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Abstract

Surveys provide valuable insights into pub-
lic opinion and behavior, but their execution
is costly and slow. Large language models
(LLMs) have been proposed as a scalable, low-
cost substitute for human respondents, but their
outputs are often biased and yield invalid es-
timates. We study the interplay between syn-
thesis methods that use LLMs to generate sur-
vey responses and rectification methods that
debias population estimates, and explore how
human responses are best allocated between
them. Using two panel surveys with questions
on nutrition, politics, and economics, we find
that synthesis alone introduces substantial bias
(24-86%), whereas combining it with rectifi-
cation reduces bias below 5% and increases
effective sample size by up to 14%. Overall,
we challenge the common practice of using all
human responses for fine-tuning, showing that
under a fixed budget, allocating most to rectifi-
cation results in more effective estimation.

1 Introduction

Self-reported surveys are the gold standard for cap-
turing how people think, feel, and behave across
domains such as public policy, economics, and
health. However, they are costly, time-consuming,
and logistically complex (Groves et al., 2011). Re-
cent works at the intersection of survey research
and natural language processing have explored us-
ing LLMs as proxies for human respondents (Gao
et al., 2024; Lira et al., 2022; Argyle et al., 2023;
Anthis et al., 2025; Bail, 2024).

Despite their potential (Manning et al., 2024;
Shah et al., 2025), LLMs are not reliable out-of-
the-box as survey respondents (Gao et al., 2024).
Empirical studies document demographic and po-
sitional biases (Cheng et al., 2023; Wang et al.,
2025a), sensitivity to prompt wording, lexical fea-
tures, and option order (Atreja et al., 2025; Gligoric
et al., 2024), desirability bias (Sharma et al., 2023;

Cheng et al., 2025), and hallucinations or self-
contradictions (Tjuatja et al., 2024; Dominguez-
Olmedo et al., 2024; Pezeshkpour and Hruschka,
2023; Huang et al., 2025). Naive use can there-
fore distort population estimates. Training-time
adaptations such as fine-tuning on survey responses
demand extensive human annotation and remain
vulnerable to domain shift, whereas inference-time
techniques like demographic prompting or persona-
based generation are highly prompt-sensitive (Sun
et al., 2025).

Methods such as Prediction-Powered-Inference
(PPI) and Design-based Supervised Learning
(DSL) (Angelopoulos et al., 2023a; Egami et al.,
2023) have been proposed as a post-hoc correction
approach, but they have not been rigorously eval-
uated for large-scale survey simulation or in com-
bination with training- and inference-time adapta-
tions often used in practice. Moreover, these ap-
proaches guarantee validity only for corrected esti-
mates, not for the generated responses themselves.
Ensuring that generations are unbiased remains im-
portant when follow-up questions are posed (Wang
et al., 2024a; Shaikh et al., 2024) or when other
quantities beyond the corrected estimate need to be
inferred.

Consequently, the effectiveness of training-time,
inference-time, and post-hoc methods for valid
LLM-based survey simulation is still unclear, as
are their potential interactions. A priori, the opti-
mal allocation of limited human data across these
methods is not evident. For example, dedicating
all data to fine-tuning precludes effective post-hoc
correction, while allocating none may compromise
the quality of generated responses. Nonetheless,
these interactions remain uncharacterized and few
guidelines exist to date.

To address these gaps, we conduct an evaluation
examining supervised fine-tuning, persona-guided
prompting, and rectification methods, and how to
allocate gold-standard human responses for maxi-
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Figure 1: Evaluation setup: Overview of synthesis and rectification. Given a small human dataset (X", Y™) and
a disjoint, large demographic only dataset X'V, Synthesis produces responses Y” yN using either prompting
or fine-tuning. Rectification then combines model predictions Y™ with human responses Y™ to compute
a correction term. Then, this term is combined with YN to produce a final estimate 0 of the target 6*, with

corresponding confidence intervals.

mizing performance. Our evaluation is carried out
on two large-scale surveys: the NHANES dietary
recall survey (for Health Statistics et al., 2017) and
the American Trends Panel (ATP) (Pew Research
Center). Studying longitudinal data allows us to ad-
dress the most general setting, from which simpler
survey designs can be derived. Through this setup,
we contribute a format-agnostic, budget-aware
study of training-time (fine-tuning), inference-time
(prompting), and post-hoc rectification methods
for survey simulation. Our contributions are the
following:

1. A rigorous evaluation of four common syn-
thesis strategies combined with two rectifi-
cation methods, grounded in two large-scale
surveys with focal tasks in food, politics, and
economics (§4, §5.1).

2. Quantitative insights showing that popula-
tion and subpopulation estimates can be cor-
rected to within 5% bias using as few as 100
responses (~=1% of a full survey) (§5.2).

3. Evidence-based guidelines for allocating re-
sponses across synthesis and rectification (Ta-
ble 4). For example, while dedicating all data
to fine-tuning may seem natural, we show that
under a fixed budget, allocating the majority
of responses to rectification yields the best
bias—variance trade-off.

All code and data are released to support develop-
ment of new methods and benchmarks'.

'Code: github.com/skrsteski/survey-simulations

2 Related work

Training-time adaptation. LLMs have been pro-
posed as proxies for human respondents, enabling
low-cost, large-scale survey simulation in domains
such as public opinion, voting (Argyle et al., 2023;
Santurkar et al., 2023). A common way to im-
prove domain performance is fine-tuning. Recent
work aligns response distributions by minimizing
a forward KL divergence between model proba-
bilities and human distributions for a given (ques-
tion, subgroup) pair (Suh et al., 2025; Cao et al.,
2025; Davidson et al., 2024). First-token probabil-
ity alignment is typical for multiple-choice ques-
tions (MCQs). Although LoRA and other PEFT
techniques reduce computation, fine-tuning still
requires unpredictable amounts of gold-standard
data and meticulous preprocessing. (Hu et al.,
2022; Suh et al., 2025; Wang et al., 2025b). More-
over, survey-specific artifacts require careful for-
mat alignment (Dominguez-Olmedo et al., 2024;
Wang et al., 2024b). This raises the question of
where scarce human responses are most valuable,
but existing studies provide no principled answer.
Our evaluation aims to address this gap.

Inference-time adaptation. Prompting and in-
context learning adapt the model at inference with-
out parameter updates, making them a popular
choice for survey simulation (Brown et al., 2020;
Latona et al., 2024). Early work such as “silicon
sampling” shows that sociodemographic condition-
ing can elicit responses with high population-level
fidelity to humans (Argyle et al., 2023; Santurkar
et al., 2023; Sun et al., 2024). Later methods in-
troduce synthetic personas and steering (Hu and
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Collier, 2024), including steering vectors (Kim
et al., 2025; Russo et al., 2025b), soft-prompt con-
trol (Li et al., 2023, 2025), and probabilistic mix-
tures of persona-conditioned agents (Bui et al.,
2025). Despite this progress, evaluations report
prompt sensitivity, question- and option-order arti-
facts, and demographic skew, casting doubt on reli-
ability for population-level inference (Dominguez-
Olmedo et al., 2024; Tjuatja et al., 2024; Geng
et al., 2024). A related concern is format-induced
bias: many studies focus on MCQ/Likert formats,
whereas prior work shows that responses under con-
strained generation can diverge from open-ended
ones (Rottger et al., 2024; Zhang et al., 2025). If
minor setup changes (e.g., prompt or model) lead
to substantially different responses, the validity of
conclusions from such simulations is questionable.
In this work, we show that incorporating even a
small amount of human responses via rectification
can mitigate such biases.

Post-hoc adaptation. A complementary strategy
bypasses model editing, treating the LLM as an in-
formative, but potentially biased black-box predic-
tor whose outputs are statistically corrected. Frame-
works such as PPI (Angelopoulos et al., 2023a) and
confidence-driven inference (CDI) (Gligori¢ et al.,
2024) provide finite-sample—valid estimators and
confidence intervals by combining abundant model
predictions with a small human subset. Although
previously applied to annotation tasks (Fan et al.;
Calderon et al., 2025; Rister Portinari Maranca
et al., 2025), this paradigm fits survey workflows
where instrument design is costly, but collecting a
small subsample of human answers is easy. In
social-science methodology, design-based semi-
supervised learning (DSL) combines model pre-
dictions with a small human sample via a doubly
robust estimator (Egami et al., 2023). Similarly, the
mixed-subjects design incorporates LLM predic-
tions as additional observations alongside human
responses (Broska et al., 2025). However, exist-
ing validations focus on controlled behavioral tasks
rather than large-scale survey simulation, and they
do not examine interactions with different synthe-
sis strategies or data-allocation trade-offs. Here,
we provide guidance on how to get the best of both
worlds, simultaneously debiasing synthesis models
and population-level estimates. We fill this gap
with a multi-dataset evaluation that pairs several
synthesis choices (prompting/personas and fine-
tuning) with post-hoc correction across open-ended

and MCQ questions.

3 Methodology

The task of interest is producing accurate
population-level estimates that reflect human sur-
vey responses. To this end, we evaluate strategies
that synthesize responses conditioned on demo-
graphics, correct estimates using a small subset
of human responses, and combine both to balance
their strengths.

Problem formalization. We frame the problem
in the general setting of panel surveys, from which
cross-sectional designs arise as a special case.
Thus, the formulation leverages histories when
available and reduces to the cross-sectional case
when not. A panel survey is a sequence of re-
sponses collected from the same N individuals
over T' discrete time points. A single time point ¢
(a “wave”) may represent, for example, a monthly
opinion poll. For each wave ¢, let ¢ € Q de-
note the survey question asked. Each participant
i € {1,..., N} provides a response y; ; to ¢, re-
specting the response space ),, (e.g., multiple-
choice options or free-text answers). Given a his-
tory window of length 7" — 1, we generate a syn-
thetic response at wave 1" using an LLM:
Gir = f(xi, Yir—1)-

Our objective is to recover the population estimand
at wave T as the finite-population mean over the
unlabeled, demographic-only frame:

1 N
0 = N ; o(yir),

where ¢ : J — R maps responses to a common
scale (e.g., numeric coding for Likert, scalar extrac-
tion for open-ended). Population-level estimates
are, by definition, question-specific and require a
single target question.

Synthesis. We use LLMs to generate survey re-
sponses, considering both inference-time adapta-
tions (e.g., demographic or persona prompting) and
training-time adaptations (e.g., domain-specific
fine-tuning on survey data). At a high level, synthe-
sis strategies divide into two categories:
Prompt-based methods rely on conditioning
without parameter updates. Demo-only (demo-
graphic conditioning) prompts models with par-
ticipant demographics x; alone. Persona-guided
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extends demographic prompting by incorporating
behavioral patterns from past responses (y; 1.7—1)-
An auxiliary LLM analyzes each participant’s past
responses to generate natural language personas
capturing recurring behavioral tendencies, which
then condition response generation at time 7.

Fine-tuning methods adapt model parameters
using training data, typically through supervised
fine-tuning (SFT) as in instruction-following setups
(Ouyang et al., 2022). Domain-FT fine-tunes on
historical responses from our target survey across
time points 1 to 7' — 1, learning from (question,
demographics, response) triplets via standard cross-
entropy loss. SubPOP-FT fine-tunes on the SubPOP
auxiliary dataset (Suh et al., 2025), which contains
3,229 questions from American Trends Panel with
response distributions across 22 subpopulations.
This method applies first-token alignment to min-
imize KL divergence between model logits and
empirical response distributions for each (question,
subgroup) pair, using external survey data rather
than the target survey’s history. We include it due to
its demonstrated generalization to unseen surveys
and subpopulations (Suh et al., 2025).

Rectification. In the synthesis step, a language
model f generates predictions ¢J; 7 for each partic-
ipant. However, these predictions can be biased
by factors such as the model’s training data or the
chosen prompt (Bender et al., 2021). An alterna-
tive is to collect human responses for the same
survey question to estimate #*. While more reli-
able, such human data are costly to obtain (Groves
et al., 2011), and far less abundant than LLM re-
sponses. This trade-off motivates correction frame-
works such as PPI and DSL (Angelopoulos et al.,
2023a; Egami et al., 2023), which combine cheap,
plentiful model predictions with a small set of hu-
man answers.

We therefore assume access to a small set of hu-
man responses H = {(x;,y;)}7_; at wave T". For
each j € H, we also compute a model prediction
9 = fx(x;) using our synthesis setup. A general
correction estimator takes the form

N n
A 1 N 1 R
HA:NE Ayi+g§ (y; = Ag;), (D
i=1 Jj=1

—_—

synthetic mean

bias correction

where A € [0, 1] is a scalar (“power-tuning” param-
eter) interpolating between ignoring model predic-
tions (A = 0) and using them fully (A = 1). This

formulation corresponds to the PPI estimator (An-
gelopoulos et al., 2023a), with DSL (Egami et al.,
2023) recovered as the special case A = 1, which
we refer to as Recy—1. When A is not specified, it
is chosen from the human set H using the PPI++
power-tuning rule (Angelopoulos et al., 2023b),
which minimizes the estimated variance of the esti-
mator; we denote this as Rec),,-

A key benefit is variance reduction. If the syn-
thetic mean (first term) is computed on a set U
disjoint from the human responses set , the vari-
ance decomposes as

2 ~ _ ~

The first term is the variability of synthetic predic-
tions, while the second term reflects the prediction
error variance on the human responses set. Accord-
ing to Eq. (2), two conditions make this estimator
more effective than using human data alone: (i)
access to a large set of demographics and (ii) rea-
sonably accurate predictions. Or, formally:

A2 Var(j) N Var(y — A g) - Var(y) '

N n n 3)

The first condition is typically satisfied in survey
research, since demographic covariates can be col-
lected at scale (e.g., from census data) without re-
quiring human responses to substantive questions.
The second condition is equally important: an ac-
curate model means the prediction error variance,
Var(y—1), is small. As a result, the second term in
Eq. (3) becomes negligible, and the estimator’s vari-
ance is dominated by the first term WT(y) Since
this term shrinks as the synthetic sample size N
increases, rectification can produce significantly
tighter confidence intervals than estimators that
rely solely on the small set of human responses.
We refer readers to Appendix B.1 for more details.

4 Experiments

Our evaluation uses two longitudinal panel surveys
chosen to span different domains (diet, economics,
politics), response formats (open-ended, multiple-
choice), and response distributions (approximately
normal, skewed) (Table 1). Following our prob-
lem formulation, we evaluate at the question level:
NHANES contributes one repeated dietary-intake
item across two waves, while ATP contributes two
distinct opinion items across four waves.
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NHANES (diet)

ATP Q1 (economics)

ATP Q2 (politics)

Response format Open-ended (24h recall)

Participants 8.5k

Target Mean daily energy intake (kcal)
Target mean 1766 kcal
Covariates 12 demo./lifestyle

Waves (1) and repeat 2 (repeated)

Multiple choice (6) Multiple choice (4)
691 643
Mean Likert score Mean Likert score
3.16 (scale 1-6) 3.57 (scale 1-4)
25 demo./political 25 demo./political
4 (not repeated) 4 (not repeated)

Table 1: Datasets used in our evaluation. NHANES includes two waves (7'=2) asking the same food choice
question, so responses are directly comparable across waves. The selected tasks vary in domain, format, and
response distribution to test robustness across heterogeneous settings. ATP Q1 and Q2 are observed over four waves
(T'=4), with unique (non-repeated) focal questions at wave T'. We nevertheless treat ATP as a panel on covariates
and prior responses: cross-wave trajectories (waves 1:7'—1) are used to construct personas and for fine-tuning.

NHANES. The U.S. National Health and Nu-
trition Examination Survey 2015-2016 (for
Health Statistics et al., 2017) is a food-consumption
survey with over 16,000 full-day dietary recall
entries from 8,500 participants across two waves
(IT'=2). Each entry records participants’ food in-
take over the previous 24 hours in an open-ended
format (e.g., ‘oatmeal 100g, rice 150g, banana
45g’), along with total daily energy intake. Par-
ticipant metadata includes 12 demographic and
lifestyle covariates (e.g., age, sex, income). This
survey allows us to evaluate open-ended genera-
tion with substantial individual- and temporal-level
variation (its mapping function ¢ is detailed in Ap-
pendix B.2). The target is the mean daily energy
intake (kcal) per participant, with a dataset mean
of 1,766.

American Trends Panel (ATP). ATP is the
Pew Research Center’s longitudinal panel for U.S.
public-opinion research (Pew Research Center),
consisting of approximately 10,000 randomly se-
lected adults nationwide. We select two focal ques-
tions from waves 146-149, differing in domain
(economics vs. politics) and distribution (normal
vs. skewed), providing a controlled yet diverse
setting to assess the robustness of the methods.

Question 1 (Economic well-being): “Compared
to your parents when they were the age you are now,
do you think your own standard of living now is...”
Options: (1) Much better, (2) Somewhat better, (3)
About the same, (4) Somewhat worse, (5) Much
worse, (6) Not sure. We analyze 691 complete
cases. The target is the mean Likert score on a 1-6
scale (dataset mean: 3.16).

Question 2 (Political opinion): “How would you
rate the job Supreme Court justices are doing in
keeping their own political views out of how they
decide major cases?” Options: (1) Excellent, (2)

Good, (3) Only fair, (4) Poor. We analyze 643
complete cases. The target is the mean Likert score
on a 1-4 scale with a mean of 3.57.

Both ATP items include 25 demographic and
political covariates (e.g., age, gender, education,
race, party ID, income, region). The two questions
have different answer distributions (Q1 is approxi-
mately normal, Q2 left-skewed), allowing us to test
performance across distinct response patterns.

Evaluation setup. We compare four synthesis
methods across multiple datasets and models, ap-
plying two post-hoc correction strategies uniformly
to each. For each dataset and model, we gener-
ate synthetic responses at wave 7' using one of the
four synthesis methods described in §3. All mod-
els use a fixed sampling temperature of 7 = 0.7,
with prompts held constant (Appendix B.3). We
evaluate across four language models: Qwen2.5
8B, Llama 3.1 8B, Mistral v0.3 7B, and GPT-40
mini. Rectification methods (PPI and DSL) are
applied on top of each synthesis strategy. At wave
T, we draw npuman = 100 participants as the gold-
standard set and treat the remainder as unlabeled.
As baselines, we use previous-day responses for
NHANES and, for ATP, random responses obtained
by uniformly sampling answer options indepen-
dently of covariates.

We assess performance using two complemen-
tary metrics capturing bias and variance. Bias is
measured as the relative error between estimated
and true population parameters:

A(y:’_ ’

0= g x 100, “)

where 6 is our estimator and 6* is the ground-truth
population parameter from full human responses.
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Variance reduction is summarized by ESS gain,

Var ( éhuman )

ESS in% — N
gain’k (Var(emethod)

— 1) x 100, (5)

so, for example, an ESS gain of 50% means the
method achieves the same precision as having 1.5x
more human data. This is equivalent to getting
more information out of each human response.

5 Results

We first compare synthesis and rectification meth-
ods across datasets, focusing on population-level
bias and variance (Table 2). Then, we turn to deeper
analyses, examining how to best allocate human
responses between fine-tuning and correction, as
well as how rectification affects subgroup bias.

5.1 Bias and efficiency across methods

Unrectified synthesis is biased, whereas
rectification consistently fixes it. Pure LLM
synthesis shows large and inconsistent bias (top
block). Averaged across datasets, the baseline has
24.11% bias, while Domain-FT, Persona-guided,
Demo-only, and SubPOP-FT have 34.66%, 50.76%,
55.60%, and 86.23%, respectively. Per-dataset
behavior is heterogeneous: e.g., on ATP Q2
(skewed/heavy-tailed  answer  distribution),
Persona-guided reduces the unrectified bias
to 19.99% vs. a 62.41% baseline, but performs
poorly elsewhere. =~ We hypothesize that low
performance is due to misalignment between the
personas generated and the true characteristics
of the respondents. Furthermore, the variability
in bias across methods and datasets confirms
that synthesis-only methods cannot be trusted to
make valid claims about population preferences or
behaviors. Applying rectification collapses bias
to single digits (bottom block). Recy—; achieves
some reduction but leaves significant residual bias,
making it less reliable than Rec),,. By contrast,
Rec),, consistently drives bias even lower: the
lowest average bias is achieved by Domain-FT |
Recy,,. (2.82%), followed closely by SubPOP-FT
| Recy,, (3.45%), both training-based methods,
while all approaches under Rec),,, on average re-
main below 5.5% bias. Importantly, training-based
methods with Rec),, reduce bias to statistically
insignificant levels across all datasets.

Rec) , rectification enables positive ESS gains.

ESS is meaningful only when confidence intervals
achieve nominal coverage, i.e., when they contain

the true population value at the expected frequency.
All unrectified methods fail this criterion. How-
ever, when combined with Rec),, every method
achieves positive ESS gains, confirming a signif-
icant reduction in variance relative to the human-
only estimator. Persona-guided + Rec),, attains
the highest average ESS gain (6.92%) and peaks
at 14.19% on NHANES, equivalent to a ~14% in-
crease in human sample size without additional
data collection. In contrast, Rec)—; consistently
produces negative ESS gains. As expected, the
most biased methods deliver the largest ESS gains,
a direct manifestation of the bias—variance trade-
off. Based on these findings, we focus on Rec),,
in all subsequent analyses.

ESS gains shrink as the number of human
responses  grow. We next vary the num-
ber of human responses used in rectification
Recy,,s Mhuman € {50,100,150,200}, and
track ESS (Fig. 4, Appendix A.2). Similarly,
Persona-guided maintains the largest ESS gains
across settings, while all methods show an expected
decline in ESS gain as npyma, increases (the human-
only estimator improves). In practice, correction
is most beneficial when npyman 1s limited and the
remaining pool N is large. A reasonable stopping
rule in terms of variance is to discontinue using
synthetic responses once Eq. (3) is not satisfied.

5.2 Subgroup effects and allocation strategies

Rectification reduces bias per subgroup. A key
concern is whether rectification reduces error con-
sistently across sub-populations, rather than only at
the population level. To test this, we evaluate sub-
group error on NHANES before and after applying
global Rec),, rectification to a fine-tuned model
(Table 3). Specifically, we re-center each response
around the estimate Orec - and compare subgroup-
level bias. Most subgroups (6 of 7) show reduc-
tions (e.g., Mexican-Americans: —37%; income
$35-45k: —49%), though bias increases for female
respondents (+58%). Thus, while population-level
re-centering renders such heterogeneity expected,
careful validation is required to ensure no subgroup
suffers increased bias. Nevertheless, the overall
trend suggests that rectification can mitigate perfor-
mance disparities across groups.

Rectification for bias, fine-tuning for efficiency.

Since training-based methods achieve the best rec-
tified performance, a natural question arises: with
a limited human set, should responses be allocated
to fine-tuning the synthesis model or reserved for
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Method Bias (%)) ESS Gain (%)

NHANES ATPQl1 ATPQ2 Avg. NHANES ATPQl ATPQ2 Avg.
Baseline 7.61 2.30 62.41 24.11 T T T T

Synthesize only
Domain-FT | None 7.03 34.27 62.69 34.66 T T T T
SubPOP-FT | None 180.78 44.82 33.08 86.23 ] T 1 T
Demo-only | None 88.10 47.53 31.18 55.60 T T T T
Persona-guided | None 82.08 50.22 19.99 50.76 ] T T T
Synthesize + Rectify

Domain-FT | Recx=1 9.41 8.46 4.11 7.33 -32.95 -16.97 -62.23  -37.38
SubPOP-FT | Recx=1 37.57 8.74 10.98 19.10 -72.91 -13.57 -41.69  -42.72
Demo-only | Recx=1 13.38 16.94 3.12 11.15 -50.51 -22.27 -24.05  -32.28
Persona-guided | Recj=1 12.32 11.10 4.50 9.31 -60.61 -20.47 -28.34 -36.47
Domain-FT | Recx,, 3.33 1.73 3.40 2.82 2.81 1.32 1.01 1.71
SubPOP-FT | Recy,, 3.23 4.06 3.07 3.45 1.28 1.74 1.85 1.34
Demo-only | Recy,, 1.75 6.75 4.52 4.34 6.07 4.83 2.62 3.97
Persona-guided | Recy,, 3.99 4.42 7.65 5.35 14.19 5.57 1.01 6.92

Table 2: Bias (%) | and effective sample size (ESS) gain (%) 1 on three datasets. Top block: unrectified LLM
synthesis (Synthesize only). Bottom block: synthesis combined with rectification. X | Y indicates synthesis method
X with rectification method Y. All results are computed at a human sample size of |H| = nhuman=100. Green
indicates 95% bootstrap CIs where bias includes 0 and ESS > 0; averages are macro-averages across datasets. t
= ESS not reported because nominal coverage (0.95) is not achieved for unrectified methods. For Recy_,, A was
automatically selected with average values of \ =~ 0.15 (NHANES), 0.3 (ATP Q1), and 0.05 (ATP Q2).

opt ?

Subgroup n Bias (FT only) | Bias (FT | Rec )\opl) J Abs. AT Rel. A (%) 71T
sex: Female 3608 4.62 7.32 -2.70 -58.55
sex: Male 3419 13.86 8.72 5.14 37.08
race: Non-Hispanic White 2342 7.93 4.38 3.54 44.71
race: Non-Hispanic Black 1525 5.79 3.45 2.34 40.37
race: Mexican American 1312 7.77 4.83 2.94 37.87
household income: $35,000 to $44,999 717 8.34 4.25 4.09 49.07
household income: $100,000 and over 1182 8.34 5.54 2.80 33.61

Table 3: Subgroup bias changes on NHANES. We compare fine-tuned (FT) models before and after global
rectification (Rec,,,)- = subgroup bias decreases (improvement); red = subgroup bias increases (deterioration).

Fixed human sample size of npyman=100. Note: NHANES records “sex” as a self-reported variable (male/female).

post-hoc correction?? To study this trade-off, we
fix a budget of 1,000 human responses and evalu-
ate allocations between Domain-FT and Rec),, in
proportions of 10-90, 20-80, 40-60, 60—40, and
80-20. Experiments are run on NHANES, as it
offers a larger sample size than ATP 3.

Figure 2 shows that bias is lowest when 20%
of responses are allocated to fine-tuning and the
remainder to correction (panel a). Larger alloca-
tions (40-80%) yield greater efficiency gains (panel
b) but at the cost of higher bias and uncertainty.
The Pareto frontier (panel c) summarizes this trade-
off: points toward the upper left represent more
favorable combinations. To illustrate, we group

2PPI requires held-out data; reusing fine-tuning data vio-
lates its guarantees (Angelopoulos et al., 2023a).
3This analysis uses a different data split than Table 2.

strategies into three regimes (panel d): Conserva-
tive (<200 responses for FT), Balanced (=400 for
FT), and Aggressive (>600 for FT). These regimes
show how different allocation rules trace distinct
positions along the frontier, offering interpretable
levers for balancing bias and efficiency. We note
that these findings are specific to the datasets and
questions studied here, and should be treated as
directional guidance rather than universal rules.

6 Discussion

Across three longitudinal surveys, we find that all
adaptation strategies reduce LLM bias once rec-
tified, with Domain-FT achieving the lowest error
(<3% on average). At the same time, every synthe-
sis method yields significant ESS gains after cor-
rection, showing clear improvements over a human-

10893



51 (a)
4
13
g7
n
5
@ 2
14 = —
o4
10 20 30 40 50 60 70 80
FT Allocation (%)
80
20 © 70
60
T 154
8 80% 50
£
g 10 40% 40
g 20% . /
7] () N / 30
W 0.5 4 \ S._60%
\
! 10% 20
5%
<
0.0 10
T T T T
0 1 2 3 4 5
Bias (%) {

FT Allocation (%)

(b)

=
o

*

ESS Gain (%) -
=
)

o
«n

0.0

40 50 60 70 80

FT Allocation (%)

10 30

=3 Bias (%)
[ Efficiency (%)
[ Uncertainty

1.88
1.19 ‘
0.93
0.62
0.49
0.31
T T

Conservative
(=20% FT)

(d)

3.01

1.5

1.04

Performance Metrics

0.5

0.0

T
Aggressive
(=60% FT)

Balanced
(40% FT)
FT+Rectification Modes

Figure 2: Fine-tuning and rectification interaction analysis. Results are averaged over 100 independent runs. (a)
Bias vs. FT allocation with confidence bands; 20% allocation minimizes bias (red star). (b) Efficiency peaks at 80%
FT allocation but with high uncertainty. (c) Pareto frontier with 95% confidence ellipses where points toward the
upper left reflect better trade-offs. (d) Comparison across allocation policies.

only estimator.

Augmenting surveys with LLM responses is
therefore not a universal solution but a set of
context-dependent choices guided by the analyst’s
goals. Accordingly, we present our recommen-
dations in Table 4 as practical guidelines. These
guidelines are supported by experiments in nutri-
tion, economics, and politics within the U.S., where
LLMs show reliable factual grounding. While we
expect the main patterns to hold broadly, generaliz-
ing to other domains requires awareness of poten-
tial differences in performance.

Overall, rectification improves efficiency when
a large demographic frame is available and model
predictions are reasonably accurate (Eq. 3). Power-
tuning further enhances efficiency by avoiding neg-
ative ESS outcomes, unlike Recy—;. Subgroup
analysis suggests that it can reduce disparities, but
warrants further validation. To contextualize what
“reasonably accurate” means in this context, we ex-
amine the correlation between available covariates
and the target answers. For NHANES, correla-
tions range from 0.006 to 0.220 (mean 0.043), with
Gender providing the strongest signal (r = 0.22).
For ATP Q1 (economics), correlations range from
0.004 to 0.232 (mean 0.058), driven most strongly
by Income (r 0.23). For ATP Q2 (politics),
correlations range from 0.002 to 0.506 (mean

0.073), with Party providing the strongest signal
(r = 0.51). Per Mani et al. (2025), PPI++ carries
a finite-sample cost when pseudo-label correlation
with true labels is low, so gains are not guaranteed.
The positive ESS gains we observe suggest the cor-
relation is sufficient in our setting, though this may
not hold in all contexts.

Moving forward, promising directions include
developing subgroup-aware correction methods,
extending evaluations to multilingual and cross-
cultural contexts, and testing live deployments
within survey infrastructure. Beyond surveys, our
findings exemplify how LLM predictions and lim-
ited human data can be combined for valid infer-
ence in other settings where labeled data are scarce.

7 Conclusion

We presented the first head-to-head evaluation of
training-time, inference-time, and post-hoc adap-
tations for LLM-assisted survey simulation across
three longitudinal datasets. Our results show that
uncorrected LLLM synthesis is consistently biased,
but rectification with a small set of human re-
sponses reduces bias to below 5% while achieving
positive ESS gains. Training-based methods paired
with rectification (Aop) provide the most reliable es-
timates, while inference-time prompting strategies
deliver greater ESS gains at the cost of higher bias.
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Objective

Practical recommendations

A. Minimizing
the error of
the population
estimate

B. Minimizing
the number of
needed
human
responses

C. Inference
in very low
data or
compute
regimes

D. Having the
best synthesis
model for
follow-up

Reserve the majority of the labeling bud-
get for post-hoc correction.

Synthesize with Domain-FT  (or
SubPOP-FT if target histories are un-
available).

Similarly allocate the majority share to
correction.

Afterwards, generate responses with
Persona-guided prompting for the
largest ESS gains.

When neither historical data nor fine-
tuning compute are available, apply
Demo-only synthesis plus correction.
Bias collapses below 5% and ESS im-
proves modestly.

If the end-goal is a single best-
performing synthesis model (e.g., for
follow-up questions or downstream
quantities beyond the corrected esti-
mate), skip prompting and fine-tune

directly on available responses.

Table 4: Evidence-based guidelines for LL.M-assisted
survey simulation.

In our N=1000 experiments, allocating a majority
of responses (60—80%) to correction gave the best
trade-off between bias and efficiency, though the
precise percentages will vary with data and budget.

Limitations

We identify key limitations of our work. First, our
evaluation is restricted to the U.S. context, drawing
on NHANES and ATP data with all interactions
conducted in English. Performance is likely to
vary across languages, cultural norms, and survey
methodologies (Shi et al., 2024; Ziegenfuss et al.,
2021). Extending benchmarks to multilingual and
non-Western contexts is therefore essential before
drawing global conclusions.

Second, our experiments rely on simple non-
adaptive correction methods. Although accessible
due to their simplicity and theoretical guarantees,
alternative methods such as confidence-driven in-
ference (CDI) (Gligori¢ et al., 2024) may offer
stronger performance in practice. In particular,
adaptive procedures that re-weight based on model
confidence could deliver larger efficiency gains, es-
pecially when prediction reliability varies across
subgroups. However, adaptive approaches during

data collection (rather than post hoc) are less acces-
sible to practitioners and require careful validation
of the sampling rule. Future work should examine
how practitioners balance data-collection simplic-
ity against potential efficiency gains.

Third, rectification is effective for population-
level estimation but does not solve the harder
problem of individual-level simulation. Accu-
rately reproducing a single respondent’s answers
requires capturing idiosyncratic confounders and
latent traits (Shaikh et al., 2025; Belyaeva et al.,
2023), which current methods struggle to represent.
We explicitly show the difficulty of this problem
through the results in Appendix A.1. Progress here
will likely require richer behavioral models and
new data sources. Moreover, current rectification
methods operate as numerical adjustments, while
the actual responses themselves remain biased (i.e.,
we do not directly correct the LLM outputs). Future
work could explore approaches that jointly improve
both the statistical estimates and the generated re-
sponses.

Fourth, we assume simple random sampling and
treat survey responses as ground truth. Real sur-
veys use complex designs and suffer from non-
response and selection biases, so real-world de-
ployment would require integrating proper survey
weights. We also note that “open-ended” responses
in NHANES are structured (e.g., a quantity can
always be derived); they are not free-text in the
explanatory sense.

Ethical considerations

Survey data often include sensitive personal
information. If such data are processed by
large language models hosted by commercial
providers, questions of privacy and consent be-
come paramount (Kalluri et al., 2025). Partici-
pants should retain meaningful control over their
responses, and safeguards are needed to prevent
concentration of power among technology compa-
nies (Vincent et al., 2021; Vincent and Li, 2023).
Replacing or reducing human survey participa-
tion has economic implications and potential in-
come displacements. Surveys currently provide
paid opportunities for respondents (Gray and Suri,
2019), and widespread substitution with LLM-
generated data could displace this source of in-
come (Shao et al., 2025; Tiwari, 2023). Any de-
ployment of methods as described in our guidelines
must weigh efficiency gains against potential harms
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to individuals who rely on survey participation.

Large-scale use of LLMs has broader societal
costs, including environmental impacts from train-
ing and inference (Wu et al., 2022; Zhong et al.,
2024). The studied approach offers a partial mit-
igation: by rectifying predictions from existing
models rather than training new ones from scratch,
we reduce the need for additional large-scale model
development (Lacoste et al., 2019). In this sense,
our evaluation demonstrates how methodological
innovation can align with more sustainable Al prac-
tices.

Lastly, subgroup bias amplification is an impor-
tant ethical consideration. If the labeled data is
sparse or unrepresentative, rectification can inad-
vertently amplify subgroup-level errors, correcting
toward majority patterns while leaving minority
responses systematically misestimated. This risk is
particularly salient for survey applications where
small subpopulations are of substantive interest.
Future work should examine subgroup-aware, strat-
ified, or adaptive rectification strategies that explic-
itly mitigate disparities (Fogliato et al., 2024).
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A Supplementary results and
experiments

Both datasets used in our study are publicly avail-
able. The U.S. National Health and Nutrition Ex-
amination Survey (NHANES) is produced by the
National Center for Health Statistics and is in the
public domain. The American Trends Panel (ATP)
is released by the Pew Research Center for schol-
arly use under its data use terms. No special li-
censes or permissions were required for access or
use of these datasets in our work.

A.1 Individual-level simulation results

This analysis supports the discussion within the
limitations section regarding the difficulty of cap-
turing idiosyncratic behaviors. We report Mean
Absolute Error (MAE) between the ground-truth
scalar target y; = ¢(Y; 1) and the synthetic value
§; = ¢(Y;.r) for each individual i in NHANES.

These results show that while LLMs can be ef-
fectively calibrated to produce unbiased population
estimates, accurately predicting an individual’s re-
sponse remains fundamentally difficult. From the
LLM'’s perspective, individuals sharing identical
demographic profiles appear indistinguishable, as
illustrated in Figure 3. The model does not have
enough information to differentiate between a 67-
year-old white female who consumes 800 kcal ver-
sus another with identical observable characteris-
tics who consumes 2,200 kcal.

Several factors contribute to this issue. First,
identical observable features mean that LLMs
only observe coarse demographic categories, miss-
ing subtle but crucial individual differences in
metabolism, food preferences, cooking skills, or
economic circumstances. Second, natural daily
variation ensures that even the same individual
has substantial day-to-day fluctuations based on
work schedule, social events, mood, stress levels,
and purely stochastic factors. Finally, unobserved
determinants such as genetics, medication effects,
micronutrient status, food allergies, and personal
dietary history remain completely hidden from the
model yet strongly influence behavior.

A.2 ESS gains with increasing npyman

Figure 4 reports ESS gains under Rec), as the
number of labeled participants increases. We ob-
serve the same trend across all three datasets: gains
shrink as npyman grows, since the human-only esti-
mator improves with more labels.

Synthesis method MAE (kcal) |

Demo-only 1257.2
Persona-guided 1417.5
Domain-FT 815.0
SubPOP-FT 920.1

Table 5: Individual-level absolute error (MAE) for daily
energy intake (kcal) on NHANES. The high individual-
level errors highlight the difficulty of this setting.

A.3 Ablation studies (NHANES)

Context ablation. We ablate the demographic in-
formation provided to the model at inference time
by incrementally expanding the prompt (e.g., the
demographic profile of the person). Each group
adds a new set of attributes to the prompt. Group
1 uses only age and sex. Group 2 adds anthropo-
metric variables (height, weight, BMI). Group 3 in-
cludes dietary preference (e.g., vegan, vegetarian).
Group 4 incorporates race/ethnicity, and Group 5
adds citizenship status. Adding more context about
the participant increases performance. The results
are summarized in Table 6.

Prompting strategy ablation. We compare four
prompting strategies that vary along two axes: (1)
single-turn vs. multi-turn prompting, and (2) un-
conditioned vs. conditioned inputs. In single-turn
prompting, the model is asked to recall the entire
day’s intake in one pass. Multi-turn prompting
follows a structured format modeled after real di-
etary surveys (e.g., the Automated Multiple-Pass
Method), where the model is guided through mul-
tiple passes and explicitly asked whether anything
was forgotten. Conditioning improves accuracy
and coverage. Interestingly, multi-turn prompt-
ing consistently leads to higher nutrient estimates,
which may reflect memory probing (i.e., the model
“recalling” additional foods) or acquiescence bias®.

A.4 Results by base model

Table 8 reports bias and ESS gains separately for
each base model and synthesis—rectification combi-
nation. Overall, the patterns are consistent with our
main findings: unrectified synthesis remains biased
and fails to achieve valid coverage (hence ESS is
not reported), while applying rectification collapses
bias and yields positive ESS gains in most cases.

*Acquiescence bias is the tendency to provide affirmative
responses regardless of content. When repeatedly asked “Did
you forget anything?”, LLMs may generate additional foods
due to the prompting structure rather than genuine recall.
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What the LLM sees

3000
2500 ° ®
* ®
gzoom ® °
g ® ® ®
1500 ®
2 ) [}
) o [
& ® ° ™
1000
N X
e e )
o
500 { o
ol— . ; ; ; 4
0 5 10 15 20 25

Individual (ID)
Figure 3: Individual variation in energy intake within identical demographic groups. Each point represents an

individual with the same observable characteristics (age 66—70, female, 60-70kg, Non-Hispanic White, no special
diet), yet their actual energy consumption varies greatly from 500 to 2,500 kcal.
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Figure 4: ESS gain under Rec Agpt ACTOSS labeled-sample sizes npyman € {50, 100, 150, 200}.

Conditioning level A from truth (%) CI width (%) CI coverage 1

Basic: age, sex 13.44 13.42 0.22
+ anthropometrics 12.34 15.79 0.34
+ dietary preference 10.26 15.47 0.45
+ ethnicity 11.51 15.57 0.53
+ citizenship 8.96 14.55 0.60

Table 6: Effect of conditioning level on estimation.

Prompt format A from truth (%) CI width (%) CI coverage 1
Single-turn, no profile 19.84 8.37 0.16
Multi-turn, no profile 34.67 7.85 0.14
Single-turn, full profile 10.00 14.77 0.60
Multi-turn, full profile 25.31 13.71 0.27

Table 7: Comparison of prompting strategies.
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Model: Synthesis | Rectify

Bias (%) |

ESS Gain (%)

NHANES ATPQ1 ATP Q2 NHANES ATP Q1 ATP Q2

Unrectified synthesis (LLM-only)

Baseline: — | None 7.49 2.11 59.00 T T 1
GPT-40-mini: Persona-guided | None 16.85 21.72 11.51 i T T
GPT-40-mini: Demo-only | None 18.12 32.52 6.21 T T T
Llama: Persona-guided | None 186.06 62.67 9.49 T T T
Llama: Domain-FT | None 9.15 33.16 73.40 T T 1
Llama: Demo-only | None 213.84 82.81 12.31 T T T
Llama: SubPOP-FT | None 165.58 55.85 17.02 T T 1
Mistral: Persona-guided | None 90.14 52.47 28.08 T T T
Mistral: Domain-FT | None 2.75 50.98 71.90 1 t 1
Mistral: Demo-only | None 108.34 60.75 44.85 T T T
Mistral: SubPOP-FT | None 359.66 49.65 46.10 T T 1
Qwen: Persona-guided | None 35.10 36.57 32.48 T T ]
Qwen: Domain-FT | None 9.14 20.82 46.13 i T 1
Qwen: Demo-only | None 11.90 14.42 36.66 T T T
Qwen: SubPOP-FT | None 17.75 28.82 36.77 1 t i
Synthesize, then Rectify
GPT-40-mini: Persona-guided | Recy,, 3.68 4.06 4.54 17.8 15.7 3.8
GPT-40-mini: Persona-guided | Reci—1 4.73 5.71 4.63 -28.6 -23.5 -14.6
GPT-40-mini: Demo-only | Recy,, 3.65 4.51 3.31 10.2 10.4 6.5
GPT-40-mini: Demo-only | Recx=1 4.19 6.17 4.09 -18.9 -20.5 -11.0
Llama: Persona-guided | Recy,, 3.31 5.12 4.14 10.4 10.5 1.7
Llama: Persona-guided | Recyx—1 12.46 5.41 4.56 -88.7 -13.8 -29.1
Llama: Domain-FT | Recy,, 3.89 5.26 3.75 55 23 1.0
Llama: Domain-FT | Recx=1 4.80 5.89 7.05 -22.5 -23.6 -60.3
Llama: Demo-only | Recy,, 3.65 5.14 4.11 7.4 33 1.9
Llama: Demo-only | Recx—1 11.05 4.82 4.62 -86.5 -4.0 -26.2
Llama: SubPOP-FT | Recy,, 3.91 4.80 3.85 2.7 24 1.2
Llama: SubPOP-FT | Recx—1 9.03 6.15 6.02 -80.9 -29.3 -55.7
Mistral: Persona-guided | Recy,, 3.62 5.73 8.72 11.4 8.0 1.0
Mistral: Persona-guided | Recx—=1 8.22 5.06 9.62 -74.2 -9.6 -21.2
Mistral: Domain-FT | Recy,, 3.35 4.45 4.23 1.4 1.3 1.3
Mistral: Domain-FT | Reci=1 4.69 5.83 7.33 -50.2 -24.9 -65.8
Mistral: Demo-only | Recy,, 3.62 5.34 3.99 3.6 2.5 1.1
Mistral: Demo-only | Recx=1 8.88 5.58 5.83 -75.4 -13.7 -48.9
Mistral: SUbPOP-FT | Recy,, 3.69 — 3.71 1.4 — 1.4
Mistral: SUbPOP-FT | Reci=1 39.19 5.36 7.00 -98.7 1.0 -66.8
Qwen: Persona-guided | Recy,, 4.13 5.09 3.53 4.9 7.6 1.3
Qwen: Persona-guided | Recy—1 8.20 6.69 341 -65.2 -22.4 -11.0
Qwen: Domain-FT | Recy,, 3.95 4.37 391 6.5 5.9 1.0
Qwen: Domain-FT | Recy=1 4.52 5.44 5.97 -14.7 -10.8 -54.8
Qwen: Demo-only | Recy,, 3.67 4.80 4.01 6.9 5.5 1.0
Qwen: Demo-only | Recx—1 5.10 6.35 3.76 -40.5 -394 0.3
Qwen: SUbPOP-FT | Rec),, 4.13 5.36 — 2.5 4.3 —
Qwen: SubPOP-FT | Reci=1 5.21 6.27 3.55 -39.9 -15.3 1.0

Table 8: Per-model results across datasets. Bias (%) | and ESS gain (%) 1 (ESS@100) on NHANES, ATP Ql1,
and ATP Q2. Notation X | Y indicates synthesis method X combined with rectification method Y; None denotes
unrectified synthesis. T = ESS not reported because nominal coverage (0.95) is not achieved. Prompting temperature
fixed at 0.7 for all generations. Per-model metrics are bootstrap-averaged over 100 random labeled splits (seed=0).

Due to bootstrap averaging, individual cell values may differ slightly from the main table. Entries marked “—
indicate cases where the model produced near-constant predictions, preventing valid PPI estimation.
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A.5 Additional experiment: Twin2k-500

We replicate our analysis on Twin2k-500 (Toubia
et al., 2025), where the focal question is philosoph-
ical in nature:

“Imagine that a group of research scien-

tists in the School of Medicine are run-
ning a laboratory experiment on a vac-
cine for a rare and fatal virus. The pos-
sibility of actually contracting the dis-
ease from the vaccine is 1 in 1,000, but
once you have the disease there is no
known cure. The scientists are seeking
volunteers to test the vaccine on. What is
the lowest amount (in dollars) that you
would have to be paid before you would
take part in this experiment?”

Table 9 reports bias and ESS gain at npyman =
100. The pattern from our main results holds: un-
rectified synthesis yields large bias (60—95%) and
fails to achieve nominal coverage, while combin-
ing any synthesis method with Rec),, reduces bias
below 10% and restores valid coverage. However,
ESS gains are modest (0.8—-1.8%), in contrast to
the main datasets. We attribute this to the nature of
the question: willingness-to-pay under a hypothet-
ical risk scenario is unlikely to be well-predicted
from demographics alone, and LLM predictions in
this setting may carry little correlation with actual
responses.

B Methods

B.1 Prediction-Powered Inference (PPI)

Prediction-Powered Inference (PPI) (Angelopou-
los et al., 2023a) provides valid confidence inter-
vals for statistical estimands by combining a small
labeled dataset with predictions from a machine-
learning system on a large unlabeled dataset. Let
{(X;,Y;)}_, denote the labeled data and { X},
denote unlabeled covariates with N > n, both
drawn i.i.d. from the same distribution. The pre-
dictor f is trained independently of both datasets.
PPI applies to estimands 6* defined as solutions to
convex optimization problems of the form:

0" = argmin E[ly(X,Y)],
0cO

where /g is a convex loss function. Under mild
regularity conditions, 6* can be characterized by
the estimating equation E[gg« (X, Y)] = 0, where
g9 = Vyly is a subgradient of the loss. PPI

Method Bias (%) ] ESS Gain
(%) 1
Baseline (prev. day) 7.80 583.77
Synthesize only
Demo-only | None 80.91 1
Persona-guided | None 86.62 T
Domain-FT | None 59.71 T
SubPOP-FT | None 95.20 T
Synthesize + Rectify
Demo-only | Recy,, 8.06 1.76
Persona-guided | Recy,, 9.88 1.41
Domain-FT | RecCx,, 7.32 1.83
SUbPOP-FT | ReCa,,, 9.64 0.83

Table 9: Bias (%) and ESS gain (%) on Twin2k-500
at Npuman=100. T = ESS not reported; nominal coverage
not achieved. The strong previous-day baseline reflects
high test-retest correlation.

constructs an estimator by combining two com-
ponents. The imputed gradient uses unlabeled data
and model predictions:

1 o Lo
= NZQG(Xivf(Xi))'
=1

The rectifier uses labeled data to correct for predic-
tion bias:

~ 1 —

By =23 (90(X5,3) = g0l X, £(X0)) ).

i=1
The PPI estimator éppl solves:
gl +Ag=0.
This estimator is unbiased by construction:

E[33. + Ag+] = Elge- (X, £(X))]
=+ E[Q@* (X7Y) — go~* (X7 f(X))]
- E[Q@* (X7Y)] = 0.

Power tuning. PPI can be extended to include a
power tuning parameter A € [0, 1] that controls the
relative weight given to predictions versus labeled
data. The rectifier can be scaled as \Ay, yielding
the modified estimating equation ggj + )\39 = 0.
When A\ = 1, this recovers the standard PPI esti-
mator; when A = 0, it reduces to pure imputation
using predictions; intermediate values interpolate
between these extremes. The parameter A can be
chosen to optimize statistical power while main-
taining validity, though the default choice A = 1
provides valid inference without tuning.
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Example: population mean estimation. For es-
timating the population mean 6* = E[Y], the PPI
estimator takes the form:

. 1 N ~ 1 n
Oppr = NZJC(XU‘*';Z(Y:& - [(Xi))

i=1

R R VT
prediction average

bias correction

Under the assumption that f is independent of the
inference data and both samples are i.i.d. from the
same distribution, unbiasedness follows:

E[fpp1] = E[f(X)]+E[Y — f(X)] = E[Y] = 6"

B.2 Mapping¢: )Y — R

NHANES. We use the USDA FNDDS database
to obtain nutrient profiles and define a mapping
function ¢ that returns a scalar target from open-
ended text (e.g., energy in kcal for a food mention).
For each simulated food item, we first retrieve
the top 40 candidate foods by cosine similarity
over FNDDS (using snowflake-arctic-embed
(Yu et al., 2024)). These candidates and the query
are then passed to GPT-4o0-mini with temperature
0 in a RAG-style setup (Lewis et al., 2020; Russo
et al., 2025a) to select the best match and we re-
trieve its kcal density. Using the retrieved kcal den-
sity and the reported grams for each food item, we
compute the total daily caloric intake. Importantly,
this mapping function must remain deterministic
S0 as not to introduce unnecessary variance into the
correction step.

ATP. For ATP, ¢ maps ordinal multiple choice
responses to numerical values. Specifically, we
assign A—1, B—2, C—3, D—4, and so forth.

B.3 Prompts

NHANES. The prompt for simulating responses
for NHANES is included in the box below.

ATP. The prompt for simulating responses for
ATP questions is included in the boxes below.

Persona-guided prompt template. To generate
detailed persona descriptions from demographic
and survey response data, we used the following
prompt template:

NHANES prompt template

System message:

You are participating in a dietary recall sur-
vey. Describe what you ate and drank in
the past 24 hours, based on your memory.
Below is your personal profile:
{demographic_profile}
Answer honestly and realistically as you are
recalling from memory.
User prompt:
Please list everything you ate and drank in
the past 24 hours. Include meals, snacks,
drinks, and small bites, in the order you con-
sumed them.
Use this exact format on each line:
[Food name] - [Short description] -
[Grams as a number only]
Instructions:
* One item per line.
* Use a single hyphen and space (" - ")
to separate fields.
* Grams must be a number only, no units
like “g” or “grams”.
* Do not add summaries or explana-
tions—only the list.

ATP prompt template

System message: You are a sur-
vey respondent. Adopt this profile:
{demographic_profile}.

Answer as yourself in first person. Pick
exactly one option from the list. Output
only one uppercase letter from {letter
choices}. No words, no punctuation, no
explanations, no qualifiers. Do not discuss
ethics, study design, or what most people
would do.

User prompt: {survey_question}
Choices: {multiple_choice_options}
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~pred

Estimand Prediction-based score g, Rectifier Ay Procedure
Mean 0— 3N f(Xy) Ly (f(X0) - V) Alg. 1
Median (¢ =3)  § — & 2L, 1{f(X,) <6} Ly, ({f(X) <0} —1{y; < 6}) Alg.2
g-quantile — LN 1{f(X) <6} s (H{f(X0) <60} —1{y; <6}) Alg. 2
Logistic reg. L3N X (U(@Tf(,-) - f(f(i)) =y Xi(f(X) - ) Alg. 3
Linear reg. L3N (XX - Xif(X0)) =y Xi(f(X) - ) Alg. 4
Convex minimizer & >N, V£o(X;, (X)) LS (Veo(Xi, Vi) — Veo(Xi, f(X3)))  Alg. 5

Table 10: Prediction-powered estimating equations for common estimands. Here o denotes the logistic sigmoid.

Persona-guided prompt for synthesizing

personas based on historical data

System message: You are an expert at syn-
thesizing detailed persona descriptions from
demographic and behavioral data. Your out-
put must be a single, coherent paragraph.
User prompt: Here is a person’s demo-
graphic information and a log of what they
answered in the past.

Demographics {demo}

History {context}

Your task: Based on this information, write
a single, detailed paragraph describing this
person’s habits, lifestyle, and personality in
general. Your description should be a coher-
ent narrative that synthesizes all the avail-
able evidence. Focus on inferring patterns,
routines, and constraints that are supported
by the provided information. Do not use
lists, bullet points, or scores. Do not include
extra explanations or reasoning. Just pro-
vide the narrative persona description.

B.4 Fine-tuning details

We describe the fine-tuning procedures for
Domain-FT and SubPOP-FT to support repro-
ducibility.

Domain-FT. Out of the box, a general-purpose
language model likely has no knowledge of a spe-
cific survey’s question wording, response scale,
or the population of respondents. Fine-tuning ad-
dresses this by continuing to train the model on
historical responses from the target survey, so that
it learns to produce answers that match the style
and distribution of that particular instrument and
population.

Concretely, Domain-FT performs full-parameter

supervised fine-tuning (meaning all model weights
are updated) on the target survey using axolotl>.
Each training example is formatted as a two-turn
conversation: a system message containing the
participant’s demographic profile, and a user mes-
sage containing the survey question with labeled
answer choices (see Appendix B.3 for the full
prompt templates). The model is trained to pre-
dict the human-provided answer, and is penalized
via the standard cross-entropy loss when its pre-
dicted response differs from it. Training uses waves
t € {1,...,T—1} as the fine-tuning corpus; wave
T is held out entirely. A 10% held-out split of the
training data is used for validation.

We fine-tune three open-weight instruction-
tuned models: Llama-3.1-8B-Instruct, Mistral-7B-
Instruct-v0.3, and Qwen2.5-7B-Instruct. All three
models share identical training hyperparameters:
learning rate 10~ with a cosine decay schedule,
800 warmup steps, 1 epoch, weight decay 0.001,
gradient checkpointing, and a maximum sequence
length of 1,024 tokens. The only difference be-
tween the NHANES and ATP configurations is the
micro-batch size (1 vs. 3, respectively), due to the
longer response sequences in NHANES. All runs
use a fixed random seed of 42. Training was per-
formed on a single NVIDIA A100 GPU.

SubPOP-FT. Rather than adapting to a specific
target survey, SUbPOP-FT (Suh et al., 2025) fine-
tunes the model on an external dataset of 3,229 sur-
vey questions drawn from ATP waves, each paired
with empirical response distributions across 22 de-
mographic subpopulations. The intuition is that
exposure to a large, diverse set of opinion questions
teaches the model to better reflect how different de-
mographic groups tend to respond, even on surveys
it has never seen.

Shttps://axolotl.ai/
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The training objective differs from standard SFT.
Instead of learning from individual (question, re-
sponse) pairs, the model is trained to match the
empirical distribution of human answers across sub-
populations via a KL divergence loss:

Lx1(g,9) = KL (pl;};ma“ | pietel( | Cq,g)> ,
(6)

human j¢ the empirical response distribu-

q?g
tion of subgroup g on question ¢, and pgmdel is the

model’s predicted distribution over answer tokens
given the subgroup-conditioned prompt ¢, ;. We
use the original SubPOP training code and con-
figuration, as released by (Suh et al., 2025). It
is important to note that our evaluation questions
are drawn from ATP (waves 146-149), which are
disjoint from the SubPOP training corpus (waves
61-132), thus eliminating any risk of data leakage.

where p

C Data and computational resources

C.1 Dataset licensing

Both datasets used in our study are publicly avail-
able. The U.S. National Health and Nutrition Ex-
amination Survey (NHANES) is produced by the
National Center for Health Statistics and is in the
public domain. The American Trends Panel (ATP)
is released by the Pew Research Center for schol-
arly use under its data use terms. No special li-
censes or permissions were required for access or
use of these datasets in our work.

C.2 Computational resources

All experiments were conducted using models with
approximately 7-8 billion parameters. Training and
evaluation were performed on a single NVIDIA
A100 GPUs. The total training duration across all
runs was approximately 3 days (=72 GPU hours).
This includes all fine-tuning, evaluation, and vali-
dation steps.
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