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Abstract

Understanding human beliefs and social attitudes often relies on carefully designed survey instruments. Recent
work has suggested that large language models (LLMs) could automate parts of this process by generating surveys
at scale, raising questions about the comparability of such instruments to literature-grounded, human-designed
surveys. We present a controlled empirical comparison between GPT-generated surveys and established
survey baselines across three social domains: climate change, immigration, and diversity, equity, and inclusion
(DEI). GPT-generated surveys were produced using a fixed prompting framework enforcing a 3×3 structure
over beliefs, perceptions, and behaviors, while human baselines were assembled from validated instruments
to match survey length and construct coverage. We collected responses from U.S.-based participants, who
completed both survey types, allowing direct within-subject comparison. We analyze differences in response
distributions, clustering behavior, and alignment with self-identified stances. Our results show that GPT-generated
surveys capture the same dominant attitudinal divisions as human-designed instruments, while exhibiting
differences in the resolution of belief structure and group separation. These findings suggest that LLM-generated sur-
veys are suited for exploratory and large-scale analyses, and can be used to complement expert-designed instruments.
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1. Introduction

Surveys are a central tool for studying human be-
liefs, values, and social attitudes across disciplines
such as psychology, political science, and sociol-
ogy. Carefully designed survey instruments are
not merely collections of questions, but theory-
informed measurement tools that encode assump-
tions about which constructs matter, how they
should be operationalized, and how responses
should be interpreted (Dillman et al., 2014; Boyn-
ton and Greenhalgh, 2004; Synodinos, 2003). As
a result, survey design choices such as question
framing, construct coverage, and scale structure
play a critical role in shaping the conclusions drawn
about public opinion and social behavior (Knäuper
et al., 1997; Lenzner, 2012).

Recent advances in large language models
(LLMs) have raised the possibility of automating or
augmenting survey design. Prior work has shown
that LLMs can generate fluent survey questions
(Maiorino et al., 2023), simulate respondent behav-
ior (Argyle et al., 2023; Bisbee et al., 2024), and
scale social data collection (Wuttke et al., 2025),
facilitating rapid pilot studies, iterative instrument
refinement, and large-scale processing of unstruc-
tured responses, tasks that are typically resource-
intensive and slow in survey workflows.

In this work, we present a systematic compari-
son between GPT-generated surveys and human-
designed surveys as a baseline for measuring be-
liefs and stances on social topics. Such compar-
isons are essential for determining whether LLMs
can be responsibly used as tools in questionnaire

design without compromising measurement valid-
ity or analytic conclusions. We focus on three
timely and socially consequential domains: cli-
mate change, immigration, and diversity, equity,
and inclusion (DEI). We evaluate whether surveys
generated using a fixed, structured prompt tem-
plate produce coherent and reliable instruments
across topics and elicit response patterns compara-
ble to those obtained using established instruments.
Rather than assessing surface-level similarities in
wording or face validity, we examine how the two
survey types differ in their ability to capture belief
variation, support meaningful clustering of respon-
dents, and align with self-identified stances.

Our contributions are threefold. First, we intro-
duce a framework for generating surveys using
LLMs that explicitly controls construct coverage
and survey length, enabling direct comparison with
human-designed instruments. Second, we con-
duct an empirical evaluation of LLM-generated and
human-designed surveys across multiple social do-
mains, using responses collected online from 150
U.S.-based participants per topic. Third, we an-
alyze where and how GPT-generated surveys di-
verge from human baselines in ways that matter for
interpreting social beliefs, highlighting both their po-
tential and their limitations as measurement tools.

Taken together, our findings contribute to ongoing
discussions at the intersection of NLP and psychol-
ogy by clarifying when LLM-generated surveys may
be useful and where caution is warranted. More
broadly, this work underscores the importance of
treating survey generation not as a purely linguis-
tic task, but as a measurement problem with sub-
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stantive implications for how social attitudes are
modeled and understood.

2. Related Work

This section reviews foundational approaches to
survey design, emerging work on LLM-based sur-
vey generation, and common approaches to quan-
tify and evaluate survey quality.

2.1. Measuring Social Attitudes
Survey instruments are central to measuring beliefs
and social attitudes, but their validity depends on
how abstract constructs are operationalized into
items, response scales, and questionnaire con-
text (Groves et al., 2011). Classic work in survey
methodology demonstrates that seemingly small
design choices such as question wording, ordering,
and framing, can systematically shift responses
and even change the meaning respondents assign
to a question (Schuman and Presser, 1996). More
broadly, survey methodology emphasizes that sur-
veys are subject to multiple sources of error (e.g.,
comprehension, recall, judgment, and response
mapping), and that careful questionnaire construc-
tion is necessary for producing interpretable and
reliable measurements(Groves et al., 2011).

Survey instruments aimed at measuring social
attitudes typically begin with the definition of an
underlying construct space that specifies which di-
mensions of belief are to be measured and how they
relate to one another. Rather than treating attitudes
as unitary variables, a large body of work in psychol-
ogy and social science conceptualizes attitudes as
multidimensional, often distinguishing between cog-
nitive beliefs, affective evaluations, and behavioral
or policy-oriented intentions (Ajzen, 1991; Eagly
and Chaiken, 1993). This tripartite view has in-
formed the design of many survey instruments, par-
ticularly in domains where attitudes are complex,
value-laden, and socially contested.

Operationalizing construct spaces into survey
items has been approached through multiple
methodological strategies. Some surveys rely on
multi-item, construct-based scales, in which par-
allel items are designed to probe distinct facets
of an underlying construct (Cronbach and Meehl,
1955), while others adopt segmentation-oriented
designs that prioritize a small number of high-signal
questions to differentiate respondent groups rather
than exhaustively measure all dimensions (Chryst
et al., 2018). In applied and large-scale survey set-
tings, these design choices are typically shaped
by a combination of theoretical grounding, prior
empirical usage, and practical constraints such as
respondent burden and survey length (Groves et al.,
2011). Across approaches, a common principle is

the use of structured and balanced item layouts
that explicitly sample across dimensions to sup-
port interpretability and comparability, facilitating
downstream analyses such as clustering and seg-
mentation (Saris and Gallhofer, 2014).

2.2. LLM-Based Survey Generation
The emergence of LLMs has created new opportu-
nities across the survey lifecycle, spanning instru-
ment design, administration, and response anal-
ysis. Prior work has explored LLMs as genera-
tors of synthetic survey responses (Argyle et al.,
2023; Hämäläinen et al., 2023), as tools for survey
question selection, editing, and drafting (Rothschild
et al., 2024), and as aids for annotating and ana-
lyzing open-ended responses (Valenzuela et al.,
2025; Jansen et al., 2023).

Early work on question generation demonstrated
that LLMs can support researchers in editing and
paraphrasing survey questions, as well as in re-
designing response options for multiple-choice
items (Rothschild et al., 2024). More recently, a
growing body of work has shifted toward using
LLMs to generate entire questionnaires. For ex-
ample, Adhikari et al. (2025) study how LLMs can
be prompted to produce questionnaire items that
adhere to specified formats, constructs, and design
constraints, highlighting their potential for rapid sur-
vey creation and customization. Related studies
have examined the use of LLM-generated surveys
in applied settings such as communication research
(Valenzuela et al., 2025), market research (Keane
and McNaughton, 2025), and personality measure-
ment (Oeljeklaus et al., 2025).

In contrast to prior work that emphasizes topic-
specific applications or task-tailored prompting, we
investigate whether LLMs can be used in a more
generalizable manner by employing a single, uni-
versal prompt to generate questionnaires across
diverse social topics, and assess how reliably these
instruments compare to expert-designed surveys.

2.3. Evaluating Survey Quality
A common approach to evaluating survey quality
in the social sciences is to examine whether re-
sponses support the discovery of meaningful latent
structure and are predictive of downstream inten-
tions, behaviors, or policy-relevant outcomes. A
substantial literature demonstrates that clustering
and latent-class analyses of survey data can re-
cover meaningful population segments that differ
systematically in behaviors, participation patterns,
and policy preferences, motivating their use as ana-
lytic tools rather than purely descriptive techniques.
For example, climate-opinion research has shown
that audience segments derived from survey re-
sponses capture heterogeneity in engagement be-
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haviors and policy support, enabling prediction and
targeted communication strategies (Chryst et al.,
2018; Maibach et al., 2011; Leiserowitz et al., 2021).
Similarly, political science research has used latent
class and profile models to identify participation
and voting types that predict turnout and modes
of civic engagement more effectively than item-
level analyses (Greaves et al., 2015; Johann et al.,
2020; Oser, 2022). More broadly, foundational work
on attitude–behavior relationships establishes that
survey-measured latent constructs are meaningful
precisely because they support the prediction of
intentions and behaviors across domains (Ajzen,
1991; McEachan et al., 2016). Within this con-
text, recent work on LLM-generated surveys has
primarily evaluated generated instruments through
comparisons with expert-designed questionnaires,
often using psychometric criteria. Studies have as-
sessed whether LLM-generated items reproduce
the factor structure, internal consistency, and con-
vergent validity of established scales, treating hu-
man designed surveys as reference measurement
models (Adhikari et al., 2025; Terry et al., 2025; Oel-
jeklaus et al., 2025). While these evaluations are
typically tied to study-specific measures and pre-
defined scales, we adopt similar principles within a
more general evaluation framework. In particular,
we extend assessment beyond construct replica-
tion to examine latent structure, respondent seg-
mentation, stability, and predictive utility, thereby
evaluating the robustness and analytic usefulness
of the induced belief structure across domains.

3. Methodology

This section describes the experimental design and
analysis procedures used in this study. We employ
a comparative setup in which GPT-generated sur-
veys are evaluated alongside literature-grounded,
human-designed surveys targeting the same social
topics. The study proceeds in four stages:

1. Survey Generation (Section 3.1): GPT-
generated surveys were produced using a con-
trolled prompting framework specifying con-
struct structure, formatting constraints, and
generation parameters.

2. Human Baseline Construction (Section 3.2):
Literature-grounded survey instruments were
assembled from established sources to match
the length and conceptual coverage of the
GPT-generated surveys.

3. Response Collection (Section 3.3): U.S.-
based participants completed both survey
types under randomized ordering, along with
additional survey-quality assessments.

4. Comparative Analysis (Section 3.4): We an-
alyzed differences in survey structure and re-
sponse patterns using quantitative measures
of construct coverage, clustering behavior, and
alignment with self-identified stances.

For the purpose of this paper we focus on three
timely and socially consequential domains: climate
change, immigration, and diversity, equity, and in-
clusion (DEI) These topics were selected for their
broad scope and frequent presence in everyday
discourse, making it likely that individuals across
diverse backgrounds hold opinions on them, while
also helping to reduce topic-specific confounds and
enhance the generalizability of our findings.

3.1. GPT-Generated Survey Construction
To structure the GPT-generated surveys, we adopt
a 3×3 construct space that systematically varies
both the substantive dimension of the topic and the
type of attitude being elicited. This design choice
is motivated by established survey methodology re-
search, which emphasizes that social attitudes are
multidimensional and are more reliably measured
through structured sets of questions rather than
single items (Tourangeau et al., 2000; Saris and
Gallhofer, 2014; Dillman et al., 2014). By explic-
itly crossing topical facets with distinct attitudinal
orientations, the 3×3 design promotes broader con-
struct coverage while maintaining a controlled and
interpretable structure. At the same time, this lay-
out balances expressiveness with cognitive and
methodological constraints, avoiding overly long
or unstructured surveys while enabling consistent
comparison across survey conditions.

GPT-generated surveys were created using
a fixed prompting template applied consistently
across topics. Survey generation was performed
using the OpenAI API with GPT-4.1 model ( temper-
ature of 0.7). A system prompt instructed the model
to assume the role of an expert survey methodolo-
gist and social scientist, with the goal of producing
concise, signal-rich surveys suitable for persona
discovery and cluster analysis. The user prompt
specified the target topic and imposed strict de-
sign constraints, including a 3×3 structure span-
ning beliefs, perceptions, and behaviors; neutral,
non-leading wording; and a uniform 5-point Likert
response format. Additional constraints required
questions to be non-redundant, accessible to a gen-
eral adult audience, and oriented toward maximiz-
ing differentiation between respondents when ana-
lyzed jointly. To support interpretability, the model
was also instructed to include a brief parentheti-
cal note describing the latent dimension probed
by each question. The full prompt template along-
side the final survey questions are provided in the
supplementary material.
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3.2. Human Survey Baseline
To enable meaningful comparison with the GPT-
generated surveys, we constructed human survey
baselines with a comparable scope and length. Be-
cause literature-grounded surveys on social topics
often vary in granularity and focus, we combined
items from multiple established survey instruments
to end up with at least 8 questions. Item selection
prioritized alignment with the same high-level con-
structs targeted in the GPT surveys, namely beliefs,
perceptions, and behaviors, while preserving the
original wording and intent of each question as used
in prior work. This approach allows us to compare
surveys of similar length and conceptual coverage,
while maintaining fidelity to human-designed instru-
ments grounded in existing social science research.
We detail the construction of the human baseline
survey for the climate change here. The proce-
dures for the other two topics and the full survey
questions are available in the supplementary mate-
rial. Throughout the paper, we refer to this survey
as the human baseline.

For the climate change domain, we constructed
the human survey baseline by drawing on widely
used and well-validated survey instruments in the
literature. The core of the baseline survey is based
on the Six Americas Short Survey (SASSY) (Chryst
et al., 2018), which has been extensively used to
segment public attitudes toward climate change
and is supported by a large body of empirical re-
ports and downstream analyses.

To complement this core instrument and expand
construct coverage without duplicating question
content, we incorporated the Single-Item Measure
of Belief in Climate Change (Berger et al., 2025),
which captures causal attribution and evaluative
belief about climate change in a compact and vali-
dated form. We further added two non-redundant
items drawn from the American National Election
Studies (ANES) (American National Election Stud-
ies, 2021), and one question from the climate
change perceptions questionnaire (Poortinga et al.,
2019) to capture perceptions of the current impacts
of climate change, such as its perceived effects on
severe weather events and temperature patterns
in the United States.

3.3. Response Collection
Participants were recruited via the Cloud Connect
platform and were required to be at least 18 years
old and residing in the United States. Data collec-
tion was conducted using Qualtrics, and the study
protocol was approved by our university’s Institu-
tional Review Board (IRB). For each topic (climate
change, immigration, and DEI), we recruited ap-
proximately 150 participants. Participants were
compensated at an hourly rate of $11; the average

completion time was approximately 6 minutes. No
personally identifiable information was collected,
and detailed demographic statistics are provided
in the supplementary material.

For each topic, participants first reviewed and
signed an informed consent form. They were then
asked to self-identify their stance using a prede-
fined set of labels accompanied by brief descrip-
tions (full label lists provided in the supplementary
material). This self-identification served two pur-
poses: (1) to support downstream analysis of how
survey responses cluster relative to self-reported
stances, and (2) to facilitate the collection of diverse
viewpoints. To this end, once a threshold number
of participants was reached for a given stance la-
bel, additional participants selecting that label were
screened out to maintain a more balanced distribu-
tion of perspectives.

Each participant completed both the GPT-
generated survey and the corresponding human
survey baseline for the topic. Survey order was
randomized to control for ordering effects. Fol-
lowing each survey, participants answered a short
four-item questionnaire assessing perceived sur-
vey quality, including clarity, bias, relevance, and
over-specificity.

3.4. Evaluation Metrics
To compare the quality of human baseline and GPT-
generated surveys, we employ a set of complemen-
tary evaluation metrics that assess latent structure,
robustness, diversity preservation, and behavioral
relevance. All analyses that require clustering use
k-means, a standard unsupervised clustering algo-
rithm, applied to standardized survey responses.

3.4.1. Clustering Quality and Stability

We treat clustering quality as a central aspect of
survey quality. In many social science applications,
surveys are not used solely to analyze individual
items in isolation, but to induce latent groups or
typologies of respondents that summarize hetero-
geneity in beliefs, attitudes, or preferences. Such
typological analyses are foundational in fields in-
cluding political science, sociology, and psychology,
where survey responses are routinely clustered to
identify ideological blocs, belief systems, or behav-
ioral profiles (Gross and Manrique-Vallier, 2012;
Ahlquist and Breunig, 2012; Thomas et al., 2019).
From this perspective, a high-quality survey should
support coherent, stable, and interpretable group
structure, as deficiencies in clustering quality can
propagate to downstream tasks such as belief mod-
eling, behavioral prediction, and policy analysis.

We evaluate internal clustering quality using the
Silhouette Score (Rousseeuw, 1987) and Davies–
Bouldin Index (DBI) (Davies and Bouldin, 1979),
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computed on cluster assignments obtained via un-
supervised k-means clustering. The Silhouette
Score assesses cluster separation at the level of
individual respondents by comparing within-cluster
cohesion to nearest-cluster separation. For a point
i, it is defined as

s(i) =
b(i)− a(i)

max{a(i), b(i)}
,

where a(i) is the average distance from i to all other
points in the same cluster, and b(i) is the minimum
average distance from i to points in any other clus-
ter. The overall Silhouette Score is computed as
the mean of s(i) across all N points. The score
ranges from −1 to 1, with higher values indicating
stronger separation between clusters and values
near zero suggesting overlapping structure.

We also report inertia, which measures overall
within-cluster dispersion. Inertia is defined as the
sum of squared distances between each point and
the centroid µc(i) of its assigned cluster:

Inertia =

N∑
i=1

∥∥xi − µc(i)

∥∥2 ,
where xi denotes the feature vector for point i and
c(i) denotes its cluster assignment. Lower inertia
indicates more compact clusters, though it does
not account for between-cluster separation.

The DBI evaluates cluster compactness relative
to centroid separation and is defined as

DBI =
1

K

K∑
k=1

max
l ̸=k

σk + σl

d(ck, cl)
,

where σk denotes within-cluster scatter for cluster k
and d(ck, cl) denotes the distance between cluster
centroids. Lower DBI values indicate more compact
and well-separated clusters, while higher values
indicate poorer separation. Because these metrics
emphasize complementary geometric properties,
separation vs. compactness, agreement between
them provides stronger evidence of coherent struc-
ture than reliance on a single index.

Since internal clustering metrics can be sensitive
to sampling variation, we additionally assess stabil-
ity under resampling by repeatedly bootstrapping
participants, reclustering with k-means, and com-
puting the Adjusted Rand Index (ARI) (Hubert and
Arabie, 1985) between runs. The ARI between two
partitions U and V is defined as

ARI =
RI− E[RI]

max(RI)− E[RI]

where RI denotes the Rand Index, which measures
pairwise agreement between two clusterings by
evaluating all pairs of samples and counting the

proportion assigned either to the same cluster in
both partitions or to different clusters in both parti-
tions. The ARI corrects this measure for chance
agreement. ARI values range from −1 to 1, with 0
indicating chance-level agreement and 1 indicating
identical partitions. Higher ARI under resampling
indicates more stable and robust latent structure.

External Structural Agreement. We evaluate
the external validity of the induced cluster struc-
ture in two complementary ways. First, to assess
whether different survey instruments for a single
topic recover similar respondent groupings, we
apply unsupervised k-means clustering indepen-
dently to each survey and examine agreement be-
tween the resulting partitions using transition matri-
ces. This analysis tests whether the two surveys
capture a shared underlying organization of beliefs.

Second, we assess alignment with self-identified
persona labels, which participants selected at the
beginning of the study to describe their own stance.
We compare survey-induced cluster assignments
to these self-reported personas using ARI (Hubert
and Arabie, 1985) and Normalized Mutual Informa-
tion (NMI) (Strehl and Ghosh, 2002). Let C1 denote
the clustering obtained from survey responses and
C2 denote the partition induced by participants’ self-
reported persona labels. NMI is defined as

NMI(C1, C2) =
2I(C1;C2)

H(C1) +H(C2)
,

where I(C1;C2) measures the mutual information
between the two partitions and H(C1) and H(C2)
denote their respective entropies. NMI ranges from
0 (no shared information) to 1 (identical partitions).
Moderate alignment suggests that the derived clus-
ters capture meaningful distinctions while remain-
ing non-redundant with persona categories.

3.4.2. Predictive Validity

A key criterion for evaluating survey quality is the ex-
tent to which survey responses capture information
that is relevant for downstream behaviors and atti-
tudes. In social science and behavioral research,
surveys are routinely used not only to describe be-
liefs, but to predict consequential outcomes such
as political participation, policy support, and so-
cial engagement (Ajzen, 1991; Fishbein and Ajzen,
2011; Sciarini and Goldberg, 2016; Lazarsfeld and
Franzen, 1945). From this perspective, predictive
performance provides a direct test of whether a sur-
vey encodes behaviorally meaningful signal. We
assess predictive validity by evaluating how well
survey responses and survey-induced clusters pre-
dict downstream outcomes, including self-reported
policy support, action likelihood, and social dis-
cussion. Cluster-based predictors use k-means



53

assignments as discrete representations of latent
structure. Predictive performance is measured us-
ing cross-validated R2, defined as

R2 = 1−
∑

i(yi − ŷi)
2∑

i(yi − ȳ)2
.

Comparing feature-based models with cluster-
based models reveals how much predictive signal
is preserved under unsupervised compression.

4. Results

Due to space constraints, we focus our empirical
evaluation on the climate change surveys, which
serve as a representative testbed for comparing
human-designed and GPT-generated instruments.
Results for the remaining two topics follow similar
patterns unless otherwise noted and are reported
in the supplementary material. All reported results
are computed using the same set of respondents,
each of whom completed both the human baseline
survey and the GPT-generated survey on climate
change. We begin our analysis by examining mean
responses to each survey question, stratified by
self-identified climate personas. For the climate
change topic, participants were asked to select one
of the following labels: Advocate for Avoiding Cli-
mate Alarmism, Climate Policy Skeptic, Neutral
Observer of Climate Change, Advocate for Bal-
anced Climate Action, Advocate for Proactive
Climate Policy, and Climate Action Advocate.
These personas were designed to capture ordered
positions along a spectrum of climate beliefs, re-
flecting increasing levels of concern about climate
change and stronger support for mitigation and pol-
icy intervention. Each label was accompanied by
a brief description (see Supplementary Material),
and wording was deliberately framed in neutral or
positive terms to avoid discouraging participants
from selecting any category.

Figure 1 shows the mean response for each
question in the human baseline survey (top) and the
GPT-generated survey (bottom), with bars colored
by persona. Across nearly all questions in both
surveys, mean responses exhibit a clear and ordi-
nally meaningful pattern: as one moves along the
persona spectrum toward more climate-concerned
identities, mean responses change monotonically
in the expected direction.

The monotonic structure indicates that both sur-
veys capture a coherent underlying belief gradient
rather than noisy variation. The human baseline
shows more consistent spacing between personas,
suggesting stable differentiation, whereas the GPT-
generated survey exhibits attenuated separation
across some questions, indicating partial merging
of adjacent personas.
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GPT survey (bottom)

Advocate for Avoiding Climate Alarmism (n=15)
Climate Policy Skeptic (n=20)
Neutral observer of Climate Change (n=25)
Advocate for Balanced Climate Action (n=28)
Advocate for Proactive Climate Policy (n=29)
Climate Action Advocate (n=27)

Figure 1: Climate change surveys: Normalized
mean response per question by persona label. The
top panel shows the human baseline survey and
the bottom panel shows the GPT-generated sur-
vey. Bars are colored by self-identified climate per-
sona, ordered from least to most climate-concerned.
Across both surveys, mean responses vary mono-
tonically along the persona spectrum, indicating
an ordinally meaningful alignment between survey
responses and underlying climate belief positions.

Overall, these results validate both the self-
identified personas and the survey instruments,
showing that persona labels correspond to system-
atic response patterns and that both surveys align
with these distinctions.

4.1. Clustering Quality and Stability

We next examine the number of clusters supported
by each survey using internal clustering metrics.
Based on both the Silhouette Score and the DBI,
the optimal number of clusters is k = 2 for both the
human baseline and the GPT-generated climate
change surveys (as indicated by the Silhouette
curve in Figure 2). Although we do not include DBI
plots due to space constraints, both metrics con-
sistently indicate that a two-cluster solution yields
the most compact and well-separated structure for
both surveys.

Although this may seem inconsistent with the six
self-identified personas, we do not view it as contra-
dictory. Instead, both surveys appear to capture a
dominant, coarse-grained division in climate beliefs,
consistent with prior work showing that attitudes of-
ten exhibit hierarchical structure (Goldberg, 2006).
Our initial analyses indicate that each of the two
major clusters can be further subdivided into more
nuanced subgroups using hierarchical or proba-
bilistic approaches such as Latent Profile Analysis
(LPA) (Masyn, 2013). Exploring such multi-level
structure is a promising direction for future work;
in the remainder of this paper, we focus on the
two-cluster solution.
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Figure 2: Selection of the number of clusters (k)
using silhouette score and inertia for the human
baseline(top) and GPT-generated(bottom) surveys.

We assess the robustness of the induced clus-
ter structure using stability under resampling. For
each survey, we perform 300 bootstrap runs, each
time sampling 80% of respondents without replace-
ment and reclustering using k-means with k = 2.
Stability is quantified using the ARI between cluster
assignments across runs.

Both surveys exhibit high stability. The human
baseline survey achieves a mean ARI of 0.87 (me-
dian = 1.00), with the central 80% of values ranging
from 0.58 to 1.00. The GPT-generated survey ex-
hibits slightly higher average stability, with a mean
ARI of 0.93 (median = 0.92) and a 10th–90th per-
centile range of 0.80 to 1.00. While both surveys
occasionally produce lower-agreement runs, as re-
flected in minimum ARI values, the predominance
of high ARI scores indicates that the two-cluster so-
lutions are robust to substantial perturbations of the
data. These results suggest that the dominant two-
cluster structure recovered by both surveys reflects
a stable latent division in climate beliefs rather than
an artifact of sampling variability.

We next examine the degree to which the human
baseline and GPT-generated surveys recover simi-
lar latent group structure. This analysis is important
because high between-survey agreement indicates
that both surveys are capturing a shared under-
lying belief organization, whereas low agreement
may signal measurement distortion or instrument-
specific artifacts.

Human Baseline/GPT Cluster 0 Cluster 1
Cluster 0 0.86 0.14
Cluster 1 0.02 0.98

Table 1: Transition matrix between clusters induced
by the human baseline and the GPT-generated sur-
veys. Rows correspond to human baseline clusters
columns correspond to GPT clusters.

The transition matrix in Table 1 shows strong
agreement between the two surveys. Most respon-
dents remain on the diagonal (86% and 98%), with
minimal cross-cluster reassignment. This indicates
that the GPT-generated survey recovers the same
primary division in climate beliefs identified by the
human baseline, with only limited redistributions.

We evaluate external semantic validity by exam-
ining how unsupervised cluster assignments align
with persona labels that reflect respondents’ posi-
tions on climate change. As our primary analysis,
we focus on alignment with self-identified personas,
which were collected directly from participants and
represent positions along a climate belief spectrum.

Using ARI and NMI, we observe modest but
systematic alignment between clusters and self-
identified personas. The human baseline survey
achieves an ARI of 0.12 and an NMI of 0.22, while
the GPT-generated survey achieves slightly higher
alignment (ARI = 0.15, NMI = 0.27).

Because persona labels include six categories
while clustering yields only two groups, perfect
alignment is neither expected nor feasible. The
low ARI largely reflects this difference in granularity,
whereas the non-trivial NMI indicates shared infor-
mation beyond chance, suggesting both surveys
capture a dominant ideological division underlying
finer persona distinctions.

Inspection of cluster–persona distributions re-
veals a clear qualitative pattern. In both surveys,
one cluster is enriched for self-identified personas
expressing higher climate concern (e.g., Advocate
for Proactive Climate Policy and Climate Action Ad-
vocate), while the other cluster is enriched for more
skeptical or disengaged personas (e.g., Climate
Policy Skeptic and Advocate for Avoiding Climate
Alarmism), with neutral personas distributed be-
tween clusters. This structure suggests that unsu-
pervised clustering recovers a meaningful ideologi-
cal ordering.

Taken together, these results suggest that both
survey instruments capture socially meaningful cli-
mate belief structure without trivially reproducing
persona labels. Alignment increases as persona la-
bels are coarsened, indicating that both surveys re-
liably recover a dominant ideological division, while
differences between instruments emerge primarily
in how much finer-grained nuance they preserve
beyond this shared structure.
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Survey / R2 Policy
(Feat.)

Policy
(Clust.)

Action
(Feat.)

Action
(Clust.)

Climate Change
GPT 0.486 0.368 0.158 0.176
Human Baseline 0.554 0.426 0.391 0.144

Immigration
GPT 0.345 0.154 0.537 0.488
Human Baseline 0.285 0.313 0.525 0.287

DEI
GPT 0.504 0.450 0.497 0.421
Human Baseline 0.501 0.592 0.331 0.244

Table 2: Predictive performance (R2, mean 5-fold
cross-validated values) using Ridge regression for
feature-based (Feat.) and cluster-based (Clust.)
models across all three topics.

4.2. Predictive Validity

We evaluate predictive validity by assessing how
well each survey predicts two downstream out-
comes: support for policy and engagement in tak-
ing action. For each outcome, we first remove sur-
vey items that directly measure that outcome (e.g.,
policy-support questions when predicting policy
support, action-oriented questions when predict-
ing engagement) to prevent information leakage.
The remaining survey questions are used as predic-
tive features. In parallel, clusters are derived using
only these non-outcome questions with similar clus-
tering method as section 4.1. For each outcome,
we compare models trained on survey responses
(feature-based models) to models that use only the
induced cluster label as a predictor (cluster-based
models). All models are estimated using Ridge re-
gression, and predictive performance is measured
using 5-fold cross-validated R2. We report results
for all three topics since predictive performance
varies by domain and modeling choice rather than
favoring a single instrument uniformly( see Table 2).

For climate change, feature-based models us-
ing the human baseline survey outperform those
using the GPT-generated survey for both policy
support (R2 = 0.554 vs. 0.486) and action likelihood
(R2 = 0.391 vs. 0.158). However, cluster-based
performance narrows this gap, with GPT clusters
slightly outperforming human clusters for action
(0.176 vs. 0.144), suggesting both surveys recover
a similar coarse behavioral division.

For Immigration, the pattern shifts. GPT feature-
based models slightly outperform the human base-
line survey for policy prediction (0.345 vs. 0.285),
while action prediction is comparable at the fea-
ture level (0.537 vs. 0.525). Notably, GPT clusters
substantially outperform human baseline clusters
for action prediction (0.488 vs. 0.287), indicating
stronger segmentation for this domain.

For DEI, feature-based policy prediction is nearly
identical (0.504 vs. 0.501), while GPT features yield

higher predictive performance for action (0.497 vs.
0.331). At the cluster level, the pattern reverses for
policy: human baseline clusters outperform GPT
clusters (0.592 vs. 0.450), whereas GPT clusters
perform better for action (0.421 vs. 0.244), revealing
domain-dependent differences in how belief struc-
ture translates to behavioral outcomes.

Overall, these results indicate that both survey
types recover behaviorally relevant structure, but
their predictive strengths vary by topic and by
level of representation (item-level versus cluster-
level). Rather than demonstrating uniform superior-
ity of one instrument, the findings suggest domain-
dependent differences in how belief structure trans-
lates into downstream behavioral prediction. Fu-
ture work should focus on understanding the mech-
anisms underlying these differences. Identifying
these sources of divergence may enable principled
refinement of LLM-generated survey instruments
and help close predictive gaps where they emerge.

5. Discussion

Across three domains, GPT-generated surveys re-
cover the dominant ideological structure identified
by human baseline instruments. Clustering quality,
stability, and cross-survey agreement indicate sim-
ilar high-level respondent partitions. Differences
arise primarily in how belief variation is represented
beyond this dominant split. Dimensional efficiency
and predictive analyses suggest that human base-
line surveys often preserve a stronger fine-grained
signal at the item level, while GPT-generated sur-
veys can produce competitive segmentation in cer-
tain domains. Alignment with self-identified per-
sonas suggests that both surveys capture a shared
ideological backbone underlying more nuanced dis-
tinctions. Further examination of this layered struc-
ture remains an important direction for future work.

These findings suggest that divergence between
instruments lies less in the existence of structure
and more in its resolution and translation into down-
stream prediction. Future work should examine
how prompt design influences survey quality, evalu-
ate generalization across additional topics, explore
finer-grained clustering solutions, and investigate
when predictive gaps are substantively meaningful.

Overall, LLM-generated surveys show strong
promise for recovering coarse belief structure. How-
ever, the current evidence does not support their
use as full replacements for expert-designed in-
struments without human oversight. In particular,
our evaluation is limited to three social domains,
and performance may vary for more technical, less
salient, or more culturally specific topics. Instead,
LLM-generated surveys may serve as useful scaf-
folds for exploratory analysis, pilot studies, or su-
pervised survey development.
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A. Full GPT Prompts

This appendix provides the complete prompt tem-
plates and generation parameters used to produce
the GPT-generated surveys analyzed in this study.
We include the full system and user prompts ver-
batim to support transparency, reproducibility, and
careful interpretation of the survey generation pro-
cess.

MODEL = "gpt-4.1"
TEMPERATURE = 0.7
MAX_TOKENS = 800

SYSTEM_PROMPT = """
You are an expert survey methodologist

and social scientist.
Your task is to design concise,

signal-rich surveys suitable for
persona discovery and cluster analysis.
"""

USER_PROMPT_TEMPLATE = """
I want to understand how people think,

feel, and act with respect to the
following topic:

Topic: "{topic}"

Design a concise, signal-rich survey
that captures the major latent

dimensions of human stance on this
topic.

Survey requirements:
1. The survey must contain exactly 9

questions arranged as a 3 by 3
structure:

- 3 belief / cognitive questions
- 3 perception / affect questions
- 3 behavior / intention / policy

questions

2. Each question must:
- Be answerable on a 5-point Likert

scale
- Be neutral and non-leading
- Be understandable to a general

adult audience
- Avoid technical jargon

3. The questions should be:
- Non-redundant
- Designed to maximize

differentiation between
respondents

- Capable of revealing distinct
personas when analyzed jointly

Output format:

https://doi.org/10.1093/jssam/smv039
https://doi.org/10.1093/jssam/smv039
https://doi.org/10.1093/jssam/smv039
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- Group questions into three sections
(Beliefs, Perceptions, Behaviors)

- Number questions from 1 to 9
- For each question, include a brief

parenthetical note describing
the latent dimension it probes

Only output the survey. Do not include
analysis or commentary.

"""

B. Full Survey Questions and
Self-Identified Labels

B.1. Climate Change

B.1.1. Persona Labels and Descriptions

The following self-identification question was pre-
sented to the users after signing the consent form.

Which of the following labels and descrip-
tions best reflect your view on climate change?

• Advocate for Avoiding Climate Alarmism
You are a person who does not believe that cli-
mate change is a real or serious issue, particu-
larly not one caused by human activity. You be-
lieve climate-related policies are unnecessary
and may harm economic growth or personal
freedoms. You generally oppose environmen-
tal regulations and favor deregulation.

• Climate Policy Skeptic
You are a person who believes climate change
is happening but questions the degree of threat
and the effectiveness of government-led solu-
tions. You may worry that some climate poli-
cies go too far or could harm economic oppor-
tunity and personal freedoms.

• Neutral observer of Climate Change
You are someone who recognizes that envi-
ronmental concerns exist but doesn’t follow
climate debates closely. You may adopt eco-
friendly practices when convenient, but climate
action is not a central concern in your daily life.

• Advocate for Balanced Climate Action
You are a person who believes climate change
is real and worth addressing, but solutions
should be practical and economically respon-
sible. You support action that balances envi-
ronmental goals with innovation, affordability,
and individual freedom.

• Advocate for Proactive Climate Policy
You believe climate change is real and requires
action, but think solutions should balance envi-
ronmental responsibility with economic and so-
cial considerations. You support investments

in renewable energy, resilience, and policy re-
form that is both effective and sustainable.

• Climate Action Advocate
You are someone who sees climate change
as an urgent challenge requiring bold action.
You support ambitious policy reforms, invest-
ment in renewables, and efforts to hold cor-
porations accountable. You may also adopt
lifestyle changes to reduce your personal im-
pact and promote environmental responsibility.

B.1.2. Human Baseline Survey

The human baseline survey consisted of items
drawn from established instruments. The first four
questions were adapted from SASSY (Chryst et al.,
2018), and Question 5 was taken from the Climate
Change Perception Questionnaire (Poortinga et al.,
2019). These were followed by items V241749
and V242321 from the ANES survey (American Na-
tional Election Studies, 2021), as well as a single-
item measure of belief in climate change (Berger
et al., 2025). The resulting survey items are listed
below. Question 6 was one of the questions used
in section 4.2 for predicting policy support.

1. How important is the issue of climate change
to you personally?
1. Not at all important, 2. a little important,
3. moderately important, 4. very important, 5.
extremely important

2. How worried are you about global warming?
Very worried 2. Somewhat worried 3. Not very
worried 4. Not at all worried

3. How much do you think global warming will
harm you personally?
1.A great deal 2. A moderate amount 3. Only
a little 4. Not at all

4. How much do you think global warming will
harm future generations of people?
1. not at all, 2. only a little, 3. a moderate
amount, 4. a great deal

5. How good or bad do you think the impact of
climate change would be on people across the
world?
1. Extremely bad, 2. Bad, 3.Neither good or
bad, 4. Good, 5.Extremely good

6. Do you favor, oppose, or neither favor nor
oppose increased government regulation
on businesses that produce a great deal
of greenhouse emissions linked to climate
change?
1. Favor, 2. Oppose, 3. Neither favor nor
oppose
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For each of the following statements,
please indicate the extent to which you agree
or disagree using the following scale: 1.
Strongly Agree 2. Somewhat Agree 3. Neutral
4. Somewhat Disagree 5. Strongly Disagree.

7. Climate change is currently affecting severe
weather events or temperature patterns in the
United States.

8. The occurrence of climate change is caused by
human activities and will bring largely negative
consequences.

B.1.3. GPT Survey

The resulting survey items from the prompt
provided in section A are listed below. Questions
7 and 8 were questions used in section 4.2 for
predicting policy support and downstream action.

For each statement below, please indicate the
extent to which you agree or disagree. Please re-
spond honestly. There are no right or wrong an-
swers.

Response scale (for the next 6 items below): A
great deal; A lot; A moderate amount; A little; None
at all.

1. How much do you agree that climate change
is happening?

2. To what extent do you think human activities
contribute to climate change?

3. How confident are you in the scientific informa-
tion available about climate change?

4. How concerned do you feel about the effects
of climate change on the planet?

5. How serious do you believe the consequences
of climate change are for people in your coun-
try?

6. How hopeful do you feel about society’s ability
to address climate change?

7. How often do you take actions to reduce your
own environmental impact (such as conserv-
ing energy, reducing waste, or choosing sus-
tainable products)?
1. Always 2. Often 3. Sometimes 4. Rarely
5.Never.

8. How likely are you to support policies or laws
aimed at reducing climate change, even if they
have economic costs?
1. Extremely likely 2. Very likely 3. Moderately
likely 4. Slightly likely 5. Not at all likely.

9. How likely are you to discuss climate change or
related topics with others in your social circle?
1. Extremely likely 2. Very likely 3. Moderately
likely 4.Slightly likely 5. Not at all likely.

B.2. Immigration

B.2.1. Persona Labels and Descriptions

The following self-identification question was pre-
sented to the users after signing the consent form.
Which of the following labels and descriptions
best reflect your view on Immigration?

• Advocate for Border Integrity
You prioritize secure borders, the enforcement
of immigration laws, and the preservation of na-
tional identity. You believe immigration should
be tightly controlled.

• Advocate for Selective Immigration
You support legal immigration that serves the
country’s strategic goals. You favor policies
that emphasize skills, economic contribution,
or national security, while being cautious about
broad or open-ended immigration reforms.

• Neutral Observer
You recognize immigration as a complex issue
and prefer not to take a fixed stance. You
believe immigration policies should be shaped
by context, evidence, and evolving societal
needs rather than ideology.

• Advocate for Balanced Immigration
You support immigration policies that balance
national interests with humanitarian values.
You favor fair and efficient systems that wel-
come newcomers while maintaining social co-
hesion and economic stability.

• Pragmatic Immigration Supporter You sup-
port humane and efficient immigration pro-
cesses that weigh both national interests and
human dignity. You believe reforms should
be practical and inclusive, ensuring economic
contribution while offering protection to those
in need.

• Advocate for Global Mobility You are a per-
son who strongly supports welcoming immigra-
tion policies that offer opportunities to those
seeking a better life. You advocate for inclu-
sive, well-resourced systems that help immi-
grants integrate into society and contribute
fully.

B.2.2. Human Baseline Survey

For the immigration domain, we relied on items
drawn from ANES (American National Election



61

Studies, 2021), which includes a broad set of
questions capturing multiple aspects of public atti-
tudes toward immigration, including perceived im-
pacts, fairness, and policy preferences. From this
item pool, we selected nine non-redundant ques-
tions (specifically ANES items V201424, V201427,
V202240, V202419, V202246, V202420, V202418,
V201417, and V201421) to construct a human
survey baseline with coverage across belief, per-
ception, and behavior-oriented dimensions. This
selection allowed us to preserve the diversity of
immigration-related attitudes represented in ANES
while matching the length and overall structure of
the GPT-generated surveys. The resulting survey
items are listed below. Questions 8 and 9 were the
questions used in section 4.2 for predicting policy
support.

For each statement below, please indicate the
extent to which you agree or disagree. Please re-
spond honestly. There are no right or wrong an-
swers.
Response scale (for the next seven items below):
Strongly Agree; Somewhat Agree; Neutral; Some-
what Disagree; Strongly Disagree.

1. A wall should be built at the U.S. border with
Mexico.

2. It is important that everyone in the United
States learn to speak English.

3. There should be a path to citizenship for unau-
thorized immigrants who obey the law, pay a
fine, and pass security checks.

4. America’s culture is generally harmed by im-
migrants.

5. The children of detained immigrants should be
separated rather than kept with their parents
in adult detention centers.

6. Immigrants increase crime rates in the United
States.

7. Immigrants are generally good for America’s
economy.

8. Which comes closest to your view about what
government policy should be toward unau-
thorized immigrants now living in the United
States?

• Make all unauthorized immigrants felons
and send them back to their home country.

• Have a guest worker program that allows
unauthorized immigrants to remain in the
United States in order to work, but only
for a limited amount of time.

• Allow unauthorized immigrants to remain
in the United States and eventually qual-
ify for U.S. citizenship, but only if they
meet certain requirements like paying
back taxes and fines, learning English,
and passing background checks.

• Allow unauthorized immigrants to remain
in the United States and eventually qualify
for U.S. citizenship, without penalties.

9. What should happen to immigrants who were
brought to the U.S. illegally as children and
have lived here for at least 10 years and grad-
uated high school here?

• Should be sent back where they came
from.

• Should be allowed to live and work in the
U.S.

B.2.3. GPT Survey

The resulting survey items from the prompt pro-
vided in section A are listed below. Questions 7,8,
and 9 were questions used in section 4.2 for pre-
dicting policy support and downstream action.

For each statement below, please indicate the
extent to which you agree or disagree. Please
respond honestly. There are no right or wrong
answers. Response scale (for all items below):
Strongly Agree; Somewhat Agree; Neutral; Some-
what Disagree; Strongly Disagree.

1. Immigration has a positive effect on the econ-
omy of the receiving country.

2. The culture of this country is strengthened by
the presence of people from different back-
grounds.

3. The number of immigrants entering my coun-
try in recent years is higher than is good for
society.

4. I feel comfortable interacting with people who
have recently moved here from other countries.

5. News stories about immigration often make
me feel anxious or concerned.

6. I worry that immigration could make it harder
for me or my family to find opportunities.

7. I would support policies that make it easier for
people from other countries to live and work
here.

8. I would be willing to sign a petition supporting
the rights of immigrants.

9. I believe the government should prioritize strict
enforcement of immigration laws.
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B.3. DEI
B.3.1. Persona Labels and Descriptions

The following self-identification question was pre-
sented to the users after signing the consent form.
Which of the following labels and descriptions
best reflect your view on DEI?

DEI stands for Diversity, Equity, and Inclu-
sion: principles aimed at promoting fair treatment
and meaningful participation for all people, espe-
cially those historically marginalized or underrepre-
sented.

• Advocate for Meritocracy
You are someone who believes that fairness
means treating everyone the same, regardless
of identity. You are cautious about DEI initia-
tives that prioritize group-based outcomes, as
you worry they may compromise neutrality or
create unintended divisions. You prefer merit-
based systems and evaluate policies based
on their effectiveness and broad impact.

• Advocate for Individual-Centered Fairness
You value fairness on an individual level, be-
lieving that opportunities should be tailored to
people’s qualifications and efforts rather than
group membership. You may support inclu-
sive efforts when they focus on shared human
dignity and not identity-based metrics.

• Neutral Observer You are someone who
hasn’t thought much about DEI and doesn’t
feel strongly either way. You believe in treating
everyone fairly, but DEI isn’t something you fol-
low closely or prioritize. You tend to focus on
your day-to-day responsibilities and judge DEI
efforts based on what you experience locally.

• Advocate for Balanced Opportunity You
support efforts to promote fairness and inclu-
sion, but believe they should be measured and
context-sensitive. You favor approaches that
expand access without compromising merit,
cohesion, or organizational effectiveness.

• Advocate for Inclusive Culture You are
someone who believes that creating a respect-
ful, inclusive culture helps everyone thrive. You
support structured DEI efforts—like internal
training, inclusive practices, and broader repre-
sentation—as essential for fostering belonging,
engagement, and team success.

• Advocate for Structural Equity You are
someone who is deeply committed to systemic
equity. You work to dismantle institutional bar-
riers and amplify marginalized voices. You
advocate for transparent policies, structural
reform, and sustained investment to ensure
long-term, accountable change.

B.3.2. Human Baseline Survey

For the DEI domain, we reviewed several estab-
lished survey instruments measuring attitudes to-
ward affirmative action, diversity, merit, and dis-
crimination, including debate-style items from large-
scale surveys such as the General Social Survey
(GSS) (NORC at the University of Chicago, 2023)
and ANES (American National Election Studies,
2021), as well as multi-item scales from the social
psychology literature. While GSS and ANES items
are widely used, they primarily capture overall sup-
port or opposition through single questions with
limited construct differentiation.

For the human survey baseline, we therefore
drew on the Diversity, Merit, Fairness, and Dis-
crimination (DMFD) Belief Scales (Aberson, 2007),
which decompose DEI-related attitudes into mul-
tiple interpretable constructs using parallel item
structures. To ensure comparability with the GPT-
generated surveys, we selected three out of four
constructs, resulting in a nine-item instrument
matched in length and overall structure to the GPT-
generated 3×3 surveys. The resulting survey items
are listed below. Questions 1, 2, and 3 were the
questions used in section 4.2 for predicting policy
support.

For each statement, please indicate the extent
to which you agree or disagree. Please respond
honestly. There are no right or wrong answers.

Affirmative action refers to policies or practices
designed to increase opportunities for historically
underrepresented groups in areas such as edu-
cation and employment. These measures may
include considering factors like race, ethnicity, or
gender as part of admissions or hiring decisions,
with the goal of promoting diversity and addressing
past discrimination.

Response scale (for all items below): Strongly
Agree; Somewhat Agree; Neutral; Somewhat Dis-
agree; Strongly Disagree.

1. Affirmative-action hiring policies are fair.

2. Affirmative-action policies give everyone an
equal chance.

3. Affirmative-action policies are unfair to White
men.

4. Only the most qualified applicant should be
hired, regardless of race or gender.

5. Hiring decisions should be based solely on
merit.

6. Considering race or gender in hiring violates
the principle of merit.

7. A diverse workforce benefits an organization.
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8. Employees from different backgrounds im-
prove problem solving.

9. Diversity makes companies stronger.

10. Racial discrimination in hiring is still common
today.

11. Minorities do not yet have equal job opportuni-
ties.

12. Many employers would refuse a qualified mi-
nority applicant.

B.3.3. GPT Survey

The resulting survey items from the prompt pro-
vided in section A are listed below. Questions 7,8,
and 9 were questions used in section 4.2 for pre-
dicting policy support and downstream action.

For each statement below, please indicate the
extent to which you agree or disagree. Please re-
spond honestly. There are no right or wrong an-
swers.

Response scale (for all items below): Strongly
Agree; Somewhat Agree; Neutral; Somewhat Dis-
agree; Strongly Disagree.

1. Having people from different backgrounds im-
proves group performance.

2. Efforts to promote fairness and inclusion are
necessary to address existing inequalities.

3. Opportunities should be based solely on in-
dividual merit, regardless of background or
identity.

4. I feel comfortable interacting with people
whose backgrounds or perspectives are dif-
ferent from my own.

5. I perceive that people like me are treated fairly
in most settings (e.g., work, school, public
spaces).

6. I often notice unfair treatment or bias based
on identity (such as race, gender, ability, etc.)
in my everyday life.

7. I am likely to support policies or programs that
aim to increase representation of underrepre-
sented groups.

8. I am likely to speak up or take action if I witness
discrimination or unfair treatment.

9. I actively seek out information or experiences
that expose me to different perspectives.

C. User Demographic Information

We recruited participants online for each topic-
specific survey. After data cleaning and attention
checks, the final sample consisted of 144 respon-
dents for the climate change survey, 170 for the
immigration survey, and 167 for the DEI survey. Par-
ticipants were restricted to U.S.-based respondents
and varied across gender, race/ethnicity, education
level, and age group. The demographic distribution
for each topic is summarized in Table 3.

Demographic (%) Climate Immigration DEI
Gender
Female 50.7 44.7 52.1
Male 48.6 52.9 46.1
Other 0.7 2.4 1.8
Race / Ethnicity
White 72.2 78.2 72.5
Black or African American 11.8 10 13.8
Asian 8.3 4.7 6.6
Other / Multiracial 7.7 7.1 7.1
Education
High school or less 15.2 17.1 13.4
Some college 30.6 34.7 30.6
Bachelor’s degree 38.9 30.6 35
Graduate degree 15.3 17.6 21
Age Group
18–24 9 11.2 7.8
25–34 24.3 26.5 29.9
35–44 29.2 32.4 28.7
45-54 13.9 14.1 12
55+ 23.6 15.8 21.6

Table 3: Participant demographic characteristics
(Climate: N = 144; Immigration: N = 170; DEI:
N = 167).

D. Results

D.1. Immigration
Figure 3 presents the mean response for each
question in the human baseline survey (top) and the
GPT-generated survey (bottom), with bars colored
by immigration persona. Across most questions
in both surveys, responses exhibit a clear and or-
dinal pattern: as one moves along the persona
spectrum( from Advocate for Border Integrity to Ad-
vocate for Global Mobility) mean responses shift
systematically in directions consistent with increas-
ing support for immigration.

This progression indicates that both instruments
capture a meaningful underlying gradient of immi-
gration attitudes rather than purely idiosyncratic
variation. In the human baseline survey, per-
sona means generally follow the expected ordering
across items, with relatively clear separation be-
tween opposing ends of the spectrum, though spac-
ing between adjacent personas varies by question.
The GPT-generated survey reproduces the broad
ordinal structure across most items, but the dis-
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GPT survey (bottom)

Advocate for Border Integrity (n=28)
Advocate for Selective Immigration (n=29)
Neutral Observer (n=28)
Advocate for Balanced Immigration (n=29)
Pragmatic Immigration Supporter (n=28)
Advocate for Global Mobility (n=28)

Figure 3: Immigration surveys: Normalized mean
response per question by persona label. The top
panel shows the human baseline survey and the
bottom panel shows the GPT-generated survey.
Bars are colored by self-identified immigration per-
sona, ordered from least to most concerned.

tinctions between neighboring personas are more
compressed for several questions, and separation
is less consistent across the full set of items.

Overall, the results suggest that self-identified
immigration personas correspond to systematic
response differences, and that both the human-
designed and GPT-generated surveys reflect these
distinctions in an interpretable, though not perfectly
uniform, manner.

D.1.1. Clustering Quality and Stability

We determine the cluster structure supported by
each instrument using internal validation criteria.
Both the Silhouette Score and the DBI indicate that
a two-cluster solution (k = 2) provides the best
balance of cohesion and separation for the human
baseline and GPT-generated immigration surveys
(see the Silhouette curve in Figure 4). Although
DBI curves are omitted for brevity, they consistently
favor the same solution. Accordingly, we proceed
with k = 2 in order to facilitate direct comparison
between instruments.

To evaluate the robustness of this partition, we
conduct a resampling-based stability analysis. For
each survey, we perform 300 bootstrap iterations,
sampling 80% of respondents without replacement
and reclustering using k-means with k = 2. Stability
is quantified via the ARI, which measures agree-
ment between cluster assignments across runs.

Both surveys yield highly stable partitions. The
human baseline produces a mean ARI of 0.79 (me-
dian = 0.835), with the central 80% of values span-
ning 0.53 to 1.00. The GPT-generated survey ex-
hibits slightly higher average stability, with a mean
ARI of 0.82 (median = 0.86) and a 10th–90th per-
centile range of 0.58 to 1.00. Although a small
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Figure 4: Selection of the number of clusters (k)
using silhouette score and inertia for the human
baseline (top) and GPT-generated (bottom) immi-
gration change surveys.

Human Baseline/GPT Cluster 0 Cluster 1
Cluster 0 0.76 0.24
Cluster 1 0.05 0.95

Table 4: Transition matrix between clusters in-
duced by the human baseline survey and the GPT-
generated survey. Rows correspond to human
baseline clusters; columns correspond to GPT clus-
ters.

number of runs show reduced agreement, the pre-
dominance of high ARI values indicates that the
two-cluster structure is robust to substantial pertur-
bations of the data.

We next evaluate the extent to which the human
baseline and GPT-generated surveys yield compa-
rable latent partitions of respondents. The transi-
tion matrix in Table 4 indicates substantial concor-
dance between the two surveys. A large majority
of respondents remain on the diagonal (76% and
95%), with relatively few reassigned across clusters.
This pattern suggests that the GPT-generated sur-
vey recovers the same dominant attitudinal division
identified by the human baseline, with only modest
reallocation near the boundaries of the partition.

We assess external semantic validity by exam-
ining how unsupervised cluster assignments align
with participants’ self-identified personas, which
were collected at the beginning of the study and
reflect ordered positions along a immigration be-
lief spectrum. This comparison evaluates whether
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the latent groupings induced by each survey corre-
spond to respondents’ own stated ideological ori-
entations.

Using the ARI and NMI, we find modest but sys-
tematic alignment between clusters and persona
labels. The human baseline survey yields an ARI of
0.12 and an NMI of 0.21, while the GPT-generated
survey shows slightly higher alignment (ARI = 0.15,
NMI = 0.22). Although these values do not indicate
one-to-one correspondence, they reflect non-trivial
shared structure between unsupervised clusters
and self-reported identities.

D.2. DEI

Figure 5 presents the mean response for each
question in the human baseline survey (top) and the
GPT-generated survey (bottom), with bars colored
by DEI persona.

In the DEI domain, the persona patterns are
highly structured and largely mirrored across
the human baseline (top) and GPT survey (bot-
tom). For several items (especially Questions
1–2 and 7–9) mean responses increase steadily
from Advocate for Meritocracy through to Ad-
vocate for Structural Equity, with the highest-
endorsement personas consistently at the inclusive-
culture/structural-equity end of the spectrum. For
other items (most clearly Questions 3–6 in the
human baseline), the direction flips: meritocracy-
oriented personas show higher agreement and
structural-equity personas lower agreement, which
is exactly what we would expect for items framed
around merit or skepticism toward identity-based
interventions. The GPT-generated survey pre-
serves this overall structure—strong separation
at the extremes and coherent ordering on most
items—though a few questions show small non-
monotonicities (e.g., Q5 and Q9) where adjacent
personas overlap or the top-end persona is not
strictly the maximum. Overall, the figure suggests
that both instruments capture the same underlying
DEI stance spectrum, with item-dependent polarity
reflecting whether an item aligns with meritocratic
versus equity-centered framing.

D.2.1. Clustering Quality and Stability

We next identify the cluster configuration favored
by each survey using internal validation metrics.
Both the Silhouette Score and the DBI converge
on a two-cluster solution (k = 2) as offering the
strongest trade-off between within-cluster cohe-
sion and between-cluster separation for the human
baseline and GPT-generated DEI surveys (see the
Silhouette curve in Figure 6). We therefore adopt
k = 2 for subsequent analyses to enable direct
comparison across instruments.
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GPT survey (bottom)

Advocate for Meritocracy (n=27)
Advocate for Individual-Centered Fairness (n=25)
Neutral Observer (n=30)
Advocate for Balanced Opportunity (n=27)
Advocate for Inclusive Culture (n=29)
Advocate for Structural Equity (n=29)

Figure 5: DEI surveys: Normalized mean response
per question by persona label. The top panel shows
the human baseline survey and the bottom panel
shows the GPT-generated survey. Bars are colored
by self-identified DEI persona, ordered from least
to most concerned.
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Figure 6: Selection of the number of clusters (k)
using silhouette score and inertia for the human
baseline (top) and GPT-generated (bottom) DEI
change surveys.

As in the other domains, we evaluate the stability
of the k = 2 solution using the same resampling-
based procedure described for other topics. Both
instruments exhibit strong stability under resam-
pling. The human baseline achieves a mean ARI
of 0.86 (median = 0.92), with the central 80% of val-
ues ranging from 0.63 to 1.00. The GPT-generated
survey demonstrates comparable robustness, with
a mean ARI of 0.83 (median = 0.85) and a 10th–
90th percentile interval of 0.60 to 1.00. While a
small number of iterations yield lower agreement,
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Human Baseline/GPT Cluster 0 Cluster 1
Cluster 0 0.89 0.11
Cluster 1 0.26 0.74

Table 5: Transition matrix between clusters in-
duced by the human baseline survey and the GPT-
generated survey. Rows correspond to human
baseline clusters; columns correspond to GPT clus-
ters.

the concentration of high ARI values indicates that
the two-cluster structure is resilient to substantial
perturbations of the sample.

We examine cross-instrument consistency by
comparing the partitions produced by the human
baseline and GPT-generated surveys. The transi-
tion matrix in Table 5 reveals strong alignment be-
tween the two solutions. A substantial proportion of
respondents remain on the diagonal (89% and 74%),
with relatively limited reassignment across clusters.
This pattern suggests that the GPT-generated sur-
vey recovers the same primary attitudinal division
identified by the human baseline, with differences
largely confined to respondents near the decision
boundary between clusters.

We assess external semantic validity following
the same procedure used for the other two topics.
Using the ARI and NMI, we observe modest but sys-
tematic alignment between clusters and persona
labels. The human baseline survey yields an ARI of
0.07 and an NMI of 0.12, while the GPT-generated
survey shows comparable alignment (ARI = 0.07,
NMI = 0.12). Although these values are lower than
those observed in the climate and immigration do-
mains, they are similar across both instruments,
suggesting that each survey captures a compara-
ble degree of shared structure with self-reported
DEI personas.
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