022) collects responses
from human participants worldwide and has been
adapted for LLM evaluation in works such as (Zhao
et al., 2024), which evaluated LLMs on the implicit
and explicit values they express across different
test settings. The OpinionQA dataset captures mis-
alignment in steering LLMs with given persona
on ATP questionnaires. (Santurkar et al., 2023)
While there is growing evidence that LLMs exhibit
WEIRD (Western, Educated, Industrialized, Rich,
and Democratic) alignment (Zhou et al., 2025),
very few works (Santurkar et al., 2023) have looked
into this alignment. Yet the focus of these works
was broad and not solely on American values, de-
spite their centrality to the Western dimension of
WEIRD. Since LLMs tools offer the potential for
richer, conversational data collection, they require
a rigorous framework for measurement and evalu-
ation. For synthetic data to be viable, we must be
able to: (1) Quantify Model Behavior: Develop
metrics to measure the tendency of models to pro-
vide cautious, non-committal answers—and other
stylistic artifacts. (2) Define Appropriateness: Es-
tablish benchmarks for when synthetic data is an
acceptable proxy for human opinion and when it
introduces unacceptable error. (3) Assess Output:
Apply established metrics to ensure the validity
of social science research without compromising
quality.

Ultimately, while LLMs offer innovative paths
for pre-testing and imputing missing data, their role
in representing the collective “voice” of the public
must be scrutinized. We must determine if we are

accurately measuring opinion or simply reflecting a
distorted version of the past. Therefore, before syn-
thetic data can be considered a valid proxy, we must
develop strict frameworks to measure its failures,
focusing on its demographic stereotyping and artifi-
cial confidence. To that end, this research critically
evaluates model behavior through the following
questions

RQ1: To what extent do LLM responses
align with human respondents across demographic
groups?

RQ2: To what extent do demographic variables
influence LLM responses relative to human re-
sponses?

RQ3: How does model selection, scale, prompt-
ing, and reasoning influence LLM performance?

We will analyze LLM responses across different
demographic inputs to identify patterns of stereo-
typing and misrepresentation, establishing when
synthetic data serves as an acceptable proxy for
human opinion and when it does not. By systemati-
cally mapping failure points, we intend to help with
the adoption decision of these tools in survey-based
social science research.

2 Methodology

2.1 Data

To answer these questions, we simulate synthetic re-
sponses for individual human profiles based on the
actual survey. Our source dataset is the American
Values Survey (N = 6, 077), comprising 34 ten-
point Likert-scale value statements aggregated into
three subscales: Liberty, Equality, and Progress
(Gibson and Lipinski, 2021). The survey was con-
ducted in 2021 by Sienna University 2 and it is de-
tailed in Appendix §A.1. Among the demographic
information captured, we select 9 demographic
variables (Age, Race, Ethnicity, Gender, Employ-
ment, Education, Political Affiliation, State, and
Voter Registration) for our experiment.

2.2 Models

We evaluate four open-access instruction-tuned
models: Llama-3.1-8B-Instruct, Llama-3.3-70B-
Instruct (Grattafiori et al., 2024), Olmo-3-7B-
Instruct, and Olmo-3.1-32B-Instruct (Olmo et al.,
2025). They were selected to explain two effects:
parameter count (8B/7B vs 32B/70B) to test if
size increases demographic sensitivity, and model

2https://sri.siena.edu/the-american-values-study/
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family (Llama vs Olmo) to assess the generaliza-
tion within open-access US-based models across
architectures. For each human respondent hi in
the dataset, we construct a persona-based system
prompt P (hi) that includes all 9 demographic at-
tributes and generate k = 5 responses using a tem-
perature of τ = 0.1, which introduces minimal
stochastic variation. Detailed prompt and hyperpa-
rameter settings are provided in the Appendix §A.2.

2.3 Prompts
We experiment with two prompt variants to as-
sess the impact of “chain-of-thought” (CoT), which
prompts the model to think step-by-step (Wei et al.,
2022; Kojima et al., 2023).
Final Choice First (FCF): Prompting the model to
provide a numerical score for each value question
before articulating its reasoning trace.
Reasoning First (RF): Prompting the model to
first generate a detailed reasoning trace before ar-
riving at a numerical score for the value question.
This design allows us to quantify the effects of CoT
and its order on the model’s behavior. The lan-
guage of the two prompts is identical, except for
the order of the reasoning and final choice. The
complete prompt is provided in the appendix Table
4.

2.4 Evaluation
We define three complementary metrics to quantify
the model’s performance in survey simulation.

1. Behavioral Consistency: Using Variance σ2

and Intra Class Correlation(ICC), we capture
the consistency of the model’s score across
iterations and for the same demographic pro-
file. We use ICC(1,1) to assess the reliability
of individual iterations and ICC(1,k) to assess
consistency across the full set (Shrout and
Fleiss, 1979).

2. Alignment Quality: We use a combination
of Wasserstein Distance/Earth Mover Dis-
tance (EMD) and Variance ratio to assess
how LLM scores align with human respon-
dents and whether they vary in a similar vein
to the human respondents for a given ques-
tion. Using EMD, we measure the model’s
simulated score distribution against human
ground truth for value constructs, thereby cap-
turing representational distortion, as in (Zhao
et al., 2024). Variance ratio, unlike iteration
variance (captured by ICC), assesses whether

the LLM differentiates between demographic
groups to the extent that human respondents
naturally differ on a value question. Together,
these two measures characterize each ques-
tion along two dimensions: how far the LLM
deviates from human responses (EMD) and
whether it responds to demographic variation
proportionally (variance ratio).

3. Hedging% (H%): Quantifies the model’s
epistemic uncertainty by analyzing the fre-
quency of hedging language in the reasoning
traces for the simulated scores. We quantify
the model’s uncertainty by analyzing the rea-
soning trace. Using a verified lexicon of hedg-
ing markers Lhedge (e.g., “assume”, “even
though”, “appears to”) from (Islam et al.,
2020), we calculate the Hedging% H% as
the proportion of words that are hedging
words across the k iterations. There are 657
unique hedging markers grouped into three
categories: hedge words, booster words, and
hedging phrases. For this analysis, we group
the three categories into a single category, i.e.,
hedging. Using Spacy’s tokenization, we iden-
tify hedging in the reasoning trace by group-
ing words and phrases.

Together with the three dimensions, we can as-
sess the model’s behavioral rigidity, representa-
tional distortion, and epistemic amplification or
suppression across different demographic profiles.
The first two dimensions (consistency and align-
ment) capture the model’s rigidity, ensuring that
LLMs are sufficiently replicative, and explain rep-
resentational distortion by focusing on the score
distributions and their divergence from human re-
sponses. The third metric (Hedging%) captures the
model’s reasoning uncertainty during generation,
which may reflect its confidence in the assigned
scores and its awareness of potential biases or limi-
tations in its knowledge.

2.5 Regression

Using metrics derived from the evaluations and ad-
ditional targets, we specify LLM score, Absolute
Error (|LLM score - human score|), Signed Error
(LLM score - human score), and Hedging% as de-
pendent variables in the Ordinary Least Squares
(OLS) regression analysis to identify the demo-
graphic drivers of the above dependent variables.
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Figure 2: Score distribution between 4 LLMs in 2 Prompt Styles (FC and RF) and Human scores with metrics
ICC(1,1), ICC(1,k), Wasserstian distance (EMD) and variance ratio

The regression model is specified as follows:

Yi,q = β0 +
D∑

d=1

bdXi,d + αq + ϵi,q (1)

where Yi,q is the dependent variable (either LLM
score, Abs. Error, Sign. Error or H%) for respon-
dent i and the question q pair. Xi,d represents the
dth demographic feature for the respondent i, bd is
the corresponding unstandardized coefficient, αq is
the fixed effect of the value questions and ϵi,q is the
error term. Categorical variables are encoded using
one-hot encoding. Age and State are aggregated
into groups for reducing dimensionality. Age is
categorized into age_groups (18-29, 30-44, 45-64,
65+), and States are converted into regions (North-
east, Midwest, South, West). We report partial R2

and coefficients (b) to quantify the explained vari-
ance in the outcome attributable to demographics
after accounting for question fixed effects, and to
quantify the magnitude and direction of the effects
of demographic characteristics on the outcome. Ad-
ditionally, we include the LLM’s numeric output
(final_choice) as a predictor of the dependent vari-
able H% to assess whether the model’s language
correlates with its internal certainty. A significant
effect would suggest the LLM’s persona maintains

stylistic consistency with its scores; specifically,
a negative coefficient would indicate the model
hedges less as its assigned scores increase.

3 Results

3.1 Behavioral Rigidity

ICC(1,1), ICC(1,k) that captures the single run
and iterative reliability are shown in the Figure
3. The FCF strategy demonstrates high reliabil-
ity overall. Llama-3.1-8B achieved the highest
consistency, with ICC(1,1) = 0.94 and ICC(1,k)
= 0.99, indicating near-perfect agreement across
runs. Olmo-3-7B and Olmo-3.1-32B also showed
strong reliability (ICC(1,1) = 0.96 and 0.93, respec-
tively). Examining individual dimensions, relia-
bility varied considerably. For the Liberty dimen-
sion, Llama-3.1-8B showed very low reliability
(ICC(1,1) = 0.03). For the Equality dimension,
most models performed well, with Llama-3.3-70B
reaching ICC(1,1) = 0.96. The Progress dimension
was more variable: Llama-3.3-70B yielded a near-
zero ICC(1,1), indicating no reliable agreement,
while Olmo-3-7B and Olmo-3.1-32B maintained
good reliability (ICC(1,1) of 0.88 and 0.85, respec-
tively). Under the RF strategy, overall reliability
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was generally lower than in the FCF condition.
Dimension-level patterns echoed those observed
in the FCF condition. Overall, results indicate that
the FCF prompting strategy yields higher inter-rater
reliability than the RF strategy across models and
dimensions. Larger models (Llama-3.3-70B, Olmo-
3.1-32B) tend to produce more consistent scores
regardless of strategy.

EMD, and variance ratio for each model, prompt
style, and value dimension are shown in Figure
2. The prompt style affects the LLama and Olmo
models differently. With FCF Llama-3.1-8B and
Llama-3.3-70B has the highest EMD of 1.12 and
1.04. In contrast, Olmo-3.1-32B (EMD = 1.01) and
Olmo-3-7B (EMD = 0.0.92) showed considerably
lower overall deviation. With RF, the pattern is par-
tially reversed. Llama-3.3-70B showed a marked
30% reduction in overall EMD (EMD = 0.72) com-
pared to its FCF value. The Olmo models, however,
increased with RF: Olmo-3-7B (EMD = 1.18) and
Olmo-3.1-32B (EMD = 1.03) both rose substan-
tially from their FCF values. For a breakdown by
model family, construct, and prompt style, refer to
the Appendix Tables 6 to 10.

Figure 3: ICC(1,1) and ICC(1,k) where k=5 showing
the overall and invidual dimension reliability

3.2 Regression

The regression analysis in Table 1 reveals that de-
mographic variables explain LLM score outcomes
at an average of 68% (range: 38%–91% across
models and prompt combinations), compared to
just 9% for human responses. For the outcome
H%, demographic variables explain on average
71% of the variation (range: 48%–89%). Absolute
Error (15%) and Signed Error (21%) are more mod-
estly explained by demographics alone. Across all
models and prompt styles, predictors that appear in
the top 20 in at least 6 out of 8 models and prompt
combinations are included in 1. Political affiliation

emerged as a consistent and substantively mean-
ingful predictor across all four outcomes. Com-
pared to Democrats, Republicans received lower
LLM Scores, higher Hedge%, and greater Abs. Er-
ror, suggesting that LLMs assign less favorable
scores, hedge more frequently, and deviate more
from human scores when evaluating for a repub-
lican persona. Being a registered voter was asso-
ciated with higher LLM Scores (β = .23, 100%),
lower Hedge%, and lower Abs. Error (β = −.13,
100%). Employment status showed consistent ef-
fects. Unemployed respondents received substan-
tially lower LLM Scores (β = −.24, 100%), higher
Hedge%, and greater Abs. Error (β = .14, 100%).
Part-time employed respondents similarly received
lower LLM Scores. Education effects were no-
tably uneven. Notably, respondents with only a
grade-school education exhibited the largest co-
efficient Abs. Error and Sign. Error (β = .45,
100%;β = .31, 100%), despite not appearing to
be consistent predictors of LLM Score or Hedge%.
High-school educated demographic received lower
LLM Scores and greater Absolute Error, but neg-
ative Signed Error (β = −.22, 100%), indicat-
ing systematic underestimation relative to human
scores. Non-binary respondents showed substan-
tially higher Abs. Error and Sign. Error (β = .26,
100%;β = .33, 100%), suggesting more distribu-
tional deviation in model responses, while trans-
gender respondents were associated with notably
over estimation in Sign. Error (β = .53, 100%)
and lower Hedge% (β = −.16, 100%). Com-
pared to the reference youngest age group (18–29),
older respondents (30–44, 45–64, 65+) received
lower Sign. Error scores indicating under esti-
mation (β = −.34, 100%; β = −.43, 100%;
β = −.57, 100%). Age was not a consistent pre-
dictor of Hedge%.

4 Discussion

4.1 Demographic Influence on Model Size and
Prompt Style

Model size and prompt style interact — larger mod-
els (Llama-3.3-70B, OLMo variants) achieve good
reliability (ICC(1,1) and ICC(1,k)) under FCF, but
only larger models maintain acceptable reliability
under RF. Llama-3.1-8B fails the reliability thresh-
old under RF on most dimensions and should be
treated as unsuitable for consistent scoring regard-
less of prompt style. Both OLMo-3-7B and OLMo-
3.1-32B sit above 0.75 on most dimensions under
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Table 1: Consistent significant demographic predictors
of LLM response outcomes and their average coefficients

Predictor LLM Score Abs. Error Sign. Error Hedge%
R2[min,max] .68 [.38,.91] .15 [.04,.22] .21 [.06,.33] .71 [.48,.89]

Political affiliation (ref: Democrat)
Republican −.12∗ (88%) .13∗ (100%) .01∗ (100%) .01∗ (100%)
Independent −.08∗ (100%) .09∗ (100%) — .05∗ (75%)
Other −.10∗ (100%) .22∗ (100%) .13∗ (88%) —

Voter registration
Registered (Yes) .23∗ (100%) −.13∗ (100%) — −.04∗ (88%)

Employment (ref: Full-time)
Unemployed −.24∗ (100%) .14∗ (100%) — .05∗ (75%)
Part-time −.11∗ (100%) — — .03∗ (100%)
Other — — — —

Education (ref: Bachelor’s)
Grade school — .45∗ (100%) .31∗ (88%) —
High school −.09∗ (88%) .12∗ (100%) −.22∗ (100%) .01∗ (75%)
Some coll/trade — .06∗ (88%) −.15∗ (100%) .04∗ (100%)
Graduate/Prof. .07∗ (100%) — — .03∗ (88%)

Race (ref: Other/non-listed)
White/Cauc. .08∗ (88%) — — .07∗ (88%)
Asian .01∗ (88%) — −.26∗ (100%) .06∗ (75%)
Native American −.09∗ (88%) .22∗ (100%) — —
Black/Afr. Amer. — — −.20∗ (100%) —

Age group (ref: 18–29)
30–44 years — −.06∗∗ (88%) −.34∗ (100%) —
45–64 years −.01∗ (100%) −.12∗ (100%) −.43∗ (100%) —
65+ years −.01∗ (100%) −.16∗ (100%) −.57∗ (100%) —

Gender (ref: Female)
Male −.01∗ (88%) — — .01∗ (88%)
Non-binary — .26∗ (100%) .33∗ (75%) —
Transgender — — .53∗ (100%) −.16∗∗ (100%)

Hispanic ethnicity
Hispanic (Yes) — — −.14∗ (100%) −.04∗ (75%)

Positive coefficients, Negative coefficients * p < .001. ** p < .01.
(%) indicates occurance of the predictor in top 20 significant predictor for the 8 cases (4
Models and 2 Prompt types).
— not in top 20 in <75% or 6 out of the 8 cases.

FCF, and largely above 0.75 on Overall under RF
2. They’re the most reliable scorers across both
prompt styles.

Forcing the model to generate a “Chain of
Thought” introduces additional context beyond the
direct lookup of stereotypes and lowers the artifi-
cially high R2. However, even with context, the
LLM R2 remains roughly 7x higher than the hu-
man baseline (See Appendix Table 2), indicating
the bias is deep-seated.

LLaMA models exhibit a clear scaling effect,
with the larger 70B model showing lower R2 val-
ues than the smaller 8B model across both prompt
styles, suggesting that larger models allow for
greater response variance. The smaller OLMo
7B shows an extremely high R2 (0.86–0.96), in-
dicating responses are almost entirely driven by
demographic inputs. While the larger OLMo 32B
reduces this determinism under the FCF prompt
style, it does not do so consistently under the
RF prompt, suggesting that chain-of-thought style
prompting may lead models to construct explicit
demographic rationales, reinforcing rather than
moderating stereotype-driven responses. Taken to-
gether, these patterns suggest that LLMs broadly
simulate demographic archetypes rather than in-
dividual variation, with model size offering only
partial mitigation. This tendency is most pro-

nounced for specific constructs: for the Liberty
scale, LLaMA-3.1-8B reached an R2 of 0.96 (Re-
fer Appendix Table 2), indicating that for ques-
tions involving freedom and government constraint,
smaller models collapse almost entirely into stereo-
typical responses, leaving virtually no room for
within-group variance.

4.2 Dimension effect

Liberty emerged as the most divergent dimension
between human respondents and LLMs, with EMD
values peaking at 1.17 and the highest variance ra-
tio of 1.67 (Figure 2). Equality generally yielded
the lowest EMD values (0.89) and variance ratio
(0.96), particularly for larger models within the
same family. Progress showed intermediate EMD
(1.02) and variance ratio (1.05), though notable
spikes were observed for Llama-3.1-8B (EMD =
1.30 under RF), suggesting that reasoning strate-
gies do not uniformly reduce distributional bias and
may amplify it for certain model-dimension com-
binations. While Llama-3.3-70B demonstrated the
highest overall alignment under RF (EMD = 0.72),
models such as Olmo-3.1-32B showed that reason-
ing can exacerbate divergence in specific dimen-
sions, particularly Liberty and Progress. The lack
of inferential variation across dimensions raises
concerns about adopting a single model family or
prompt style with confidence.

4.3 Hedging

Hedging is a known LLM tendency to avoid com-
mitment, which would naturally distort survey sim-
ulation. The variation in hedging across demo-
graphics was an unexpected result, yet has sem-
blance to the findings from (Santurkar et al., 2023).
The bias was most pronounced across a few demo-
graphics and select questions. Whenever the model
is prompted with “Non-binary” or “Transgender,” it
immediately enters a “Safety Mode” characterized
by high hedging. This is evident from the strong
negative coefficients for these predictors in the
hedging regression. This could be due to the post-
training safety fine-tuning that penalizes the model
for making strong statements about marginalized
identities, leading to a default response of hedg-
ing when these identities are present in the input.
This could highlight the cautionary process, which
differs from typical model behavior arising from
under-representation in the training data or confu-
sion about the topic. Instead, it reflects a deviant
behavior often associated with sensitive topics in
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fairness and safety research. The model’s response
is not necessarily driven by confusion about the
topic itself, but rather by a learned behavior to
avoid making definitive statements about certain
identities, which results in increased hedging. The
quality of synthetic data is distorted when LLM
output is influenced by functions such as “Safety
Mode”.

Figure 4: Hedging predictors by demographics. Includ-
ing significant (p<0.05) predictors excluding states.

4.4 Demographic Caricature

LLMs act as mean-finders, generalizing toward the
average member of the population. Our results
from Table 1 suggest the WEIRD claim is only
partially justified for educated individuals . Sim-
ilar to (Santurkar et al., 2023), the response cari-
catures are aligned well with liberal and educated.
Additionally, the LLM does not follow the edges
of opinion but consistently seeks the center. De-
spite the inclusion of demographic context in the
artificial persona, LLMs remain fixated on certain
perceived monoliths (Unemployed, Grade School,
Non-binary, and Transgender). The models mostly
ignore the other demographic traits that make up
the intersectionality of the individual, thereby re-
stricting potential variation in synthetic output.

The results suggest that the LLM treats “Regis-
tered Voter” as a proxy for “Good/High Value Citi-
zen,” mechanically boosting the scores across the
board. LLMs underweight the environmental and
longitudinal factors like geography and age, opt-
ing instead to amplify “identity signals” like voter
registration or employment status that align with
the most frequent and often most biased patterns
in their training sets. Individual constructs show

pronounced stereotypes. Regarding the Progress
construct, the demographic indicator educ_Grade
school emerges as a substantial negative driver (co-
efficients ranging from -0.43 to -0.50). The model
appears to use “low education” as a heuristic, ef-
fectively decreasing scores on complex topics such
as economics and infrastructure. Similarly, par-
tyid_Republican serves as a dominant negative pre-
dictor for Equality (β = −0.40)). While empirical
human data often show lower scores for this group,
the model fails to replicate the substantial internal
variance found in human populations. Instead, the
LLM flattens the diverse spectrum of Republican
thought—from Libertarianism to Populism—into a
monolithic “Anti-Equality” coefficient. This high-
lights a critical failure in representational fidelity:
the model lacks the granular capacity to distinguish
between specific ideological motivations, such as
fiscal opposition to taxes versus social opposition
to equity programs, reinforcing the findings of
(González Barman et al., 2025) in an experimental
setting focused on eliciting diverse opinions.

5 Conclusion

This study provides both a procedure and substan-
tive results of evaluating the performance of select
open-source LLMs as synthetic respondents in sur-
vey research. While LLMs offer ample experimen-
tal opportunities and methods for generating hy-
potheses, the results of this study suggest that they
are currently inadequate substitutes for data col-
lected from human respondents. On the one hand,
the results generated by the different models and
prompting strategies were highly consistent across
iterations, whereas the substantive output from the
artificial data was less robust. The synthetic data
from the models and prompting styles used resulted
in extremely narrow variances in the data that fail
to capture the gradation of actual human responses.
Beyond the numerical results, the reasoning pro-
vided by the LLMs constituted a noncommittal,
unclear rationale that did not consistently support
their answers to the question. We approach the
adoption of LLM respondents in public opinion sur-
vey data with deep skepticism, positing that what
appears to be human-like opinion is often just a
highly probable text completion, stripped of gen-
uine human nuance. If researchers indiscriminately
adopt these tools and incorporate synthetic data in
published results, we risk measuring a distorted
version of training data and other noise rather than
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dynamic public sentiment.

Limitations

The aggregate results and questions associated with
this study were made publicly available in 2021
and may have been included in the models’ train-
ing data, potentially contaminating the synthetic
data and confounding its quality. This risk could
not be directly measured or controlled for in our
analysis. Furthermore, our prompt does not explic-
itly account for the effect of this 2021 data, which
was not included in the replication survey. The use
of a ten-point integer scale (0–10) is another limita-
tion, as it differs from more conventional response
formats such as binary, four-point, or three-point
scales, which may limit the generalizability of our
evaluation metrics. Another limitation identified
during the analysis was the conversion of respon-
dents’ age values from integers to age groups for
regression analysis, which limits the specificity for
making claims. Additionally, we don’t isolate the
post-training effect by comparing our Instruct mod-
els with their base-model counterparts, which in-
duces a noticeable performance shift, as noted by
(Santurkar et al., 2023). We encourage researchers
to consider these elements in future replications of
this study.
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A Appendix

A.1 American Values Survey Data

The American Values Survey was conducted by
Siena College Research Institute (SCRI) in 2021.
The respondents were from 50 states and the Dis-
trict of Columbia. Respondents were asked how
much they agree with 34 value statements cover-
ing core American values on Liberty, Equality, and
Progress. For our experiment we only kept ques-
tions related to the three value constructs and re-
moved questions not relevant to the values. The
survey was administered online, and initial atten-
tion checks were conducted to ensure high-quality
responses. Irrespective of demographics and incli-
nations, human respondents express a core sense
of embodying American values. This dataset offers
a unique opportunity to evaluate LLMs, as it com-
bines rich demographic information with clearly
demarcated group identities that, despite strong
internal affiliations, are united by a shared commit-
ment to a nation’s core values. The actual value
statements are shown in the Table 3.

A.2 Prompting LLMs

The LLM responses were forced to be in a struc-
tured format JSON to facilitate downstream anal-
ysis of the reasoning traces and final scores. The

detailed prompts are provided in Table 4. The
prompts are also similar to the actual survey ques-
tions, with only the input and output instructions
appended at the beginning and end of the survey
text for validity. The actual survey did not col-
lect reasoning traces, so we do not have human
ground truth for the reasoning component. Since
our experiment requires large-scale inference, we
use the VLLM library (Kwon et al., 2023). To gen-
erate multiple responses to the same prompt, we
use a temperature of τ = 0.1, since the ideal deter-
ministic temperature τ = 0 doesn’t conveniently
allow multiple iterations for the same input prompt
through the VLLM library. We dont limit the num-
ber of tokens generated by model. Apart from the
temperature k = 5 i.e. number of samples per in-
put is the only hyperparameter we modified. Rest
of the values were kept default. All four LLMs are
loaded from Hugging Face’s official model weight
collection. We don’t use any quantization. All the
models are run on NVIDIA A100 GPUs. We use 2
GPUs for the smaller 7B and 8B models and use 4
GPUs for the larger 32B and 70B models.

A.3 Evaluation Metrics
We tabulate the metrics used to compare the LLM
responses with human responses. The ideal and
poor values for each metric and their resultant in-
terpretations are tabulated for easier understanding
in Table 5. Behavioral consistency is a prerequi-
site for alignment evaluation — only models with
sufficient ICC reliability are meaningfully assessed
on alignment quality metrics. They could indicate
consistent distortion or consistent alignment. A
high ICC, alongside a low σ2, is a signature of con-
sistency and confidence, treating the demographic
profile as a fixed caricature rather than an opinion
distribution. We include a summary of the 5 met-
rics (ICC(1,1), ICC(1,k), variance ratio, EMD, and
Hedging%) used in the experiment, broken down
by Model, Construct, and prompt styles.

Table 2: Mean R2 [min, max] by scope.

Scope LLM Abs.Error Sign.Error Hedge% Human

Overall .68 [.38, .91] .15 [.04, .22] .21 [.06, .33] .71 [.48, .89] .09

By value construct:
Liberty .76 [.22, .96] .21 [.03, .38] .26 [.04, .46] .61 [.28, .87] .06
Equality .68 [.45, .91] .08 [.03, .16] .12 [.06, .30] .72 [.39, .93] .12
Progress .67 [.00, .90] .10 [.02, .21] .17 [.05, .38] .62 [.45, .83] .07

Note. Mean R2 across dimensions; [min, max] in brackets. Abs.Error is Ab-
solute Error and Sign.Error is Signed Error. Hedge% is where the average
hedging token present in the reasoning text is the target. Human R2 has zero
variance within each construct. Bold indicates R2 ≥ 0.70.
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Label Value Statement

Equality_1 All people are equal, regardless of race, ethnicity, gender, physical appearance, or any other
personal characteristic.

Equality_2 Treat others as you would like them to treat you.
Equality_3 No one is above the law.
Equality_5 The religious beliefs and practices of all people should be both protected and respected.
Equality_6 Any injustice to a single person is an injustice to all.
Equality_7 We are all, all of us, in this life together and we should look out for the well-being of

everyone else.
Equality_8 People may disagree but that is no excuse for being disagreeable.
Equality_9 No person is complete if they do not give of themselves in service to others.
Equality_10 Before making a judgement about someone else, try to walk a mile in their shoes.
Equality_11 In order for us all to live together, each of us has to make concessions.
Equality_12 Not everyone starts off with the same set of tools or skills, sometimes we need to level the

playing field by giving some people a head start.
Equality_13 Because we only have one planet, protecting our environment is a priority.
Equality_14 Steps must be taken to protect people from those who lie and cheat.
Equality_15 Each of us should have an equal chance to be successful.
Equality_16 Every American has the right and responsibility to vote.

Liberty_1 No one, not even the government, should be able to restrict another’s pursuit of happiness.
Liberty_4 The benefits of investing capital and hard work rightfully belong to the entrepreneur that

accepted the risk.
Liberty_5 You only live once: seek to experience all that life has to offer.
Liberty_6 No one should tell me how to live, how to love or what to think.
Liberty_11 Each of us has the power to pull ourselves up by our bootstraps, that is, to take control of our

own destiny.
Liberty_12 What you know is more important than who you know.
Liberty_13 Each of us is free to follow our own unique path in life.
Liberty_14 Stand on your own two feet without reliance on other people, organizations or the govern-

ment.
Liberty_15 Owe nothing and expect nothing in return.
Liberty_16 Everyone can speak their mind in public regardless of the viewpoint without fear of punish-

ment.

Progress_1 Success comes to those that dedicate themselves to making the most of their abilities.
Progress_2 Advances in areas like health, technology, business, or personal development, rely on the

careful application of science.
Progress_3 Give a person a fish, and you’ll feed them for a day. Teach a person to fish, and you’ve fed

them for a lifetime.
Progress_4 A penny saved is a penny earned.
Progress_5 Having specific goals, whether those goals involve personal, economic, artistic or societal

achievements, is the best way to proceed in life.
Progress_6 It is important to achieve something specific and measurable each and every day.
Progress_7 Every problem has a solution.
Progress_8 Tomorrow always holds the possibility of being a better day.
Progress_9 Time is money.

Table 3: Survey constructs and full value statements used in the evaluation.
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Final Choice First (FCF) Prompt Template

Your demographic information is given in JSON format
{’state’: ’Rhode Island’, ’gender’: ’Female’, ’age’: 60.0, ’hispanic’: ’No’, ’race’:
’Caucasian/White’, ’education’: ’Graduate or Professional degree’, ’registered to vote’:
’Yes’, ’party id’: ’Democrat’, ’employment’: ’Employed full-time’}
First, you will see a statement that may be familiar to you. Take a moment and consider
it in terms of how you live your life. Are these words that you live by? All the time?
Or some of the time? Would others say that you embody these statements, that your
actions, or that the things you say are a reflection of these words often, sometimes, not
very often, or perhaps not at all? We are all different people. Some statements may be
completely us, others partially, and some not us at all. Try as best as you can to evaluate
yourself, your thoughts, your actions, as well as your beliefs on each statement. As you
evaluate yourself on each statement, you can score yourself anywhere between 0 and 10.

0: You disagree with the statement, are not guided by it, and no one would ever say that
the statement reflects how you live your life.
5: The statement may be one that you endorse, but you don’t always live your life with
it in mind.
10: You believe the statement, and not only aspire to live that way, but you do.

STATEMENT:
Each of us is free to follow our own unique path in life.

INSTRUCTION:
Return ONLY valid JSON with exactly these keys:
- “final_choice”: integer (0–10)
- “reasoning”: a first-person justification for how you arrived at your score. Do NOT
write placeholders like “...” or “[insert reasoning here]”.

OUTPUT:

Reasoning First (RF) Prompt Template

Your demographic information is given in JSON format
{’state’: ’Rhode Island’, ’gender’: ’Female’, ’age’: 60.0, ’hispanic’: ’No’, ’race’:
’Caucasian/White’, ’education’: ’Graduate or Professional degree’, ’registered to vote’:
’Yes’, ’party id’: ’Democrat’, ’employment’: ’Employed full-time’}
First, you will see a statement that may be familiar to you. Take a moment and consider
it in terms of how you live your life. Are these words that you live by? All the time?
Or some of the time? Would others say that you embody these statements, that your
actions, or that the things you say are a reflection of these words often, sometimes, not
very often, or perhaps not at all? We are all different people. Some statements may be
completely us, others partially, and some not us at all. Try as best as you can to evaluate
yourself, your thoughts, your actions, as well as your beliefs on each statement. As you
evaluate yourself on each statement, you can score yourself anywhere between 0 and 10.

0: You disagree with the statement, are not guided by it, and no one would ever say that
the statement reflects how you live your life.
5: The statement may be one that you endorse, but you don’t always live your life with
it in mind.
10: You believe the statement, and not only aspire to live that way, but you do.

STATEMENT:
Each of us is free to follow our own unique path in life.

INSTRUCTION:
Return ONLY valid JSON with exactly these keys:
- “reasoning”: a first-person justification for how you arrived at your score. Do NOT
write placeholders like “...” or “[insert reasoning here]”.
- “final_choice”: integer (0–10)

OUTPUT:

Table 4: FCF and RF prompt templates. Italicised text denotes the demographic precursor prepended to the prompt.
The only difference between the two styles is the order of the JSON keys in the instruction.
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Metric Range / Value Interpretation

ICC Ideal: Closer to 1 The model’s responses demonstrate high stability and are consistent and
reliable for that specific persona.

Poor: Values below 0.5 The model is generating inconsistent responses and appears to be sensitive
to random noise in the prompt.

EMD Ideal: Closer to 0 The model’s score distribution shows high representational accuracy and
closely matches human score distributions.

Poor: Higher values The model score distribution is significantly distorted from that of the
human group’s actual recorded values.

Variance Ratio Ideal: Near 1.0 The model differentiates between personas to the same natural extent that
humans do in real-world data.

Poor: Below 1 or Above 1 The model either gives similar scores regardless of demographics or
exaggerates differences across those demographics.

Hedging%(H%) Ideal: Lower (Contextual) The model provides a clear and decisive stance with very little ambiguity
regarding its reasoning.

Poor: High percentages The model displays high uncertainty and is playing it safe to avoid taking
a firm stance on the topic.

Table 5: LLM Evaluation Metrics for demographic consistency and alignment with human respondents on public
opinion survey

Table 6: Intraclass Correlation Coefficient (ICC(1,1)) Reliability Summary
Higher ICC(1,1) values indicate greater single-run reliability across simulated responses. Values near 1.0 suggest highly uniform
(potentially homogenized) outputs across individual ratings. Highest and Lowest values for every category are highlighted.

Main Effects Overview

Avg. ICC(1,1)

By Model
Olmo-3.1-32B 0.84
Llama-3.3-70B 0.76
Olmo-3-7B 0.69
Llama-3.1-8B 0.30

By Construct
Equality 0.66
Liberty 0.58
Progress 0.52

By Reasoning Style
Final Choice 0.68
Reasoning First 0.62

Interactions Overview
Model × Reasoning Style

Model FC Style RF Style

Llama-3.3-70B 0.67 0.86
Olmo-3.1-32B 0.85 0.83
Olmo-3-7B 0.90 0.48
Llama-3.1-8B 0.30 0.31

Model × Construct

Model Equality Liberty Progress

Llama-3.3-70B 0.94 0.80 0.41
Olmo-3.1-32B 0.80 0.82 0.81
Olmo-3-7B 0.65 0.62 0.63
Llama-3.1-8B 0.24 0.06 0.20
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Table 7: Intraclass Correlation Coefficient (ICC(1,k)) Reliability Summary
Higher ICC(1,k) values denote greater internal consistency and reliability among profiles for average simulated responses.
Highest and Lowest values for every category are highlighted.

Main Effects Overview

Avg. ICC(1,k)

By Model
Olmo-3.1-32B 0.96
Olmo-3-7B 0.89
Llama-3.3-70B 0.85
Llama-3.1-8B 0.57

By Construct
Equality 0.85
Liberty 0.75
Progress 0.71

By Reasoning Style
Reasoning First 0.83
Final Choice 0.80

Interactions Overview
Model × Reasoning Style

Model FC Style RF Style

Llama-3.3-70B 0.73 0.97
Olmo-3.1-32B 0.96 0.96
Olmo-3-7B 0.98 0.81
Llama-3.1-8B 0.54 0.59

Model × Construct

Model Equality Liberty Progress

Llama-3.3-70B 0.99 0.95 0.48
Olmo-3.1-32B 0.95 0.96 0.96
Olmo-3-7B 0.88 0.86 0.86
Llama-3.1-8B 0.57 0.24 0.53

Table 8: Variance Ratio Summary
Variance Ratio of the LLM responses to human baseline. Highest and Lowest values for every category are highlighted.

Main Effects Overview

Avg. Var Ratio

By Model
Llama-3.1-8B 1.83
Olmo-3-7B 1.42
Olmo-3.1-32B 1.05
Llama-3.3-70B 0.73

By Construct
Liberty 1.67
Progress 1.05
Equality 0.96

By Reasoning Style
Reasoning First 1.60
Final Choice 0.92

Interactions Overview
Model × Reasoning Style

Model FC Style RF Style

Llama-3.1-8B 0.89 2.78
Olmo-3-7B 1.47 1.36
Olmo-3.1-32B 1.13 0.97
Llama-3.3-70B 0.20 1.27

Model × Construct

Model Equality Liberty Progress

Llama-3.1-8B 1.26 2.44 1.76
Olmo-3-7B 0.82 2.19 1.13
Olmo-3.1-32B 0.66 1.47 0.80
Llama-3.3-70B 1.08 0.57 0.50
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Table 9: EMD Summary
EMD between LLM responses and reference human distribution. Highest and Lowest values for every category are highlighted.

Main Effects Overview

Avg. EMD

By Model
Llama-3.1-8B 1.15
Olmo-3-7B 1.09
Olmo-3.1-32B 0.98
Llama-3.3-70B 0.88

By Construct
Liberty 1.17
Progress 1.02
Equality 0.89

By Reasoning Style
Reasoning First 1.03
Final Choice 1.02

Interactions Overview
Model × Reasoning Style

Model FC Style RF Style

Llama-3.1-8B 1.12 1.18
Llama-3.3-70B 1.04 0.72
Olmo-3-7B 1.01 1.18
Olmo-3.1-32B 0.92 1.03

Model × Construct

Model Equality Liberty Progress

Llama-3.1-8B 0.99 1.32 1.14
Olmo-3-7B 1.00 1.27 1.01
Olmo-3.1-32B 0.83 1.11 0.99
Llama-3.3-70B 0.76 0.97 0.92

Table 10: Hedging Percentage Summary
Hedging % measures the proportion of hedging tokens in the generated reasoning traces indicating uncertain or non-committal
language. Highest and Lowest values for every category are highlighted.

Main Effects Overview

Avg. Hedging %

By Model
Llama-3.1-8B 6.73
Llama-3.3-70B 6.51
Olmo-3-7B 6.50
Olmo-3.1-32B 5.22

By Construct
Equality 6.59
Liberty 6.14
Progress 5.94

By Reasoning Style
Final Choice 6.73
Reasoning First 5.75

Interactions Overview
Model × Reasoning Style

Model FC Style RF Style

Llama-3.1-8B 6.94 6.52
Llama-3.3-70B 6.94 6.08
Olmo-3-7B 6.23 6.77
Olmo-3.1-32B 6.82 3.62

Model × Construct

Model Equality Liberty Progress

Llama-3.1-8B 7.10 7.24 5.77
Llama-3.3-70B 7.09 6.07 6.30
Olmo-3-7B 6.81 6.34 6.32
Olmo-3.1-32B 4.89 4.89 5.36
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