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The “Validate-then-Simulate” Approach

This human study did not involve human subjects:
Validating LLM simulations as behavioral evidence

e Compares generated responses to:

o human survey responses
(treated as ground truth)

Jessica Hullman David Broska Huaman Sun Aaron Shaw
Northwestern University Stanford University Northwestern University Northwestern University
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personas/questions/topics/points in
time

Direction & significance of effects (Park et al. 2024, Xie et al. 2024, Toubia et al. 2025)
Correlation & size of effects (Hewitt et al. 2024, Cui et al. 2025)

Predictive accuracy & indistinguishability tests (Mei et al. 2024, Binz et al. 2025)
Comparison to theoretical predictions (Brand et al. 2023, Manning et al. 2024)

Expert & non-expert appraisal of face validity (Ahnert et al. 2025, Park et al. 2023)
Representational alignment (Binz et al. 2025)

Heuristic validation


https://arxiv.org/abs/2602.15785

Existing Benchmark Datasets

e OpinionQA

e GlobalOpinionQA
e Psych-101

e Psych-201

e SimBench

e GGSS Personas

e Is your target construct covered?

e Generalization beyond specific countries
and points in time?

e Training data contamination

SIMBENCH: BENCHMARKING THE ABILITY OF LARGE
LANGUAGE MODELS TO SIMULATE HUMAN BEHAV-
IORS

Tiancheng Hu', Joachim Baumann?, Lorenzo Lupo?,
Nigel Collier!, Dirk Hovy?, and Paul Rottger?

University of Cambridge, 2University of Zurich, *Bocconi University,

German General Social Survey Personas: A Survey-Derived
Persona Prompt Collection for Population-Aligned LLM Studies

Jens Rupprecht'”, Leon Fréhling?’, Claudia Wagner?3*, Markus Strohmaier'2*
1University of Mannheim, 2GESIS — Leibniz Institute for the Social Sciences,
3RWTH Aachen University, “Complexity Science Hub

German General Social Survey | 4 German General Social Survey Personas

Core Socio-Demographics ~ Variable Importance Ranking ~ /SON Format

Sex Female |mm— Rank  Variable GGPRI9P—2

Male mm— 1 Opinion about people from {Sex: Female, Age: 58, Region: East,

- i Area: Urban, ..., Opinion about people

Age 18-35 mm o MonEUcouniies B e o

36—50 == A Imnugratngitoawork here work here: Should be unrestricted,
51-65 -l o il Willingness to express politcal opinion to
Y > 65 - Q2 W'II_I;_"Q'I‘ESS_ to e>t<pr'e_ss . friends and at work: Willing to}
olitical opinion to friends
- [ ] [
% i — and at work
° - Reglon V'\E’“: Text Format (LLM-Generated)
- 0 esf 3 Agreement that it is just that
- ° Area Rural [— = people who care for children GGRTOP-2
- [ ] Urban :  orrelatives in need receive =
- [ 4 A58 year old woman who lives in a big cit
- = e O special support in Eastern Germany. ... She is in favor of
. n ; — o allowing immigration from non-EU workers
Survey Particioants | =1.2.....5248 Plus: Secondary and Tertiary Education, 4 Opinion f'°"“a}"|3" O"Ff‘"e"t 1o Germany and feels comfortable
y Particip =12, Income, Nationality, Current and Previous system of social provision expressing her political opinion to friends
Survey Variables  k=1.2.....380  pyqfecgional Position and Activity and colleagues at work.



https://github.com/tatsu-lab/opinions_qa
https://huggingface.co/datasets/Anthropic/llm_global_opinions
https://huggingface.co/datasets/marcelbinz/Psych-101
https://huggingface.co/datasets/marcelbinz/Psych-201
https://huggingface.co/datasets/pitehu/SimBench
https://search.gesis.org/research_data/ZA9089

Common Approaches to Heuristic Validation

Generative Agents: Interactive Simulacra of Human Behavior
Carrie J. Cai

e Face Valldlty (e.g., Park et al.. 2023)
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e Known limitations apply

Joining for coffee at a cafe

Taking a walk
in the park
7 [Abigail]: Hey Klaus, mind if
I join you for coffee?
[Klaus]: Not at all, Abigail.
How a 3

Finishing a : " R o
morning routine F = J| - i ] Ve b [John] : Hey, have you heard
- ) 3 . anything new about the
.4 4 upcoming mayoral election?

[Tom] : No, not really. Do you
know who is running?
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https://arxiv.org/abs/2304.03442

Common Approaches to Heuristic Validation

Face validity
Individual-level alignment

Do we include all categories?
(e.qg., presidential candidates)

How to treat missing or invalid responses in
human & LLM data?

Do we account for survey weights and group
sizes?

How relevant are individual responses for
social science research?

PA Out of One, Many: Using Language Models

to Simulate Human Samples

Lisa P. Argyle“, Ethan C. Busby', Nancy Fulda?,
Joshua R. Gubler”', Christopher Rytting? and David Wingate?

Variable 2012 2012 2016 2016 2020 2020
Tetra.  Prop.Agree  Tetra.  Prop.Agree  Tetra.  Prop.Agree
Whole sample 0.90 0.85 0.92 0.87 0.94 0.89
Men 0.90 0.85 0.93 0.88 0.95 0.88
Women 0.91 0.86 0.92 0.86 0.94 0.90
Strong partisans 0.99 0.97 1.00 0.97 1.00 0.97
Weak partisans 0.73 0.74 0.7 0.74 0.84 0.82
Leaners 0.90 0.85 0.93 0.87 0.95 0.89
Independents 0.31 0.59 0.41 0.62 0.02 0.53
Conservatives 0.84 0.84 0.88 0.86 0.91 0.89
Maoderates. 0.65 077 0.76 078 0.71 077



https://www.cambridge.org/core/journals/political-analysis/article/abs/out-of-one-many-using-language-models-to-simulate-human-samples/035D7C8A55B237942FB6DBAD7CAA4E49

Common Approaches to Heuristic Validation

e Face validity
e Individual-level alignment
e (Sub-)population-level distributions

e Mostly unaffected by individual-level noise
e Do we simulate individuals or groups?
e Do we account for survey weights, group sizes?

e Which subpopulations do we include in the
evaluation?

303.17548v1 [cs.CL] 30 Mar 2023

Whose Opinions Do Language Models Reflect?
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Abstract

Language models (LMs) are increasingly being used in open-ended contexts, where the
opinions reflected by LMs in response to subjective queries can have a profound impact, both
on user satisfaction, as well as shaping the views of society at large. In this work, we put
forth a quantitative framework to investigate the opinions reflected by LMs — by leveraging
high-quality public opinion polls and their associated human responses. Using this framework,
we create OpinionQA, a new dataset for evaluating the alignment of LM opinions with those
of 60 US demographic groups over topics ranging from abortion to automation. Across topics,
we find substantial misalignment between the views reflected by current LMs and those of
US demographic groups: on par with the Democrat-Republican divide on climate change.
Notably, this misalignment persists even after explicitly steering the LMs towards particular
demographic groups. Our analysis not only confirms prior observations about the left-leaning
tendencies of some human feedback-tuned LMs, but also surfaces groups whose opinions are
poorly reflected by current LMs (e.g., 65+ and widowed individuals). Our code and data are
available at https://github.com/tatsu-lab/opinions_ga.


https://proceedings.mlr.press/v202/santurkar23a

Common Approaches to Heuristic Validation

e Face validity

e Individual-level alignment

e (Sub-)population-level distributions
e Selected downstream regr. coef.

e Typically the most relevant for substantive
social science research

e How are hypotheses converted into statistical
models? (specification multiverse)

e Selection of estimands vs. unknown effects
and secondary use of survey data

Political Analysis (2024), 32, 401-416
doir10.1017/pan.2024.5

ARTICLE

Synthetic Replacements for Human Survey Data?
The Perils of Large Language Models

James Bisbee, Joshua D. Clinton, Cassy Dorff, Brenton Kenkel and Jennifer M. Larson
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https://www.cambridge.org/core/journals/political-analysis/article/synthetic-replacements-for-human-survey-data-the-perils-of-large-language-models/B92267DC26195C7F36E63EA04A47D2FE

Survey Data Imputation

e Survey data is often partially missing

e Dataimputation is an extensively
studied issue

e Takes imputation uncertainty into account
e Assumptions about missingness mechanisms

e Computationally expensive, especially for
LLM simulations

In-Context Learning for the Imputation of Public Opinion Data
with Large Language Models

Tobias Holtdirk!?, Georg Ahnert’, Joseph W Sakshaug®'?, Anna-Carolina Haensch'**
'LMU Munich; 2Munich Center for Machine Learning; *University of Mannheim;
“Institute for Employment Research (IAB); SUniversity of Maryland, College Park

Abstract

Large language models have been widely eval-
uated as simulators of individual survey re-
sponses. In practice, however, fully unobserved
responses are rare; the dominant problem is
partial non-response. Imputation aims to re-
store the overall structure of a survey dataset
by filling in these missing values. It has its
own well-defined evaluation criteria and dif-
fers fundamentally from prediction. We pro-
pose to impute missing survey data through in-
context learning (ICL). We systematically eval-
uate ICL design choices across different miss-
ingness mechanisms (MCAR, MAR, MNAR)
on 150 opinion variables spanning 15 waves of
the American Trends Panel. Compared to well-
established statistical methods for data imputa-
tion like MICE PMM, our ICL approach consis-
tently reduces absolute error across all missing-
ness mechanisms, with the largest gains under
non-random missingness (MNAR). Notably,
the best-performing specification (gpt-oss-120b
with 100 in-context examples) achieves near-
nominal aggregate coverage (approaching the
95% level) with confidence intervals two to five
times narrower than MICE PMM. We publish
a Python package with an sklearn-like API to
enable easy deployment of our method using
local and proprietary LLMs.
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Figure 1: In-context imputation combines the
model’s prior knowledge with evidence from the ob-
served data. In-context imputation (middle) produces
confid intervals ially narrower than MICE
PMM (left) at acceptable coverage, and is less biased
than the zero-shot LLM (right).

Imputation aims to restore the overall data struc-
ture by filling in (imputing) the missing values (Lit-
tle and Rubin, 2019). If left untreated or treated in-
correctly, missing data can lead to biased estimates
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https://arxiv.org/abs/2606.09351
https://onlinelibrary.wiley.com/doi/book/10.1002/9780470316696
https://onlinelibrary.wiley.com/doi/book/10.1002/9781119482260
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https://arxiv.org/abs/2606.09351
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Figure 1: In-context imputation combines the
model’s prior knowledge with evidence from the ob-
served data. In-context imputation (middle) produces
confidence intervals substantially narrower than MICE

Holtdirk, T., Ahnert, G., Sakshaug, J. W., & Haensch, A. C. (2026). . .
In-Context Learning for the Imputation of Public Opinion Data with PMM (left) at acceptable .coverage, and is less biased
Large Language Models. arXiv preprint arXiv:2606.09351. than the zero-shot LLM (right).


https://arxiv.org/abs/2606.09351

Fit for Purpose
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Figure 4: Individual-level prediction (x-axis) and
coefficient-level inference (y-axis) are only loosely
related. Each marker is one (method, mechanism) pair
from Study 2; both axes ({) are variable-medians with
95% bootstrap CIs on the standardized v, scale (Sec-
tion 2.2). The x-axis is |0, —v"¢| averaged over imputed
cells and the m draws.
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https://arxiv.org/abs/2606.09351

Threats to Heuristic Evaluation

e Model Training
o dataleakage
o memorization
o lack of generalization
o “potemkin understanding”

e Human survey responses
O subject to measurement &
representation errors
e Scientific Process

o Specification multiverse encourages
LLM hacking

o Underspecified applications

Large Language Model Hacking:
Quantifying the Hidden Risks of Using LLMs
for Text Annotation

Joachim Baumann®, Paul Rottger®, Aleksandra Urman?, Albert Wendsj63,
Flor Miriam Plaza-del-Arco#, Johannes B. Gruber5, and Dirk Hovy*

We replicate 37 social science  LLMs take over the role of

data annotation tasks.

ideology topic  emotion
frames  stance  politeness
tone  issue  hatespeech

misinformation é’

2,361 realistic hypotheses

data annotators.
18 large language models IU, L')(:':UI
13 million annotations 1)

We test the validity of
scientific conclusions.

1.4 million regressions

LLM annotations are unreliable
for downstream statistical analyses!

Task: Is manifesto left or right?
Ground truth: no effect (p > 0.05)

E LLM 1, configl | p=0.242 | [4
@9 LLM 1, config2 | 2=0.001 | X
09 LLM 2, configl | p=0.424 | [4
LLM hacking risk = 31% — 50%
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https://arxiv.org/abs/2509.08825

Mitigating the Threats

o “Simulate-then-validate”
o Pre-testing
o Effect size estimation

(@)

e Rectification with Prediction
Powered Inference (PPI)

o Statistical guarantees
through power-tuning

o Also addresses LLM hacking

This human study did not involve human subjects:
Validating LLM simulations as behavioral evidence

Jessica Hullman David Broska Huaman Sun Aaron Shaw
Northwestern University Stanford University Northwestern University Northwestern University
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Figure 3: In a simulate-then-validate approach, the researcher uses LLMs exclusively for exploratory piloting to find
hypotheses with support, then conducts a human study on those that appear most promising.
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https://arxiv.org/abs/2602.15785

Do you have questions?

Next:



https://github.com/dess-mannheim/tutorial_survey_simulation
https://github.com/dess-mannheim/tutorial_survey_simulation

