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Abstract

How well can AI simulate human behavior? We review over 100 studies to ask what the

evidence means for credible use cases. First, how accurate are simulations where they have

been checked against human data? Accuracy falls with specificity: simulations often get

the direction and ranking of well-documented e!ects right but are far less reliable about

e!ect sizes when simulating respondents, and about response distributions, subgroup dif-

ferences, and individual choices. Second, does accuracy measured in one setting transfer

to new settings, where simulation is most useful but cannot be checked? We show that it

transfers to new settings of a familiar kind, but evidence for genuinely new contexts, such

as a new rule or a later period, is scarce and, where it exists, negative. The evidence is most

consistent with simulations drawing on a reduced-form account of what has been written

about people rather than a structural model of behavior. Better models may improve ac-

curacy where it can be checked, but that does not establish accuracy in the new settings

one cares about. We discuss the promise of three possible approaches. Adding behavioral

theory carries predictions beyond the training data, but only as far as the theory is accurate,

complete and applicable. Additional training on behavior from settings just like the one of

interest improves simulation only if they are highly similar in kind. Human data close to

the context of interest can instead be used to directly measure and correct simulation error

in application, which carries as far as the error structure stays similar.
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1 Introduction

Many decisions by firms, governments, and researchers turn on a single question: how will

people behave? For example, a firm wants to know which of two advertising messages will

generate more revenue, a government agency wants to know how many households will take

up a benefit program, and a researcher wants to know which experiment to run next to identify

a policy that maximizes take-up. For each of these examples, the ideal data would come from

real humans in exactly those situations. However, these data do not exist yet, and collecting

them, if at all possible, would be slow and expensive. Generative artificial intelligence o!ers

a shortcut by allowing for flexible behavioral simulation at very low cost. Indeed, a growing

number of companies o!er such synthetic respondents as a service (Gui and Toubia, 2025).!

The promise goes beyond costs alone: large language models allow researchers to simulate

behavior across a large set of counterfactuals that would be too expensive ever to test with a

human subject pool. Moreover, a language model trained on a large corpus of text and data

might be able to restore and integrate the context that most experiments strip away, for any

person, decision, and situation that can be described.

However, this promise rests on an assumption that is rarely made explicit. The reason to

simulate is to learn about something new, such as a message not yet tested or a policy not yet

introduced, for which no human data exist yet. By contrast, we can only judge how accurate a

simulator is in situations where we already have human data. Its value, in turn, is contingent

on the assumption that accuracy in familiar situations transfers to unfamiliar ones.

Suppose the product, the rules, or the period changes. The key question is then whether

the relationship the model has learned between circumstances and behavior still holds after

the change. We refer to this requirement as invariance. A model that satisfies it under a given

change is structural with respect to that change. A reduced-form account, by contrast, summa-

rizes regularities in its source data, without any guarantee that they hold under the change.

Invariance is therefore relative to the change: the same model can be structural for one change

and reduced-form for another (Haavelmo, 1944; Hurwicz, 1962). Whether a simulation is in-

variant depends on what it has learned. Behavior depends on who is choosing, what is at stake,

and all the specifics of the situation. A model that has picked up a regularity without learning

how it depends on these determinants will reproduce it only where they are combined as in

its source data." Accuracy where it can be checked does not reveal which case one is in: work

on world models shows that accurate in-domain prediction does not imply that a model has

!See, e.g., Bort (2026), Gillin (2026), and Roytburg (2026).
"The sharpest case is a change in the rules themselves, because the regularity in the record was produced by

people’s response to the old rules, and no record of behavior under the new ones exists; this is the Lucas critique
(Lucas, 1976).
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learned the structure required for out-of-domain prediction (Vafa et al., 2024, 2025).

This review asks whether it is justified to use simulations to predict behavior in novel set-

tings, where no human data exist yet. As a first step, we ask how accurate simulations are

where human benchmarks are available. In a second step, we examine whether the accuracy

established in one setting carries over to another setting. This second step involves checking the

same simulation against human data in at least two settings and treating one of them as if it

were new. How informative one check is for the other depends on how these settings di!er from

one another. When a new setting changes something all the tested settings had in common, like

who is answering, what is at stake, the rules, or the time period, we say it di!ers in kind.

To address these questions with the existing evidence, we characterize each study by three

objects of interest. First, the estimand is what the simulation is meant to predict, such as a

take-up rate, the e!ect of a message, or one customer’s choice. We characterize it along four

dimensions: its granularity, its outcome type, its population, and its context. Second, the estima-

tor is the full procedure that produces the estimate. For example, one can ask the LLM directly

for a forecast or alternatively ask it to simulate individual responses and then aggregate them.

Third, the evaluation compares the output with human data. These data often describe a di!er-

ent estimand from the one of interest, such as another population, outcome type, or context,

and what an evaluation shows about the target depends on how the two di!er.

Our first main finding is that accuracy declines as the estimand becomes more granular.

This means that models have a high accuracy in recovering the direction and ranking of large,

familiar average treatment e!ects. When it comes down to predicting magnitudes, distributions

or di!erences across subgroups they become less reliable. The results in Ashokkumar et al.

(2026) illustrate these performance di!erences. They show that predicted and observed e!ects

correlate at 0.85, yet the predictions are 70 to 80 percent too large. Using LLMs as experts to

make forecasts of treatment e!ects in economics from pre-registration documents instead of as

simulated respondents, Vivalt (2026) shows that predictions end up within about 0.05 SD of

the realized e!ect at the median and beat simple benchmarks, indicating that using the LLM

as an expert may be less prone to magnitude inflation. Synthetic samples also understate the

variance of responses and distort di!erences between groups (Bisbee et al., 2024; Grief-Albert

et al., 2026). The pattern extends to the most granular level: predicting how a given individual

will respond. Evidence shows that even when rich data on individuals is supplied, individual-

level predictions fall well short of people’s own test–retest consistency (Park et al., 2026; Toubia

et al., 2025). Moreover, accuracy in predicting survey answers does not transfer to incentivized

choices made by the same people (Park et al., 2026).

What do these findings on accuracy imply for settings where no human benchmark is avail-

able? This depends critically on how di!erent the new setting is from familiar ones. Within a
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familiar kind of setting, accuracy appears to carry over to some extent: in Ashokkumar et al.

(2026), experiments unpublished at the training cuto! are predicted about as well as published

experiments, with a correlation of 0.90. Although this rules out simple recall, the unpublished

experiments come from the same pool of U.S. survey experiments and may closely resemble

studies described in its training data. Moving across populations, the evidence is more con-

ditional, with accuracy tracking coverage in the written record. In 74 countries, simulations

reproduce di!erences by gender, age, and cognitive ability far more often than di!erences be-

tween countries, and tend to make larger errors in poorer and less digitally connected countries

(Chen et al., 2026). Moving to the question of how accuracy extends across contexts, the body of

evidence is scarce. Changed rules have not been tested, and the sole test across time is negative:

in a field experiment, a correction learned from human data carries over between regions but

not from the first intervention week to later weeks (Zhang et al., 2026). Thus, transfer across

kinds remains largely untested, and the settings where simulation is most in demand are those

least often checked.

Our preferred interpretation of the two findings is that the simulations draw on a reduced-

form account of the record rather than a structural model of behavior. The two findings speak

to this in di!erent ways. First, whether a simulation is structural with respect to a change can

only be tested by that specific change. The evidence from tests across changes in population or

context is thin and, where it exists, negative. Second, the granularity finding does not speak

to invariance directly.# But the pattern of errors it reveals, that it tends to get headline e!ects

right while their size, spread, and group di!erences are o!, is what one would expect from a

model that has absorbed what has been written about behavior rather than the behavior itself,

which is the argument we make precise in Section 3. Note that our interpretation should thus

be taken as based on what the currently accumulated evidence supports, rather than a general

claim that AI-based simulations have no structure.

We next ask whether the reduced-form pattern is what one should expect, given how a simu-

lation is produced. The record a model learns from describes behavior more than it links people

and circumstances to choices. Training then rewards matching that record and producing ap-

proved answers, not predicting what people do (Binz et al., 2026). A simulation therefore may

resemble a well-read expert. It reproduces the literature’s account of how people respond and

tends to miss departures from it, which are often why an experiment is run in the first place

(Vivalt, 2026). Human experts have the same problem. Their forecasts of experimental results

are informative about averages but miss the surprises (DellaVigna and Pope, 2018; DellaVigna

et al., 2019; Milkman et al., 2021), and they face the same transport problem once the setting

#A model can be invariant to a change but coarse. A representative-agent model, for example, may predict the
mean response to a tax change correctly while saying nothing about how responses di!er across people.
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changes. What is di!erent about simulation is not this limit but what follows from it. Near-

zero marginal cost invites use exactly where validation is absent. Cheap repetition creates an

illusion of precision. And because the model has read the research record and does not reveal

what it has seen, it is hard to know what a given prediction is based on. We conjecture that

better models alone will not change this pattern. Progress in coding and mathematics relies

on reinforcement learning against answers a computer can check almost for free (Wei, 2025).

Checking a behavioral prediction requires costly data on what people actually do.

These limits suggest three ways to use AI-based simulations in situations where they have

not been checked. The theory route adds explicit behavioral structure where it is missing, mean-

ing that predictions rest on some account of how people respond (e.g., Manning and Horton,

2025). Predictions formed this way can reach situations that di!er from the training data but

this approach has obvious boundaries. Behavioral theory is always just a partial account of

the entire set of factors that determine behavior in a real-world context, and the more the un-

explained factors matter the smaller the improvement will be. In particular, most behavior is

notoriously context-dependent, meaning that it is strongly determined by features that are not

about the person but about the context. However, behavioral science still lacks domain-general

accounts of context e!ects. The two other approaches are reduced form in the sense that they

do not recover structure but instead rely on proximity to human data, either before use or at

use. The training route further trains or fine-tunes a model on observed behavior from settings

that are close to the setting of interest (Binz et al., 2025). This works to the extent that the

setting of interest is covered by the additional training data, i.e., it is from the same family of

or “of the same kind”, which a genuinely new application precludes. Finally, the correction route

measures the simulation error against a human sample that is as close as possible to the setting

of interest and then transfers the correction to the latter. This route does not need the simula-

tion to be accurate at the setting of interest, only to get the change between the checked setting

and the setting of interest right. That is still an invariance assumption. What di!ers is where

it sits and when it applies. It is stated by the user, at the point of use, and can be stress-tested

there. For practitioners, this means that one has to match the setting with human data to the

specific claim and decision environment as closely as possible so that the distortion from the

approximation stays minimal. The central open question is how far evidence about accuracy in

one setting transfers to another.

Our starting point is the literature that uses LLMs to predict human behavior (Horton, 2023;

Aher et al., 2023; Argyle et al., 2023; Manning et al., 2024; Park et al., 2023). We also draw on

econometric, machine learning, and statistical work that treats model output as an imperfect

measurement and uses human validation data to estimate or correct its error (Ludwig et al.,

2026; Dell and Rambachan, 2026; Angelopoulos et al., 2023a). Several studies have also chal-
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lenged specific methods and uses of behavioral simulation (Gui and Toubia, 2025; Bisbee et al.,

2024; Hullman et al., 2026; Schröder et al., 2025; Chen et al., 2026). Relative to this work,

we make two contributions. We distinguish accuracy in validated settings from evidence on

whether this accuracy extends to new unfamiliar ones. We then systematically discuss three

alternative ways of improving model accuracy in new unfamiliar settings.

We review 108 studies that compare model output with observed human reports, choices,

or treatment e!ects, most of them targeting survey answers. They were identified through a

documented search that screened 675 records up to August 31, 2026 (Appendix D). Several

more studies have appeared after the search date and were added by hand, e.g. Vivalt (2026)

and Chen et al. (2026). Because the large collection of studies uses di!erent outcomes and

measures, we do not pool their results.

Our paper proceeds as follows. Section 2 presents the framework and the evidence. Section 3

explains the pattern and why it is likely to persist. Section 4 derives credible uses and states

the open question. Section 5 concludes.

2 Where Behavioral Prediction Works and Where It Fails

In this section, we first describe our taxonomy for evaluating AI-based simulations. We then use

it to review the evidence on three questions: how accurately simulations reproduce human data

in existing evaluations, whether this accuracy generalizes to new populations and contexts, and

what inferences synthetic estimates and their standard errors support.

2.1 What Is Claimed, How It Is Produced, and How It Is Validated

2.1.1 The Estimand

The estimand is the target quantity one seeks to estimate, such as the share of eligible house-

holds that will take up a benefit, the e!ect of a message on donations, the choice one customer

will make. We characterize the estimand along four dimensions, described in Table 1 below.

Granularity. Granularity is the level of detail a claim contains about a given population. For

example, the sign of an average e!ect size in a given population is a coarse claim. More granular

claims would be the size of an e!ect or the distribution among di!erent subgroups.

Outcome type. Outcome type is the specific behavioral record that’s being predicted, which

ranges from reported beliefs or attitudes, to stated intentions, hypothetical choices, or actual

behavior. A vast literature studies the nuanced relationship between di!erent types of outcomes.
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Table 1: Four dimensions of an estimand

Dimension Question it answers Examples

Granularity How much detail? An e!ect’s sign or size; a response mean
or distribution; population, subgroup, or
individual predictions

Outcome type What response is measured? A survey answer; a stated intention; a
hypothetical choice; an incentivized
choice; a purchase

Population Whose behavior? German households; a retailer’s cus-
tomers; an experiment’s participants

Context Under what conditions? Program rules; experimental incentives;
prices; time period

Notes. Granularity admits a partial ordering from coarse to fine. The other dimensions distinguish settings of
interest without ranking them. A comparison between two settings may change more than one dimension at once.

For instance, stated intentions correlate with actual purchasing behavior, but the two are far

from interchangeable (e.g., LaPiere, 1934).

Population. The population here means the specifics of the group of people whose behavior is

being predicted. This could be, for example, German households, the customers of one retailer,

or the participants of one online panel.

Context. Context refers to the entire set of circumstances within which people act. The full

context is, by definition, infinite-dimensional, because it includes each and every feature of the

decision setting. This comprises not only the clearly relevant ones, such as the rules, incentives,

available options, information, and time period, but also the minor details of the environment,

such as what the decision-maker sees and hears. Because of this dimensionality, there is no de-

cision setting in which literally all features of the context can be described fully in an estimand.

Of course, some features are far more consequential for behavior than others, so the question

is often which parts of the context are the relevant ones.

2.1.2 The Estimator

The estimator refers to the full procedure used in generating an estimate. It starts with the

model, by which we mean a specific type of algorithm with a set of trained weights. The model

receives a prompt that describes the simulation task and, sometimes, the people to be simu-

lated. Additional decoding settings such as the temperature then determine how answers are

drawn. Finally, the model’s outputs are turned into the estimate, for example by extracting an

6



answer from each output and combining the answers across simulated respondents. Any of

these choices can change how accurate the estimate is for a given estimand.

We distinguish two broad classes of prompts. A direct estimator asks the LLM for the target

quantity itself: “What share of customers will choose A?” A respondent estimator, on the other

hand, asks the LLM to simulate individual responses and then aggregates these simulated re-

sponses into an estimate.

Simulation noise is variation across repeated runs of a fixed procedure with the same sup-

plied information. A given procedure run many times thus yields a distribution of estimates.

We call µM the mean of that distribution, which is a fixed property of the model, prompt, and

settings, and ω̄M the average across a finite number of actual runs. A larger number of runs

brings ω̄M closer to µM but does nothing per se to close the gap between µM and the human

quantity of interest, because every run comes from the same procedure. This means that re-

peated simulation pins down what the procedure says on average without establishing whether

that is right.

2.1.3 The Evaluation: What Was Checked, and Where

An evaluation compares the estimator’s output with an estimate from human data. We call the

quantity we ultimately want to predict the target estimand, ω
T
. Because the very motivation for

running AI-based simulations is that human data is not available for the situation of interest,

ω
T
, we often have to evaluate the accuracy of the procedure in a di!erent situation, described

by the validated estimand, ω
A
. The human data provide an estimate in that validation setting,

ω̂H

A
, of ω

A
, subject to sampling error. Comparing the model’s output with this estimate allows us

to assess its error at ω
A
; whether this also establishes accuracy at ω

T
depends on how the two

estimands di!er.

Suppose an agency wants to use an AI-based simulation to estimate the share of eligible

households nationwide that will take up a new benefit after launch. It does not, by definition,

have access to the actual outcomes of that intervention before it happens. The only available

human data may allow it to check the outputs of the simulator against a di!erent quantity. Early

data from a regional pilot, for example, make it possible to assess accuracy of its predictions of

take-up in that very region without establishing accuracy nationwide. Alternatively, a survey of

households would provide input on the predictions of stated intentions, but it does not in itself

establish accuracy in predicting actual take-up. Now suppose instead that the agency observes

take-up after launch in a random sample of eligible households drawn from across the coun-

try. Although the sample does not include all households, it allows the agency to estimate the

nationwide take-up rate. In this last case, the validated and target estimands coincide. Here,

the agency can use these observations to estimate the model’s error at the target. In fact, com-
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bining this sample with model predictions for additional households improves precision after

correcting for the model’s error.

These examples illustrate three cases. When the validated and target estimands coincide,

the model’s error at the target can be estimated directly, subject to sampling uncertainty. When

they di!er along at least one dimension of Table 1, error can be measured only at the validated

estimand; Figure 1 illustrates this case. When no human data are available, the output remains

an unchecked forecast.

Figure 1: The evaluation setup

Validated estimand A

human data exist
Target estimand T

no human data

ωA

human quantity, unobserved

ωT

human quantity, unobserved

ω̂H

A

human estimate

ω̄M

A

simulation output

ω̄M

T

simulation output

one simulation procedure, with expected outputs µM

A
and µM

T
;

its only randomness is simulation noise

sampling

error

bA, can be

estimated
bT , cannot be

estimated

di!er in granularity, outcome type, population, or context;

a transport assumption links bA to bT

Notes. Each estimand is a quantity about behavior in context. The two di!er along at least one dimension of Table 1
and both are unobserved. Human data exist for A but not for T . The simulator’s systematic error at the validated
estimand, bA, can be estimated by comparing the simulation output with the human estimate. Its systematic error
at the target, bT , cannot. Only an assumption carries what was learned about bA over to bT . Simulation noise
around the simulation outputs can be reduced by more runs and is uninformative about either error.

Write b
A
= µM

A
→ ω

A
for the model’s systematic error at the validated estimand and b

T
=

µM

T
→ ω

T
for its error at the target. Human data at A allow us to estimate b

A
by comparing

the simulator’s output with the human estimate, b̂
A
= ω̄M

A
→ ω̂H

A
. Without human data at the

target, we cannot estimate b
T
directly. What the simulation reveals about the target therefore

depends on an assumption that links the two errors. We call it a transport assumption, following

work on the transportability of causal e!ects across populations (Pearl and Bareinboim, 2014).

Economists will recognize this as the external validity problem for experiments. Site selection,

heterogeneous e!ects across contexts and the limits of extrapolating from trials are all instances

of it (Allcott, 2015; Vivalt, 2020; Meager, 2019; Deaton and Cartwright, 2018). The di!erence

lies in what gets transported. In this case it is not a treatment e!ect but the simulation’s error.

If the two errors are assumed to be equal, the model’s output at the target, corrected by b̂
A
,

identifies the target. If they are assumed to di!er by at most ϵ, the target is bounded by the
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simulation. Without such an assumption, the simulator’s output does not identify the target

(see Chen et al., 2026). “Error” here generally refers to a suitable measure of discrepancy in

the setting of interest. For quantities other than a mean or a treatment e!ect, such as rankings,

distributions, or individual choices, it can be a distance between distributions, or a rate of

correct predictions, and then a similar logic applies.

Transport assumption. Transport assumptions assume invariance and come in a strong and

a weak form. The strong formmeans the simulator makes no systematic error at both estimands,

so it does not need to be tested at T against human data. The simplest version of the weak form,

by contrast, only says that the error stays the same, i.e. b
T
= b

A
. In that case, the simulation

output at T can then be corrected by b̂
A
and will be right however large that error is. The

strong form is a special case of the weak form where this error equals zero. Both the strong

and weak forms require the model to get the change from A to T right, yet only the strong

form implies that the model also gets the level right. There are more general versions of the

weak transport assumption. Dell and Rambachan (2026) allow the error to di!er between

settings as long as that di!erence is predictable from observables. This requires more data at

A to estimate this relationship. A di!erent transport assumption is exchangeability (Andrews

et al., 2025). Here, the settings that are similar to the setting of interest are treated as draws

from a population of settings. Comparing the model’s errors across pairs of validated settings

yields a forecast interval for how far its error at the setting of interest departs from its error in

a validated setting. This gives a bound that holds with a stated probability, but only under the

exchangeability assumption itself. The idea of exchangeability specifies what we mean in this

review when referring to a new setting “of a familiar kind.” The concept rules out systematic

di!erences between the validated settings and the setting of interest that are predictable in

advance, such as a time trend. As a result, its guarantee only holds for a setting that’s drawn at

random from the population that’s used to construct it. If the setting of interest is believed to

be di!erent from the validation ones—which it often is in practical cases—the concept cannot

be applied. This same assumption applies to training a model on “nearby” behavioral data

(Section 4).

How demanding a transport assumption is depends on how the target estimand di!ers from

the validated estimand and on what evidence connects the two. Take the case of two estimands

with di!erent resolution. As the estimand becomes finer, little carries over. Specifically, a sample

that pins down a population mean potentially tells us nothing about subgroup di!erences, and

aggregate summaries tell us nothing about how responses relate within a person. Instead, a

finer estimand needs to be validated at its own resolution.$ When the outcome type changes

$Conversely, a fine validated estimand validates a coarser but otherwise identical target estimand, as long as
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between estimands, one needs evidence that accuracy on one outcome, say stated intentions,

carries over to the other, say realized choices. Finally, if the population or context changes, the

evidence needs to support that the error measured in the validated setting is the same for new

people or new conditions. This is a demanding requirement: validation across several settings

helps but in principle extensions to a new setting require a theory of context, i.e. an account of

which features of a setting a!ect simulation error and how. Theories of context in behavioral

research are incomplete. This is why invariance of a simulator to changes in context tends to

be relatively hard to justify as the foundation for an AI-based behavioral simulation.

Uncertainty. An evaluation of the simulation approach can also assess whether the reported

precision of an estimate is calibrated. Calibration means, for example, that the 95 percent in-

terval around the estimate contains the human quantity in 95 percent of repeated samples.

Checking this requires human data. An interval can only be calibrated if something links it to

the human quantity, such as the sampling design, the treatment assignment, or a model of the

estimation error. As discussed above, rerunning the simulation provides no such link because

it reveals how much the procedure varies around its own mean rather than how far that mean

lies from the human quantity. We give more details on valid measurement of uncertainty in

Section 2.4.

2.2 Accuracy in Validated Settings

2.2.1 Granularity

With a structure for evaluating the evidence on AI-based simulation in hand, we now turn to

using that framework by first reviewing findings on simulation accuracy where it has been

checked, organized by the di!erent dimensions of an estimand. First, how does the accuracy

of predictions vary with the granularity of the estimand?%

Treatment e!ect rankings and magnitudes. Treatment e!ects simulated using synthetic

respondents reproduce the ranking of e!ects well but overstate their size. Across 469 treatment

e!ects from 70 nationally representative U.S. survey experiments, e!ects computed from GPT-

the fine-level validation concerns calibrated probabilities or distributions.
%One caveat applying throughout this subsection is that human benchmarks become noisier as the estimand

becomes finer. Subgroup means, distributional moments, and small e!ects are estimated less precisely than pop-
ulation averages, which attenuates correlations and inflates measured errors even for a perfect predictor. Part of
the decline we document can therefore be viewed as mechanical. We note where the underlying studies allow a
correction for this, and otherwise interpret the finer-grained comparisons as upper bounds on the error.

10



4-simulated respondents correlate with observed e!ects at 0.85 (Ashokkumar et al., 2026).&

The magnitude of simulated e!ects, however, is 70 to 80 percent too large. The two findings

are compatible because a correlation ignores a common scale factor: overstating every e!ect

by the same proportion leaves the ranking intact. Direct forecasts provide promising evidence

on magnitude prediction. Vivalt (2026) evaluates forecasts on a screened sample of 673 e!ects

from 33 papers, with model-specific subsets determined by reported knowledge cuto!s. On its

eligible subset of 339 e!ects from 20 papers, GPT-6 Astra achieves a median absolute forecast

error of 0.054 SD. Its mean squared error is 0.0218, less than half the 0.0463 obtained by

predicting the leave-one-paper-out mean e!ect. Simulated respondents may thus be useful for

screening which treatments look most promising overall, but for applications that depend on

e!ect sizes, the most promising evidence so far comes from using LLMs as experts that make

direct forecasts.

Response distributions. How well do AI-based simulations match the distribution of re-

sponses or behavior? Persona-based samples tend to reproduce survey means approximately

while understating empirical response variation (Bisbee et al., 2024). Such excessive homo-

geneity also appears across repeated experimental responses, among simulated forecasters,

and within identity groups (Park et al., 2024; Iadisernia and Camassa, 2025; Wang et al.,

2025), even as di!erences between groups are often exaggerated (Wang et al., 2025). Syn-

thetic responses also shift with answer order and miss how people react to changes in wording

(Dominguez-Olmedo et al., 2024; Tjuatja et al., 2024).

The existing evidence also shows that distributional accuracy hinges on how the model is

used, as expert forecaster or by simulating synthetic respondents. Holding both model and

target fixed, asking for a population’s distribution usually outperforms aggregating simulated

responses (Meister et al., 2025). Relatedly, when LLMs state a distribution and are then asked

to draw from it, they tend to return the same answer almost every time rather than reproducing

that distribution through their draws (Jang et al., 2026). Two remedies help in part. One can

request several answers with probabilities in the same prompt (Zhang et al., 2025), and fine-

tuning on survey data reduces discrepancies by up to 46 percent (Suh et al., 2025). Overall,

however, the findings suggest that respondent simulation fails to express distributional infor-

mation that the model has. An LLM prompted to generate a distribution of answers through

individual draws should therefore not be thought of as a genuine statistical simulator of that

distribution.

&Among small e!ects, the correlation falls to 0.25, partly reflecting restricted variation and noise in the human
estimates.
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Subgroup patterns. The evidence on subgroup predictions is mixed. Prompting with specific

demographics has been shown to recover some opinion patterns in U.S. surveys (Argyle et al.,

2023). However, simulations capture certain groups far better than others and group-specific

prompting only partly closes those gaps (Santurkar et al., 2023; Durmus et al., 2023). For

example, (von der Heyde et al., 2024) use simulations on German vote-choice data and find

that some partisan tendencies are well captured while population and subgroup vote shares are

misestimated. In Ashokkumar et al. (2026), predictions are relatively accurate within gender,

ethnic, and partisan groups. Yet, persona-based samples that match population means well may

miss some subgroup means by 10 to 20 points on a 100-point scale. In the data of Bisbee et al.

(2024), 48 percent of coe"cients relating opinions to demographics di!er significantly from

human estimates.

Individual responses and digital twins. Is it possible to use rich information about an indi-

vidual to build a digital twin that reliably represents that individual’s preferences? To address

this question, Park et al. (2026) build an agent for each of 1,052 participants from a two-hour

qualitative interview. These agents predict held-out survey answers with 65.7 percent accuracy,

compared with 58.1 percent when the prompt contains only four demographic attributes. We

view this di!erence in prediction accuracy as fairly modest, especially given the costliness of

collecting the qualitative interviews.

The study created widespread excitement about AI-based behavioral simulation on the basis

of its headline accuracy of 83 percent. Yet, this accuracy number is produced by dividing accu-

racy by a person’s own test-retest reliability: how often participants repeat their own answers

after two weeks, which was 79.5 percent. A person’s own test-retest agreement, however, is not

necessarily the right upper bound for a simulation’s accuracy. Suppose someone answers A to

a binary question with probability 0.8 every time they are asked. Two independent answers

then agree with probability 0.68, which is the test-retest score. A simulation only needs to pre-

dict once, so always predicting A, the person’s modal answer, achieves accuracy 0.8, above the
test-retest score of 0.68. More generally, under independent draws from a stable response distri-

bution, the best fixed prediction has accuracy between R and
↑

R, where R is retest agreement

(Appendix A). At R= 0.795, this gives 79.5 to 89.2 percent. This range is a reference point un-

der stated assumptions, not an estimate for these participants. Normalizing by retest agreement

can therefore overstate how close a simulation is to the best attainable prediction. Normalizing

the raw accuracy of 65.7 percent by the upper bound of 89.2 percent instead would give 73.6

percent. The “naive” benchmark with four demographics would then stand at 65.1 percent, so

the two-hour interview buys less than the headline number suggests.

In a related study, Toubia et al. (2025) build digital twins from more than 500 answers per
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person for 2,058 participants, withholding behavioral tasks for evaluation. The main specifica-

tion achieves a 71.7 percent score, compared with 59.2 percent for random guessing and 81.7

percent for participants repeating the tasks two weeks later.’ The twins thus score about twelve

points above chance and about ten points below retest performance, a benchmark subject to

the reservation above.

The simulation errors in these types of applications also reveal systematic departures from

human behavior. The twins reproduce several classic experimental results but reverse the sunk-

cost e!ect and choose the payo!-maximizing option too often in a probability-matching task.

In a hypothetical vaccination decision, 4 percent refuse vaccination, compared with about 45

percent of real respondents. These patterns suggest a tendency toward normatively prescribed

responses rather than observed behavior.

2.2.2 Outcome Type: Reports and Actions

Most studies evaluate predictions of reported attitudes, beliefs, or intentions. In our evidence

map, 71 of 108 studies concern reports or aggregate quantities rather than actions. Survey

answers are a legitimate target and, in some cases, the very thing a user wants to learn about or

predict. They are not the same target as what people do when something is at stake (LaPiere,

1934), partly because of the intention–behavior gap (Sheeran and Webb, 2016) and social

desirability bias (Bursztyn et al., 2025).

Few of the studies we reviewed permit testing the di!erence in the same sample. Park

et al. (2026) is one exception, finding that interviews that improve survey prediction accuracy

from 58 to 66 percent do not detectably improve predictions of participants’ choices in five

incentivized economic games (Park et al., 2026). While additional personal information helps

with one outcome type, it does not help with the other. This highlights that accuracy for self-

reports cannot substitute for validation against the actions a simulation is meant to predict.

2.2.3 Same Estimand, Di!erent Estimators

For a fixed human target, changing how themodel is used can substantially change the estimate.

Validation therefore applies to the full procedure.

Direct forecasts and simulated respondents. Asking an LLM to describe a response dis-

tribution can yield a closer match to human data than sampling responses from it (Meister

et al., 2025). Direct forecasts and simulated respondents can also produce sharply di!erent

’The score is not raw accuracy: it rewards exact categorical matches and closeness on numerical answers; it
is not the percentage of answers predicted exactly.
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e!ect sizes. Across 12 e!ects, GPT-4’s direct forecasts average 13.2 times the e!ects generated

by simulated respondents, or 5.3 times after excluding the largest discrepancy (Manning et al.,

2024). Without a human benchmark, this comparison cannot establish which procedure is more

accurate, but it shows that the two are not interchangeable. The two best human-benchmarked

magnitude results point in a similar direction. E!ect sizes from tallying simulated respondents

are inflated (Ashokkumar et al., 2026), whereas direct forecasts land closer to realized e!ects

(Vivalt, 2026). The two studies are not a controlled comparison, however, because they di!er

in the field of application, the outcome type, the error metric and the models used. Moreover,

the result in Manning et al. (2024) demonstrates that direct forecasts can also be the larger of

the two. No study has yet compared both estimators against their corresponding human magni-

tudes. Until that happens, the advantage of direct forecasts for e!ect sizes remains suggestive.

Richer personas. More information about a person does not reliably improve predictions of

their behavior. Adding qualitative interviews improves predictions of survey answers but not

choices in games (Park et al., 2026). Across hundreds of experiments, adding a participant’s

age, nationality, education, and questionnaire answers leaves predictions of their choices virtu-

ally unchanged (Binz et al., 2026). Prima facie, it might come as a bit of a surprise that richer

descriptions do not lead to greater behavioral accuracy, because we often have the feeling that

when we “know a person”, we are somewhat able to predict what they would do in a situation.

We conjecture that part of the reason is that the domain-specific predictive power of what a

person says in an interview or does in other decisions is in fact quite low. This is an old finding.

Correlations between a person’s behavior in di!erent situations are typically modest (Mischel,

1968; Ross and Nisbett, 1991), and the same holds for economic preferences measured in dif-

ferent domains and for behavioral biases measured in di!erent tasks (Einav et al., 2012; Dean

and Ortoleva, 2019; Stango and Zinman, 2023; Chapman et al., 2023). There is just not that

much signal. Even if the AI-based simulation managed to fully extract it, the gain in prediction

would be small. We view this as a general challenge to the approach of AI personas, which in

recent years have often been promised to stand in for real people in a way that can be used for

any question one might ask of them. While tempting, the evidence collectively suggests this is

unlikely to happen.

Behavioral data and theory. Training on observed behavior and incorporating explicit the-

ory can improve predictions. A model fine-tuned on 10.7 million human choices from 160 ex-

periments predicts choices by new participants and behavior in new tasks (Binz et al., 2025).

Fine-tuning on survey data improves predicted response distributions for new questions and

groups (Suh et al., 2025). Theory-based agents assign higher probability to observed play in
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strategic games than do cognitive hierarchy and Nash equilibrium benchmarks (Manning and

Horton, 2025).

2.2.4 Predicting How Uncertain People Are

Often we do not only care about what people do, but also about how confident they are, which

is inextricably linked to their actions. Two people can make the same choice while di!ering

substantially in how sure they are that it is best. This uncertainty predicts how strongly people

respond to fundamental parameters of decision problems (Enke and Graeber, 2023; Enke et al.,

2024). Existing evidence suggests two sources of predictive information. Features of the deci-

sion problem predict average stated uncertainty (Enke and Shubatt, 2023; Zhu et al., 2025),

while a person’s recent confidence ratings predict her confidence across tasks and domains (Mei

et al., 2023).

Can LLMs predict human uncertainty from problem descriptions and observed confidence

histories? Existing evidence suggests that LLMs predict human confidence patterns only weakly

(Bombassei De Bona et al., 2024; Hu! and Ulakci, 2025; Cash et al., 2025).

2.3 Does Accuracy Generalize Across Settings?

Section 2.2 shows how accurate simulations are where human data can check them.We next ask

whether that accuracy carries over to unchecked settings, particularly those that di!er in kind:

settings that change a feature all validated settings share, such as the population, the stakes,

the rules, or the time period. Answering this requires checking the same estimator against

human data in two settings that di!er along such a feature. This evidence, as of now, is still

scarce. Of the 108 studies, 71 primarily target reports rather than choices, and few validate

an estimator in one setting and then test it in another. We organize the available evidence into

three categories: new settings of a familiar kind, di!erent populations, and di!erent contexts.

2.3.1 New Settings of a Familiar Kind

AI-based simulation methods can predict behavior in some new tasks and settings. A correla-

tion of 0.90 for experiments unpublished at the training cuto! provides evidence against simple

recall of e!ects that are covered by the training data (Ashokkumar et al., 2026). Vivalt (2026)

evaluates forecasts of results released after models’ reported knowledge cuto!s. On its eligible

sample of 339 e!ects from 20 papers, GPT-6 Astra achieves a median absolute forecast error

of 0.054 SD and less than half the mean squared error of the leave-one-paper-out mean bench-

mark. A model fine-tuned on laboratory choices predicts behavior in new, similar laboratory
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tasks better than without fine-tuning (Binz et al., 2025), while agents built around a theory of

strategic reasoning predict play in new games from a prespecified family (Manning and Hor-

ton, 2025). Models given news through a specified date track professional, household, and

consumer expectations across quarters (Bybee, 2023; Graham et al., 2026; Anesti et al., 2026;

Wu et al., 2025; Iadisernia and Camassa, 2025; Huang et al., 2026). In a field experiment on

delivery options at an online retailer, a correction estimated from human data in 10 percent of

regions also works in the remaining regions (Zhang et al., 2026). While these transfers to new

settings are meaningful, they remain close to those used for validation.

2.3.2 Across Populations

Accuracy strongly varies across populations. Models capture some groups’ opinions better than

others (Section 2.2.1), and a model that captures some German partisan tendencies misstates

vote shares (von der Heyde et al., 2024). In a test spanning 74 countries, Chen et al. (2026)

use 12 model configurations to simulate the preferences of 67,201 Global Preference Survey

respondents. The simulations explain just 1.3 percent of individual-level variance and 4.2 per-

cent of variance in country averages. They reproduce di!erences by gender, age, and cognitive

ability in 78 percent of comparisons, but di!erences between countries ranked high and low on

standard cultural dimensions in only 48 percent. Removing country information from prompts

barely changes accuracy. Models also make larger errors in poorer, less digitally connected coun-

tries. This pattern is consistent with uneven coverage of populations in training data. Human

data from the target population can help measure and correct these errors.

2.3.3 Across Contexts

The evidence above illustrates why invariance is inherently context-dependent. Accuracy across

tasks or populations does not establish accuracy across periods, institutions, or policy rules.

Not only is it hard to extrapolate from findings about contextual changes, but such evidence

is also scarce. The regional experiment provides the one test across time: a correction learned

from the first week of data reproduced that week’s e!ect of about →40 basis points but not the

→60 basis-point e!ect over the full two months, as behavior changed over time (Zhang et al.,

2026). The correction transferred more successfully across regions than across time, but we

note two things about this test. First, the simulated customers were not told anything about

time. Their prompt was the same in week one and in week eight, describing just the person,

the product, and the delivery options. The simulation could not have tracked a change over time

directly because no change was presented to it. This means the finding does not show what a

model would have done had it been informed. Second, in fact nobody could have informed it to

16



begin with. Zhang et al. (2026) note that the drift could have come from customers adapting to

the new options, from new customers entering, or from holidays, and that this was not known

while the experiment was running. In a way, this application nicely illustrates the practical

problem that in a new context, the user often does not know which features have changed, and

a prompt can only describe what the user knows.

2.4 What is Valid Inference From Synthetic Data?

When we measure or predict human behavior, a standard error is supposed to tell us how far

our estimate may be from the human quantity we care about, e.g. the actual take-up rate. Stan-

dard errors derived from human data do precisely this. Put simply, under random sampling, a

95 percent interval around the sample mean contains the true rate in 95 percent of samples.

Standard errors computed from synthetic data, however, do not have this property. Valid infer-

ence from simulated data requires something that links the estimate to the human quantity,

which could be a sampling design, randomization, or a justified model of the estimation error.

In this section, we argue that the simulation alone provides none of these.

Several numbers that come out of simulations can “look like standard errors” and are some-

times reported or treated as such. Each of these constructs measures something di!erent, and

none is a standard error in the sense relevant for statistical inference. The spread across re-

peated runs measures simulation noise, i.e. how much the procedure varies around its own

mean. The model’s stated confidence is just another output of the same procedure. It claims to

capture how likely the simulated answer is to be right, but whether it is or not is an empirical

question that can only be answered by checking against human outcomes. The spread across

simulated respondents is a prediction of how much people di!er, which is itself a quantity to be

validated, not an uncertainty about the mean. The spread across prompts, models and settings

measures how sensitive the result is to the user’s choices. None of these, on its own, tells us

how far the estimate is from the human quantity.

2.4.1 What the Quantities Measure

Repeated draws and token probabilities. Repeated runs estimate the distribution of a fixed

procedure’s answers. Where available, token probabilities can estimate this distribution more

e"ciently than tallying sampled answers (Sun and Zhang, 2025). Either approach characterizes

the model’s output rather than its error relative to people.

Let µM denote the procedure’s expected output and ω the human quantity. The error of an
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average over repeated runs has two parts:

ω̄M → ω =
!
ω̄M →µM
"

︸ ︷︷ ︸
simulation noise

+
!
µM → ω
"

︸ ︷︷ ︸
systematic error b

. (1)

More independent draws reduce simulation noise but leave systematic error unchanged. This

means that the interval shrinks around µM rather than ω . As a result the interval’s coverage

of the human quantity falls toward zero as draws accumulate whenever b ↓= 0. Consistent
with this logic, Huang et al. (2025) find that adding simulated respondents narrows reported

intervals while reducing coverage of human quantities. Cui et al. (2025) likewise report that

many e!ects that are statistically insignificant in human data become significant in simulations

of 156 experiments.

Spread across respondents and specifications. The variation among simulated respondents

is a prediction of human heterogeneity, and its accuracy must be validated against human data

(Section 2.2.1). Variation across prompts, models, and settings is a measure of sensitivity to

specification choices. By construction, neither kind of variation yields a valid confidence interval

without further assumptions, and averaging across models does not necessarily remove the

errors they share (Kim et al., 2025).

2.4.2 The Calibration of a Model’s Stated Confidence

Calibration of stated confidence means that, for example, when the procedure claims to be 70

percent sure, it is right about 70 percent of the time. AI-based simulations can be asked to

state such a confidence, and a model’s token probabilities can similarly be read as a measure

of its confidence. It is tempting to take these numbers at face value. They are only useful to the

extent that they are calibrated, however, and this has to be checked for each type of application.

The evidence so far comes mostly from questions with checkable answers rather than from

predictions of human behavior.

Most evidence comes from multiple-choice questions with objectively correct answers. The

two measures, stated confidence and token probabilities, do not need not agree and, in fact,

they typically don’t. Stated confidence usually lies between 80 and 100 percent, stays high

even when the answer is wrong (Xiong et al., 2024; Leng et al., 2024), and depends on how

the model is prompted (Tian et al., 2023; Zhou et al., 2023). A model’s token probabilities

tend to be fairly well calibrated before post-training and less well after it (Kadavath et al.,

2022; OpenAI, 2023). For post-trained models, stated confidence has better calibration than

token probabilities but tends to be too high (Tian et al., 2023; Xiong et al., 2024). These results,
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again, are about answering questions with checkable answers, not simulating human behavior.

There is far less evidence for human targets, and it points to various forms of miscalibration.

When predicting socioeconomic outcomes for individuals described in text, base models hedge

too much and instruction-tuned models too little. Asking directly for a numerical probability

helps some models but only on some tasks (Cruz et al., 2024).

For a populationmean or treatment e!ect, the relevant question is instead whether reported

intervals contain the target quantity at the stated rate. For direct forecasts of average e!ects,

such coverage has, by now, been measured just once. Vivalt (2026) finds that the 10th to 90th

percentile intervals that models attach to their forecasts of economics treatment e!ects contain

the realized e!ect at about the stated rate. Wider intervals correctly mark the e!ects that turn

out harder to predict. This result shows calibration against human outcomes for one target

and procedure as required by the argument. It does not necessarily carry to other targets or

to settings of a di!erent kind. Nor does calibration alone imply that predictions distinguish

among people: a predictor that assigns the population take-up rate to everyone is calibrated in

that population without identifying who takes up the program. Reported uncertainty therefore

needs validation for the target and procedure actually used. Extending that validation to a new

setting requires additional justification.

2.4.3 Human Data Restore Valid Inference

One constructive response to the lack of standard errors from AI-based simulation is to directly

build human outcome data into the design. When those data come from precisely the target

situation that’s being simulated, they can be used to estimate and correct the model’s error. If

they can only be obtained for a similar but di!erent setting, the resulting interval is valid only

under a transport assumption (Dell and Rambachan, 2026).

Human data from the setting of interest. The logic of the first case is straightforward. A

small human “calibration sample” is used to measure how far o! the model’s predictions are

on average. The model is then used to predict the outcome for a much larger set of people, and

the measured error is subtracted from the average of these predictions. For a mean,

ω̂ =
1
N

N∑

j=1

f (X
j
) +

1
n

n∑

i=1

(
Y

i
→ f (X

i
)
)
, (2)

where f (X ) is the model’s prediction for a unit with characteristics X . The first sum runs over

a large sample without human outcomes, and the second over a smaller sample in which the

human outcome Y is observed. The second term estimates →b, the systematic error in Equa-
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tion (1). Prediction-powered inference and design-based supervised learning extend this same

approach to regression coe"cients and other targets (Angelopoulos et al., 2023a; Egami et al.,

2024; Ludwig et al., 2026; Broska et al., 2025). We note two properties of this approach. First,

validity comes from the human sample itself. Provided both samples are drawn from the tar-

get population acting in precisely the situation of interest, the resulting corrected estimate of

the simulation is unbiased however poorly the model predicts prior to that correction. Second,

precision comes from the model. Once N is large, the estimator’s variance is approximately

Var[Y → f (X )]/n. A model whose errors vary little across units leaves little for the human sam-

ple to improve. In that case, a poor model yields no gain and, in the form of Equation (2), can

even do worse than the human sample alone.⁽ Precision is therefore capped by n, and more

model output does not raise this cap. In simulations, 125 to 250 human observations deliver in-

tervals with the intended coverage while the model improves precision (Ludwig et al., 2026). In

survey simulation, correcting against a human subsample can remove the bias that prompting

alone leaves (Krsteski et al., 2025). Two literatures describe and use this estimation approach

in opposite directions. In statistics, people start from the human sample and use the model’s

predictions to make it more precise. For simulation, users start from the simulation and use the

human sample to correct it. The basic formula is the same and in both cases the validity comes

from the human sample.

Human data from other settings. In the second case, the human data do not come from

the setting of interest itself, so that the correction does not equal the simple di!erence in Equa-

tion (2). As a result, the guarantee for removing simulation error no longer comes from the

sampling design alone. Leveraging human data from “nearby” situations has not been widely

done for behavioral simulation yet, but we illustrate the approach with the two studies we’re

aware of. Zhang et al. (2026) simulate customers in each region of their field experiment, then

fit a correction to observed outcomes in 10 percent of the regions. In the remaining regions,

the corrected simulation yields an e!ect of →65±10 basis points (95 percent interval), against

→60± 8 from the full experiment and →57± 27 from the human data in the 10 percent of re-

gions alone. In this application, the model narrows the interval substantially. While the regions

used for fitting were randomly drawn, the correction itself is a fitted model for that subset of

regions. Its validity rests on that model being right for the regions it was not fitted on. The

bootstrap behind the interval captures how much the fitted correction varies across samples,

but not whether the model is misspecified to begin with. It therefore does not guarantee cov-

erage, i.e. that a 95 percent interval contains the true e!ect in 95 percent of cases. Consistent

with this potential concern, the same correction does not carry over from the first week to later

⁽Variants that tune the weight on the model’s predictions rule this out (Angelopoulos et al., 2023b).
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ones (Section 2.3.3).

Huang et al. (2025) instead use human data on benchmark questions to specify the number

of simulated respondents in such a way that the resulting intervals from the simulated sample

contain the human quantity at the intended rate on average across questions. The chosen num-

ber is the size of a human sample that is “as noisy as the model is wrong”, or, to put it di!erently,

it captures how many respondents the model is “worth.” The guarantee by construction holds

on average over questions like the benchmark questions, but not for each new one. Moving to

new questions therefore requires the assumption that they are like the benchmark questions,

and the number has to be re-estimated for each model.

Implications for simulation design and reporting. In short, uncertainty must be established

for the claim being made. For a population mean, the standard error must reflect both the hu-

man sample and the estimated correction. For one person’s choice, the relevant object is a

calibrated probability (Section 2.4.2). If many prompts or configurations were tried, the anal-

ysis should say so (Baumann et al., 2025). We believe that a precision gain is best reported

in terms of the number of human respondents saved a la Huang et al. (2025), i.e. how many

fewer observations reach a given precision. The quantities produced by an AI-based simulation

approach cannot certify validity in and of themselves, but they can direct human data. Any

disagreement across draws or models can flag where human observations are likely to be most

informative. In Gligori# et al. (2025), stated confidence measures have been used to allocate a

fixed budget of human labels so that a given precision is reached with fewer of them.

Note that one property of simulation outputs can be checked without any human data,

which is its internal consistency. Often forecasts produce quantities that should be logically

related and consistent with a single probability distribution, such as the share of households

that apply for a benefit, the share that apply and are approved, and the share that apply and are

rejected. Andrews and Sarkar (2026) measure departures from this requirement by the profit

an arbitrageur could guarantee by betting against the stated probabilities. This profit equals

the largest gap between the forecasts and the nearest coherent set of probabilities. Because

the human quantities are themselves coherent, it is a lower bound on the largest error among

the related forecasts, and it can be computed at the setting of interest. This check can reveal

obvious error, which is not the same as establishing accuracy. A forecaster that is confident and

wrong can be perfectly coherent.
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3 Why Behavioral Prediction Fails Where It Does

The preceding section shows that human data reveal systematic patterns in the errors of AI-

based simulations, a!ecting how we should think about whether a given procedure can be

trusted when applied to a new question in a new setting. This section asks why the overall

picture of specific types of errors emerging from Section 2 arises.We trace a possible explanation

through the stages that turn records of human behavior into synthetic answers. We end by

asking why these losses might persist as models improve.

3.1 From What People Do to Synthetic Answers

Figure 2 traces the path from human behavior to a synthetic answer in five stages. First, record-

ing turns what people do into a selective written record which is the foundation for large lan-

guage models. Second, pretraining teaches the model the regularities in that record. Third,

post-training tunes the model toward answers that raters or automatic checks approve. Fourth,

elicitation frames the task through the prompt and persona. Finally, decoding samples the syn-

thetic answers. At each stage, information needed to reproduce or predict human decisions may

be missing, lost, or distorted.

Figure 2: From what people do to synthetic answers
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3.2 The Record

Pretraining corpora are so large that the answer to almost any question about behavior can

seem to be somewhere in them. By the record we mean the data a model is pretrained on,

as the developer assembled it. For current models this record overwhelmingly consists of text,

including code, transcripts and tables rendered as text, with a smaller share of images, audio

and video. We use “written record” as shorthand for this. Data that enter later, in post-training

or in fine-tuning on behavior, are treated as separate stages below.

What gets recorded. There are several sources that constitute the foundation for the record.

It comprises (i) descriptions, such as accounts, summaries of studies, and people saying what

they would do, (ii) direct traces, such as reviews, forum posts, and logs (Horton, 2023), and
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(iii) tables written out as text, which are abundant (Eggert et al., 2023). Records that link a

person’s characteristics and circumstances to that person’s choices, such as survey microdata,

experimental datasets, and administrative files, tend to be restricted, and public ones often

come in formats that text pipelines do not ingest.

What gets collected. Which kinds of data get collected? Most pretraining text comes from

crawls of the public web, supplemented by code, books, encyclopedias, academic papers, li-

censed data, and text written by other models (Brown et al., 2020; OpenAI, 2023; Team

OLMo, 2025). Llama 3’s roughly 15 trillion tokens, for example, are about half general knowl-

edge, a quarter mathematics and reasoning, 17 percent code, and 8 percent non-English text

(Grattafiori et al., 2024). The composition of text is necessarily a reflection of the goals that

developers have when creating these models and thus not a representative sample of what is

written.

What survives curation. The collected text is then deduplicated, filtered for quality, and

reweighted by source. Some developers do this in-house (Brown et al., 2020; Grattafiori et al.,

2024) but many models are instead trained on public corpora whose creators have already

made these choices (Penedo et al., 2024). To maintain high quality, classifiers are trained to

identify educational text (Brown et al., 2020; Penedo et al., 2024). For open corpora, these

steps can be inspected and their output audited (Elazar et al., 2024). For the closed models

these steps mostly remain a black box: developers disclose little about their training data, and

disclosure has declined over time (OpenAI, 2023; Wan et al., 2025). We know of no audit of

any corpus for its behavioral content.

What this implies for behavior. The above filters suggest that the record contains more state-

ments about what people tend to do than about who specifically did something, under what

circumstances, and why. Moreover, curation favors text that describes behavior in the words of

those who analyze it, and publication favors notable e!ects (DellaVigna and Linos, 2022).

3.3 Pretraining

Pretraining is the initial stage of training where the model learns to predict each next token (a

word or part of a word) in the record from the text that precedes it. The result is a base model

that continues text but is not yet tailored to answer questions or follow instructions.

The training objective at this stage, cross-entropy, is minimized when the model’s proba-

bilities equal the frequencies of continuations in the record (Gneiting and Raftery, 2007). If
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descriptions of a situation are followed by option A 40 percent of the time, a model at this

optimum assigns A a probability of 0.4. A pretrained probability therefore estimates how often

an answer follows a description of that kind in the record, not how often people give it.

Real models fall short of this optimum in an uneven way. Compressing an enormous record

into amodel preserves frequently recurring patterns better than rare ones (Kandpal et al., 2023),

so information can be lost even where the record contains it. Where the record does link per-

sonal characteristics and circumstances to behavior, any particular combination is extremely

rare. This sparsity is a matter of arithmetic. Suppose we describe a person by ten characteris-

tics with just five levels each and a situation by ten features with five levels each, an extreme

simplification of the actual variation in humans and the situations we face. That already gives

520, or about 95 trillion, distinct cells. For comparison, Llama 3 was trained on about 15 trillion

tokens, so this unrealistically stripped-down model of behavior has more cells than there are

tokens in the whole training corpus. Real situations have far more than ten relevant features

(Section 2.1). Themodel may retain how people of a broad category tend to behave in situations

of a given kind, while losing what distinguishes a particular person in a particular situation. It

can still produce a prediction for that person in that situation, but the record gives it nothing to

base it on. As a result, the prediction is necessarily filled in from the coarser patterns it did re-

tain. Additional persona details would then add little, even where they matter for the behavior

of actual people. This could contribute to why simulations forecast broad patterns better than

individual responses.

Whether these losses actually occur at the pretraining stage can be checked by looking at

base models, which have not yet been post-trained. Across three model families and hundreds

of experiments, adding participants’ demographics and questionnaire answers to the prompt

barely improves predictions of their choices, for base and post-trained models alike (Binz et al.,

2026). Basemodels also compress opinion di!erences between demographic groups to about 70

percent of their observed size (Grief-Albert et al., 2026). Yet when sampled as respondents, they

come closer than their post-trained versions to the spread of human answers (Grief-Albert et al.,

2026; Jang et al., 2026), as a frequency-matching objective predicts. The available evidence

does not allow us to disentangle whether the relevant relationships are absent from the record,

present but not learned, or learned but not elicited by the prompt.

3.4 Post-training

Post-training tunes models toward answers that raters perceive to be more helpful, accurate,

or safe (Ouyang et al., 2022; Bai et al., 2022a; DeepSeek-AI, 2025). Directly comparing the

behavioral prediction accuracy of the same model before and after post-training reveals that
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post-trained models assign lower probability to the choices people made than their base models

do (Binz et al., 2026). As a result, post-training decreases how well models predict human

responses to question wording (Tjuatja et al., 2024).

One first consequence of post-training is less varied answers. Because raters favor typical

answers, rewards favor what the model already finds likely, and post-training further narrows

toward it (Zhang et al., 2025). Output diversity falls through successive post-training steps,

both in general text generation (Zhang et al., 2025; Kirk et al., 2024) and in simulated popula-

tions (Murthy et al., 2025). While post-training tends to produce less simulated variety within

groups, it tends to exaggerate opinion di!erences between demographic groups (Grief-Albert

et al., 2026).

The second consequence is a bias towards the textbook answer when accuracy is rewarded.

Reasoning training, which rewards answers that an automatic check marks as correct, should

push furthest in this direction. Consistent with this, reasoning-trained models depart further

from people than instruction-tuned ones (Binz et al., 2026), and reasoning training impairs

predictions of human disagreement, whereas prompting a model to reason step by step does

not (Ni et al., 2026).

That said, post-training does not universally move predictions away from people. Binz et al.

(2026) find that fine-tuning on an additional database of human choices can improve specific

behavioral predictions. Because this changes both the overall training corpus ingested by the

resulting model and the objective alike, it cannot tell us which of the two is responsible. It

does suggest, however, that the problems documented above come from the particular data

and objectives used in standard post-training.

3.5 Elicitation and Decoding

In the final two steps, the model is deployed into a particular estimator. The first step is elic-

itation. The prompt, including any persona, frames the task, and the rule by which answers

are tallied turns the outputs into an estimate. The person and the situation reach the model

only as a description. Choosing which features to describe is an implicit theory of context, and

unmentioned features are filled in by association by the simulation procedure (Gui and Toubia,

2025).

The second step is decoding. The model’s probabilities need to be turned into sampled an-

swers. A key lever here is the temperature, which determines how widely answers will vary.

Lower temperatures entail lower model variability, while higher temperatures imply that less

likely answers appear more often. Truncation discards low-probability options before an an-

swer is drawn (Holtzman et al., 2020). One might hope that temperature and truncation can
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be used to capture the heterogeneity in human responses, but there is no reason to expect that

they do, since they rescale the model’s probabilities rather than add information about people.

Consistent with this, GPT-4o gives the same answer in at least 98 percent of calls, and changing

decoding settings does not fix this (Jang et al., 2026). Moreover, synthetic populations gener-

ated by varying temperature and prompts remain less diverse than human ones (Murthy et al.,

2025).

3.6 Why the Gap May Persist: The Cost of Verification

Will better models simulate people more accurately? To improve performance, a model needs

feedback on whether its own answers are right. Language models have improved fastest where

this feedback is cheap and automatic: a test suite checks a program in seconds, and a reference

solution checks the answer to a mathematics problem. Post-training can then reward correct

answers in a loop that runs without people and can be repeated millions of times (Lambert

et al., 2024; DeepSeek-AI, 2025). Wei (2025) conjectures that the ease of training a model on

a task rises with the ease of verifying its answers.

How easy is it to verify behavioral predictions? The only way to verify a behavioral sim-

ulation’s predictions is to observe the relevant people in the relevant setting with su"cient

knowledge of the contextual factors, i.e. it comes down to field experimental data. This check

is slow and expensive, because it requires recruiting and incentivizing people and sometimes

observing them for weeks (Zhang et al., 2026). To draw reliable inference from such experimen-

tal data, large datasets are needed to ensure su"cient statistical power. Moreover, for specific

prediction targets where simulations are most useful, such as a policy not yet introduced, it is

not possible to even collect the human data.

This has an implication that we’re stating as a conjecture. Gains in general model capabilities

concentrate where verification is cheap and need not improve behavioral prediction. Progress

in behavioral prediction will instead be driven by the supply of high-quality human data that

link people, situations and choices. There are two objections to this view worth mentioning.

First, supervised training on recorded behavior does not need a verifier at training time. While

true, the bottleneck then moves to collecting that behavior in the first place, which is the same

constraint under a di!erent name. Second, large platforms run thousands of experiments a

year, meaning that the supply of checks is large and growing in some domains. Our conjecture

predicts that progress will come first in exactly these domains and slowest for o$ine behavior,

where data collection is costly. The evidence so far is thin. In one model family, the gap between

post-trained models and their base versions in fitting human choices has widened across gen-

erations (Binz et al., 2026). Our conjecture on the role of the cost of verfication is testable over
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time. If correct, the reduced-form pattern belongs to the general use case of behavioral predic-

tion and not to the models of 2026. We predict that it persists where checks stay expensive and

fade wherever they become cheap.

4 Credible Uses

Any use of a simulation where it has not been validated requires an invariance assumption. The

three routes we discuss di!er in where they place this assumption and in how it can be checked.

In the theory route it comes from behavioral theory. The modeled mechanism is assumed to

govern behavior in the setting of interest. The training route places it in additional behavioral

training data. The setting of interest is assumed to belong to the family of settings that the

additional behavioral data cover, so that accuracy measured on that family carries over. The

correction route places it in the error of the simulation method. Here, the invariance e!ectivley

amounts to assuming that the simulation gets the change from a nearby validated setting to the

setting of interest right, which implies that the error measured in the former can be accounted

for in the latter. Both the training and correction routes are reduced form in nature. They

do not supply behavioral structure. Table 2 summarizes the three routes. Note that they are

not mutually exclusive. Even after adding theory and fine-tuning, a simulation will likely have

systematic error that can be measured and corrected.

Restricting the claim. Sometimes, none of the three routes may provide a viable path to a

credible simulation. In those cases, the baseline approach should be to restrict the claim to only

those types of things that existing validation establishes. In particular, the average e!ect of a

familiar intervention is far more reliably forecast than individual responses. For such cases a

direct forecast with a predictive interval is now the best-supported use (Vivalt, 2026). When the

structural, training and correction routes are unavailable, simulations may also still be useful

in suggesting hypotheses, survey questions and candidate treatments (Horton, 2023; Manning

et al., 2024), which complements and guides human testing rather than replacing it.

Compared with what. Whatever claim is made, the usefulness of a simulation should be

judged against the alternatives a practitioner actually has. These are a small human sample,

an expert forecast or a statistical predictor, each at its own cost. All of them face the same

transport problem. Expert forecasts of experimental results are informative about averages but

miss surprises (DellaVigna and Pope, 2018; Milkman et al., 2021). Flexible predictors trained

on behavior transfer less well than theory once the new setting di!ers from the training data

(Andrews et al., 2025). Placing simulations on the same scoreboard would show whether the
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Table 2: Three routes to unvalidated settings

Route Where the invari-
ance assumption
sits

Data required Characteristic fail-
ure

Best existing evi-
dence

Theory The named mech-
anism governs be-
havior in the set-
ting of interest

A theory that ap-
plies with corre-
sponding parame-
ters

Theory incomplete,
missing relevant
forces. Parameters
shift with context

Manning and Hor-
ton (2025): play in
new games from a
prespecified family

Training The setting of inter-
est belongs to the
family the added
data cover

Behavioral train-
ing data from
nearby settings
of the same kind

The new setting
lies outside the
family

Binz et al. (2025),
Suh et al. (2025):
new participants,
tasks, and ques-
tions within the
covered domain

Correction The simulation gets
the change from
the validated set-
ting to the setting
of interest right

One human sample
from a nearby set-
ting

Behavior changes
in ways the simula-
tion does not track

Zhang et al.
(2026): transfer
across regions, not
across weeks

Notes. A human sample from the setting of interest itself requires no transport assumption; it is simply design-
based variance reduction. It is the estimator of Section 2.4.3.

reduced-form pattern is specific to LLMs or common to any predictor without a theory of con-

text. At the individual level, Gao et al. (2026) compare an o!-the-shelf LLM to machine learning

trained on human data (see Mullainathan and Spiess, 2017). They measure how much human

data the algorithm needs to match the LLM. The LLM turns out to be useful for some outcomes,

e.g. homeownership, and not for others, e.g. smoking. For aggregate quantities, text-based in-

dicators have long been used to track expectations and economic activity (Baker et al., 2016;

Shapiro et al., 2022; O’Connor et al., 2010; Ashwin et al., 2024). If a simpler or cheaper pre-

dictor performs as well as synthetic personas, the personas have no demonstrated benefit.

4.1 What Better Models Can Change

We distinguish between what better models imply for improving predictions and establishing

under which circumstances they can be trusted. In terms of accuracy where it is checked, a

larger training record could improve simulations in situations with better coverage. However,

the issue that the space of possible situations is infinite-dimensional and thus impossible to

cover even with a larger record remains. Moreover, it is not clear why a significant growth

in the behavioral record of real human behavior should be expected, relative to what current

LLMs are trained on. The e!ects of improvements of general capabilities in AI on the quality
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of behavioral simulation are contested (e.g., Binz et al., 2026), not least because LLMs are not

targeting behavioral simulation, as discussed in Section 3. As discussed throughout this paper,

however, higher accuracy in checked situations does not in and of itself provide the license

to expect similar accuracy in new settings. The requirements for establishing the validity of

simulations in unchecked settings, i.e. recovered structure or demonstrated stability, remain

unchanged.

In principle, one might speculate that novel variants of AI models, such as world models, do

not form just a reduced form account of the behavioral training record in the way we argue cur-

rent models do and instead recover deeper structure. In that scenario, o!-the-shelf behavioral

simulation might turn out to be altogether more promising, but we currently see no evidence

for it.

4.2 Route One: Add Behavioral Theory

The vast theoretical literature on decision-making o!ers the substrate for endowing agents with

specific structural properties that AI simulations may otherwise lack. The idea here is to add

concrete instructions to the prompt that initiates a persona in a way that controls a specific

aspect of their behavior in line with some theory. The evidence using this type of approach is

still scant. The agents in Manning and Horton (2025) are told that they are human with all the

corresponding cognitive biases and heuristics and given an additional statement that serves to

control their level of strategic reasoning, such as being a level-0 thinker, or varying between a

level-1 and a level-2 thinker. Theory suggests a specific type of behavioral heterogeneity, level-k

thinking in this case, and the structure supplied to the agent tells it which level it is supposed

to represent.

We see three main limitations to the improvements that can be achieved with this approach.

First, and most importantly, every behavioral theory is incomplete in that it does not provide

the full mapping from person and situation to behavior. It names a few specific forces but

leaves the rest out. Fudenberg et al. (2022) quantify this as the completeness of a theory, i.e. the

share of predictable variation it captures. For standard theories of risk and time preferences, a

substantial share remains unexplained. To provide an example, a simulation might specify the

depth of strategic reasoning but leaves out any number of other well-documented mechanisms

that plausibly apply in a context, such as loss aversion or social comparisons.

Second, decision-making research robustly shows that many di!erent kinds of context fea-

tures strongly a!ect behavior, often dominating the e!ect of person-specific traits and leading

to apparent instability of behavioral patterns. This means that characterizing an agent with

a specific behavioral trait such as loss aversion or the depth of strategic reasoning will fail to
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capture the systematic variation in real behavior that comes from how these di!erent charac-

teristics play out di!erently in di!erent contexts. In fact, theorizing about the role of context

e!ects tends to be less well developed, creating a real gap in what adding behavioral theory

can achieve. The same instability undermines whatever the prompt pins down: a type distribu-

tion or a parameter such as the depth of strategic reasoning must be assumed constant across

settings, yet such parameters shift with framing, reference points, and salience, so the hetero-

geneity the prompt imposes may be wrong in the setting being simulated.

Third, the theory route mentions a specific force in a prompt but does not and cannot specify

how precisely this force plays out in the setting where the simulation is run. What a level-

2 thinker does in a game and how exactly it reasons about payo!s and others is left to the

reduced form. Put di!erently, adding theory does not replace the reduced form but constrains

it to a degree. We believe that this is not a limitation specific to Manning and Horton (2025)

but common to any theory one could prompt with.

Summarizing, the theory route only improves predictions to the extent that (i) the named

force is the one that matters here and (ii) the agent’s filling-in of how the theory a!ects behavior

is correct.

4.3 Route Two: Train on Behavior from Nearby Settings

The idea behind the training route is that because every situation is characterized by infinitely

many features and the original training corpus cannot possibly cover an infinite-dimensional

space, it might help to add available behavioral data that is “close” to the setting of interest.

Whatever form these data take, they enter before the simulation runs: they can be incorporated

into the model weights through fine-tuning (Binz et al., 2025; Suh et al., 2025), retrieved at run

time, or included in the prompt as examples of what people did in a related situation. Either

way the additional data is supposed to improve the model’s mapping from the input to the

simulated behavior in the context of interest. The logic here is that because behavior depends

on combinations of very many features, the original training record cannot be expected to cover

any given setting of interest, and so more targeted behavioral training adds points to a space

that cannot be filled. The evidence for the training route suggests that it improves predictions

for new participants, tasks, and questions within the narrow domain the additional data cover

(Binz et al., 2025; Suh et al., 2025).

We make two remarks on this approach. First, the training route does not add structure

but it adds records where the record was previously thin. What models “learn” this way is still

contested (Bowers et al., 2026; Schröder et al., 2025).⁾ Second, this also implies that only data

⁾The working assumption for this approach is exchangeability as discussed in Section 2.1.3. The setting of
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from nearby situations that share most features of the target context will help.

4.4 Route Three: Measure and Correct the Error at the Point of Use

Unlike the first two routes, the correction route does not seek to improve the simulator itself by

improving the accuracy of the mapping from inputs to behavior. Instead, it takes the simulation

output as it is, measures how wrong it is on a human sample, and then accounts for the error to

correct the simulation in the setting of interest. Two cases need to be kept apart here. In some

situations, the user has a human sample that comes from the setting of interest itself. Note that

in this case, there is no transport problem to begin with. The sample identifies the error directly

and the simulation only adds precision beyond what the sample itself establishes. This is the

design-based estimator of Section 2.4.3, and it is the best-supported use of simulation in the

evidence we review—but, of course, it describes the practically perhaps less relevant situation

where some data in the precise setting of interest is available. Usually it isn’t, or data is only

available for some of the counterfactual states of interest. Survey statisticians refer to this case

as the regression estimator from two-phase sampling. In the second case, the human sample

comes from a nearby setting. This is the correction route proper, and the rest of this section is

about this latter case.

There is a fundamental di!erence between what the human data is used for here versus in

the case of the training route. In the case of training, one has to assume that the training data

e!ectively cover the setting of interest in that the relevant combination of features somehow

appears in the data. When we use human data for correction, all that matters is that the struc-

ture of the error is stable between the two settings. The error does not literally have to be a

constant amount in both but is allowed to di!er in ways that are predictable from observables.

Put simply, the simulation does not have to be right, but it needs to be wrong in a stable and

predictable way. This means it has to get the change between the two settings right.

When does this assumption hold? The correction is valid whenever the simulation gets the

change across nearby settings right, irrespective of the levels it predicts. The experiment re-

ported in Zhang et al. (2026) illustrated both cases. Across regions, the correction learned on a

tenth of the regions worked for the remaining regions. Across time, people’s responses changed

substantially while the simulated responses did not, so the correction learned on the first week

did not help for the prediction two months later. How much human data the correction needs

depends on the structure of the error. Take the case where respondent-based e!ects are inflated

by a roughly common factor, as in Ashokkumar et al. (2026). In that case, a small human sam-

ple pinning down one scale parameter corrects many e!ects at once. If the error instead varies

interest must be of the family the additional training data come from, which is an assumption. One cannot validate
what exactly the added training does to the simulation output.
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from e!ect to e!ect, each e!ect needs its own sample. Any application thus has to state clearly

which features are assumed to leave the error structure stable. It is an open question whether

the error systematically moves more with some than other classes of features, e.g. more with

changes in setting than changes in people.

Note that unlike in the case of the training route, the check and assumption that’s underlying

the correction are made by the user, at the point of use, and separately for each application.

This makes the correction route highly transparent in principle.

4.5 Lessons for Practitioners

This review argues that for any practitioner who considers using AI-based behavioral simula-

tions, the question is not whether a given simulation is “good” in general but to what extent it

can be trusted for the question at hand. The answer to this pivotal question hinges on where

human data is available or can be collected, and the three routes provide a decision rule.

Sometimes some human data is available in precisely the situation of interest. Even with a

small sample, such data can be used to measure and correct for the simulation’s error. In this

case no transport assumption is needed. The simulation augments the human sample by adding

precision to what the human data alone would allow the user to learn (Section 2.4.3).

In other cases, the best available human data are from a nearby setting, i.e. one where the

population or the decision might be slightly di!erent. This calls for the correction route, where

the nearby data is used to measure the local simulation error which can then be accounted for

in the setting of interest. Here one needs to either assume that the error is locally stable or

predictable from certain observable features.

Sometimes no new human data on the target situation or a nearby one are available and

the best available data is from earlier studies or logs of past behavior. Such data can be used to

locally train and improve simulations for situations within the same family of settings. A new

product, rule or a later period is, by definition, outside that family and accuracy is thus not

established through the additional training.

When none of these options is available, the claim should be restricted to what the decision

at hand needs. The three decisions from the introduction need di!erent things. Choosing be-

tween two messages requires a ranking, which simulations tend to get right when the e!ects

di!er substantially. Simulations might thus be worthwhile to use to discard weak ideas and to

prune treatment arms. Forecasting take-up for a budget relies on a level forecast. Respondent-

based simulations tend to get levels wrong, and direct forecasts get them right only for familiar

interventions. Finally, deciding which experiment to run next requires knowing where the simu-

lation is most uncertain, because that is where a human sample is most informative. Simulations
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should not be used to select between similar options or to calibrate decisions that depend on

the magnitude of an e!ect or on the segmentation of a population.

Note that the structure route is rarely a feasible option in practice. It requires an established

theory of behavior for the situation of interest and the expertise to encode and calibrate it. Ex-

isting evidence for this route comes from narrow families of abstract games. Unlike the stylized

games studied in many experiments that are stripped of real-life context, most practical simu-

lation settings are full of idiosyncratic context that no single theory or set of theories should be

expected, ex ante, to capture comprehensively.

There are a few general rules that follow from the findings of this review. First, the error

bars for a synthetic sample are a feature of the simulation approach and should not be mistaken

for their equivalent in a human sample. Put di!erently, simulating more respondents can never

substitute for a human sample. Second, more sophisticated simulations with richer personas

etc. have not been demonstrated yet to earn their cost in predictive accuracy. Real human re-

sponses remain the gold standard for validating and correcting AI-based simulations. Third, any

validation only applies to the model and procedure that was actually used, meaning that any

model update requires new validation. Finally, it helps to know what an unchecked simulation

is comparable to. Our reading of the evidence is that it resembles a well-read expert forecast.

Whenever one suspects that an actual A/B test could yield a surprising finding, a simulation is

likely to miss it, just as an expert would.

4.6 The Open Question: How Far Does a Human Sample Travel?

Many attractive applications concern decisions for which human outcomes are not yet available.

Can observations from another population, an earlier period, or a related decision support

useful predictions? The question is how far evidence about accuracy in one setting carries over

to another, across populations and contexts. It takes a di!erent form for the two routes that

rely on human data. The correction route needs to know how far the structure of a simulation’s

error stays stable; the training route needs to know which settings belong to the family over

which accuracy was established. The evidence reviewed here o!ers little systematic guidance

on either.

Measuring distance. Either question presupposes a measure of distance: in behavior for the

training route, and in the simulation’s error for the correction route, which can stay stable even

when behavior changes, as long as the model tracks the change. A convenient proxy is the

similarity between descriptions of two settings, measured for example with text embeddings.

It can mislead in both directions: a vignette that changes one incentive is close in text and may
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be far in behavior, while the same choice described in other words is far in text and may be

close in behavior. Moreover, embeddings come from models trained on the same record as the

simulator, so they cannot flag a change the record does not reflect, which is where a reduced-

form simulation is most likely to fail. For changes in population, a better measure is sometimes

available: di!erences in observed characteristics can bemeasured directly and the error allowed

to vary with them (Pearl and Bareinboim, 2014; Dell and Rambachan, 2026). For changes in

context, no comparable list of characteristics exists.

Designs. Three practices are feasible without such a theory. First, studies can report which

coordinates in Table 1 di!er between validation and target. Second, they can fix a model and

correction, specify changes in population, timing, or incentives before observing the target

outcomes, and hold out settings by those features rather than at random—a country, all in-

centivized tasks, a later period. Prediction error, the error remaining after correction, and in-

terval coverage can then be measured along each named dimension. Andrews et al. (2025)

provide a template: apply the procedure to every pair of training and target settings among

those validated, and report quantiles of the resulting errors, which give the forecast intervals

of Section 2.1.3. Defining settings by a single feature, as they do when each setting is one lot-

tery, gives such a test along that feature. Third, where transfer remains uncertain, they can

report how conclusions change under plausible departures from the transport assumption, for

example by bounding how much the error may change (Section 2.1.3; Chen et al., 2026). A

conventional confidence interval cannot account for an unspecified failure of that assumption.

Designs that vary many features of a setting at once, rather than one at a time, would show

where a correction continues to hold and begin to supply the missing theory of context (Al-

maatouq et al., 2024). The same data would also test our interpretation: under a reduced-form

account, accuracy should track how familiar a setting’s description is to the model, not how

much behavior actually changed.

5 Conclusion

In this review, we have put together evidence to assess how good LLMs are at predicting human

behavior. The evidence shows that accuracy falls with specificity and, for the changes tested so

far, travels within familiar kinds but not beyond them. The key insight of this review is that for

those applications that matter the most — novel unfamiliar problems where no human data can

be easily collected — the key question concerns whether accuracy carries over across settings.

Three routes are most promising to increase accuracy of predictions in novel prediction

problems. Adding behavioral theory works in as far as the theory is right, comprehensively

34



captures relevant factors in the setting of interest, and the agent correctly translates a named

theoretical mechanism into actual decisions. Supplying additional behavioral data from settings

that share many features with the situation of interest carries as far as the new setting can

reasonably be considered to be part of the family covered by the additional data. Measuring

the simulation error against a human sample and correcting for it in a new situation will be

valid to the extent that the error structure is stable across the two situations. How far that is,

across populations and across contexts, remains an open question.
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