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Abstract

Increasingly, researchers are using large language models
(LLMs) to generate synthetic survey responses and behavioral
data as a substitute for human samples. The justification for
this approach is that appropriate prompt conditioning can
recover latent patterns that LLMs learn about humans from
training data. Existing evaluations of this technique typically
compare LLM output to direct measurements of human be-
havior. However, these evaluations do not reflect the goal of
this approach, which is often to make inferences about unob-
served scenarios and populations. By contrast, we devise tests
that can be run on LLM output alone and are based solely
on structural properties implied by the assumptions under-
lying the technique. We show that LLMs produce data that
is incoherent with respect to the statistical structure of real
populations, which requires that the mean of any population
lies within the range of the means of its constituent subpopu-
lations. LLMs violate this condition at rates similar to purely
random predictions. Further, we show that model outputs are
subjective responses rather than objective predictions about
a common (even biased) human benchmark population. In
our tests the chosen model explains far more of the variation
in output than can be explained by the choice of emulated de-
mographic group. We conclude that LLM output is unreliable
for inference about human populations.

1 Introduction

Large language models (LLMs) are trained on an enormous
quantity of human data, which includes a substantial amount
of information about how people respond to survey questions
or play games, which may imbue LLMs with a generalized
model of human behavior. With this justification, a growing
research program in the social sciences uses LLMs to generate
synthetic survey responses and behavioral data.

This technique, often called silicon sampling, asks LLMs
to emulate human respondents with “personas,” or prompts
that include demographic or other relevant identity informa-
tion. The LLM’s responses are used to construct synthetic
populations for surveys, behavioral experiments, and other
analyses. The data sampled from many LLM personas are
then aggregated to make inferences about populations those
personas compose.

In this paper, we ask two questions. First, do LLMs coher-
ently emulate populations through this technique? Second,

to the extent that LLMs do emulate populations, do they do
so because they have learned how humans act?

One approach to evaluating silicon sampling is to compare
LLM responses with observed human data. However, agree-
ment with a particular dataset does not imply that the model
will generalize to new populations, demographic subpopula-
tions, or hypothetical scenarios. A model may match an ob-
served population while simultaneously implying other statis-
tical relationships that no real population would satisfy.

By contrast, we develop tests that rely solely on output
from LLMs. These tests are derived purely from structural
properties that underlie the assumptions inherent in silicon
sampling: that LLMs can coherently emulate populations,
and that the population they emulate is some common objec-
tive benchmark (ideally real humans).

Do LLMs emulate populations? If they do, they must re-
spect the statistical structure of populations, which are mix-
tures of their constituent subpopulations. By the law of it-
erated expectation, the parent population mean must lie be-
tween the subpopulation means. We refer to violations of
this as incoherence. For example, predicting that the aver-
age height of a man is 5 feet 9 inches, the average height of a
woman is 5 feet 4 inches, and the average height of an adult
is 5 feet 2 inches is incoherent because no weighted average of
the man and woman means could produce the adult mean.

Do LLMs emulate how humans act? If they do, variation in
responses must be driven by the humans being emulated, not
the models themselves. When models fail to do this, we say
they are subjective. For example, if one model generates
responses twice as risk averse as another model, across all
demographic groups, then their responses are not simulations
from a common model of human behavior.

These criteria follow directly from common assumptions in
the literature. For example, a popular approach in the syn-
thetic survey literature is to construct “digital twins” (Park
et al., 2024) that represent responses of specific demographic
groups, which can then be weighted to infer something about
a target population. If LLMs are incoherent, the demographic
hierarchy (e.g., woman vs. 56-year-old woman) is internally
inconsistent and a researcher does not know which level to
trust. Researchers also use LLM responses to predict what
humans will do in unseen experiments (Ashokkumar et al.,
2026). If LLMs are subjective then their predictions might
not be representative of human behavior in unseen circum-
stances.

Across multiple behavioral games and opinion survey ques-



tions, we find that LLMs frequently violate these criteria.
These failures occur across contemporary and older mod-
els, across a wide range of model sizes, across both propri-
etary and open-weight models, and across ‘thinking’ and ‘non-
thinking’ models. Our findings suggest that matching isolated
survey or experimental results should not be taken as suffi-
cient evidence that LLMs can be used to emulate real human
populations.

These failures are frequent and large in magnitude. Around
half of all marginal distributions generated by LLMs are in-
coherent. Further, LLMs are subjective across all games and
surveys by a large margin. The model matters substantially
more than the demographic prompt across all tasks.

2 Literature

To our knowledge, Aher et al. (2023) were the first to suggest
that LLMs can substitute for human subjects, and Argyle
et al. (2023) were the first to propose the use of LLMs as
substitutes for human subpopulations in polling.

In both academic research and industry there are attempts
to construct “digital twins” of individual people (Park et al.,
2024; Toubia et al., 2025), using these in place of human re-
sponses in polling and market research. Several prominent
papers posit that LLMs can be used to cheaply explore the
hypothesis space. Because measurement is close to free, we
can use LLMs to extrapolate to new situations without hu-
man subjects experiments (Henning and Camerer, 2026; An-
this et al., 2025; Ashokkumar et al., 2026; Xie et al., 2025).
The argument for this is straightforward: large language mod-
els are trained on large quantities of human-generated data,
and so in their training process learn a representation of hu-
man behavior accessible via prompting (Grossmann et al.,
2023; Horton et al., 2023). In practice, researchers have found
empirical correlations between LLM and human responses in
several domains (Dillion et al., 2023; Manning and Horton,
2026).

Unsurprisingly, such a bold claim has generated contro-
versy. There is also a growing literature documenting ways in
which LLMs fail at these tasks. Several papers document that
LLMs are sensitive to seemingly inconsequential changes in
prompts, like the order of the allowed responses (Dominguez-
Olmedo et al., 2024; Tjuatja et al., 2024). Others find that
LLM output is often correlated with human subject samples,
but biased in ways which make it an inadequate substitute
(Pataranutaporn et al., 2025; Boelaert et al., 2025; Santurkar
et al., 2023). Further, LLM output has substantially lower
variance than that of real populations (Bisbee et al., 2024),
and prompted response distributions are internally inconsis-
tent when aggregated using real survey weights (Li et al.,
2025).

Finally, there is a literature that analyzes the required con-
ditions for inferences from LLM simulations to be valid. Lud-
wig et al. (2024) show that inference about human subjects us-
ing LLM output is equivalent to a non-classical measurement
error adjustment problem. There are a number of proposed
approaches that attempt to repair these potentially biased
inferences and validate LLM experiments; see Hullman et al.
(2026) for a thorough discussion.

Existing approaches to test the validity of silicon sampling
rely on population weights (Li et al., 2025) or human bench-
mark data (Xie et al., 2026). We contribute to this litera-
ture by deriving a set of tests for the assumptions inherent
in this technique that can be performed with LLM output
alone, without reference to any real data. These tests show
that LLMs are unsuitable substitutes for human subjects.

3 Theory

Populations are inherently hierarchical, a composite of vari-
ous groups, themselves composed of further nested subpopu-
lations. Throughout this section we consider a (parent) pop-
ulation that can be decomposed into K mutually exclusive
subpopulations indexed by i. Let Y, be a random variable
representing responses of individuals in a population for some
task, and let Y; be a random variable representing responses
for individuals from subpopulation i for the same task. Each
subpopulation i represents a proportion w; (with w; > 0 and
Zf; w; = 1) of the total population.!

Similarly, let }A/;,)m represent model m’s simulated responses
to the same task for the same population, and let Yzm be
a random variable representing the predictions of model m
conditioned on a “persona” representing subpopulation 7 for
the same task.

3.1 Incoherence

Because a parent population is a mixture of its subpopula-
tions, by the law of iterated expectation, the mean of the
parent population must be the weighted sum of the means of
the subpopulations:

K
E[Y,] = Y wiE[Yi]. (1)
i=1
Since the weights w; sum to one, the population mean is a
convex combination of the subpopulation means, and so the
mean of the parent population must be within the extremes
of the subpopulation means:

min {E[Y;]} < E[Y,] < max {E[Y;]}. (2)

If an LLM, m, can coherently emulate populations, then the
predictions it makes directly about a parent population should
be consistent with some mixture (using weights w;) of its
subpopulation predictions. That is E[Y}, ] = Zfil BiE[V )]
for some weights w;.

Expression (2) requires that the mean of the parent popu-
lation lies between the means of the most extreme subpopula-
tions. We say an LLM is incoherent if its predictions violate
this:

E [ffp,m} < min {IE [Km]} orE [f/p,m} > max {IE [f’i,m] } . (3)

1We note that any population can be decomposed into many such
families of subpopulations. For example, the population of adults can
be decomposed into subpopulations based on age, based on sex, based
on age/sex combinations, or based on other criteria. These constraints
apply to any population and any decomposition.



This structural restriction must hold recursively. Since each
subpopulation is itself composed of lower-order subpopula-
tions, the mean for each subpopulation must lie between the
extremes of its lower-order subpopulations and so on.

Note that we do not insist that the weights w; correspond to
the true population weights w;. In this sense, the condition for
coherence in (3) is weaker than what would hold in real data.
Our condition tests, within each task, whether there exists
any set of weights that can justify the relationship between
the parent population mean and the subpopulation means.
For a real population, there is a fixed set of weights that can
justify this relationship across all tasks.

3.2 Subjectivity

A common argument for using LLMs to predict human be-
havior is that they are trained on a large corpus of human-
generated data, and have thus learned a common set of pat-
terns that reproduce human responses on average. This view
is captured well in Horton et al. (2023):

The human-generated text path provides LLMs with
true aspects of the social world “in action:” how peo-
ple communicate, make decisions, interact with each
other, and perceive the world. We might be skeptical
that a language model could, say, represent physics
we have yet to theorize, but it surely has internal-
ized relevant knowledge about the social world that
has never been written down in academic work.

If LLMs learn to emulate populations by reproducing hu-
man behavior observed in the training data, then on average
predictions should not depend on which model we ask. If each
model m € M has learned a (possibly biased) representation
of human behavior for people in group i,

E[Vim| =BV + A =E [Vigw| Vi’ e M, (4)

where A; is bias, which may depend on the task and popula-
tion/subpopulation being emulated. This is a model of LLM
behavior considered widely in the literature (Ludwig et al.,
2024). We can reject this assumption if the outer terms in
(4), which only depend on LLM output, are not equal. We
say LLM outputs are subjective if there exist m,m’ € M
such that X .

ED/v,m] 7é ED/Z',m’]~ (5)

4 Methods

4.1 Personas

In silicon sampling, a subpopulation is represented by a per-
sona: a text description of the demographic group the LLM is
being asked to emulate, placed in an LLM’s system prompt.
A system prompt can be understood as instructions for the
LLM on how to behave as opposed to the user prompt, which
is used to convey the task.

Our test for incoherence relies on the nested structure of
populations. To generate useful data, we use a hierarchical
set of personas which are nested in two dimensions: age and
sex. We use adults living in the United States as our baseline

parent population, which is then subdivided into subpopula-
tions by age, sex, and age/sex combinations. We use four age
brackets (18-29, 30-49, 50-64, and 65+) and two sex categories
(man, woman). The text for all of our personas is provided
in Appendix Section A.1.

This hierarchical structure ensures that every one of our
most specific personas (for example, a woman aged 18-29) is
a member of multiple parent populations (in this case, the
group of all women, the group of all 18-29 year-olds, and the
baseline adult population). This nesting allows us to test co-
herence along the 9 marginals depicted as rectangles in Figure
1.

Baseline
Men ‘Women
Men 18-29 Women 18-29 18-29
5 Men 30-49 Women 30-49 30-49 g
& Men 50-64 Women 50-64 50-64 &
Men 65+ Women 65+ 65+

Figure 1: The hierarchical structure of personas. Each of the
nine rectangles represents a marginal for which we can test
incoherence. For example, the eight sex/age personas must be
coherent with respect to the baseline. The two sex personas
must be coherent with respect to the baseline. The four age
personas must be coherent with respect to baseline. For each
of the four age groups, the two sex/age personas with that
age must be coherent with respect to the relevant age-only
persona. For each of the two sexes, the four sex/age personas
with that sex must be coherent with respect to the relevant
sex-only persona.

In common practice, for example with digital twins, per-
sonas are significantly more detailed than those we use in this
research. However, in our setting more detailed prompts add
more marginal distributions, which makes it harder for mod-
els to pass a coherence test. In this sense, our choice of simple
but richly nested personas is a conservative one.

4.2 Tasks

We selected a set of representative tasks from behavioral eco-
nomics and opinion polling. The behavioral economics tasks
include the dictator game, the prisoner’s dilemma, the beauty
contest game (guessing two-thirds of the average), and a risk
elicitation task. The opinion polling tasks include questions
on presidential approval, abortion legality, and the impact of
Al adapted from recent Pew Research Center surveys. We
turned each task into a user prompt that instructs the LLM
to respond with a single number. See Appendix Section A.1
for details.

4.3 Models and Sampling

‘We chose models to cover a range in terms of generation, size,
and provenance under the criterion that we could find infer-
ence providers that return token distributions, which greatly
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Figure 2: Required maximum weight on a single subpopulation implied by the parent mean. Weights above 1 imply inco-
herence. Grey lines show individual model CDF's of the required maximum weight, while the black line is pooled by model
family. Grey area indicates region of incoherence. The x-axis is truncated from the right at 3 for legibility. Details on the

weight construction are in Appendix Section A.2.

improves our ability to precisely measure the means predicted
by each model.

To represent the model frontier at the time of our data
collection, we include several models from OpenAI’s GPT 5.4
family. To get a range of sizes, we include the standard model
and its smaller mini and nano variants. Because GPT models
have been widely used in this literature in the past few years,
we include two previous-generation frontier models in GPT
3.5 Turbo and GPT 4o.

To represent frontier open-weight models we include sev-
eral latest-generation DeepSeek models (V4). Within the
DeepSeek family, we include the Flash and Pro size variants
with max, high, and no reasoning variants of each.

For historical reasons, we also include the Llama family of
models. While these are no longer frontier models, they have
been used in the open-weight silicon sampling literature (Li
et al., 2025; Xie et al., 2025). They are also small enough
for us to run locally, which allows us direct access to the
distribution of token responses.

For consistency, we used a temperature of 1 for all models
and variants. A temperature of 1 corresponds to the “raw”
predictions of the model, unadjusted by temperature, which is
what typical API endpoints return when asked for a model’s
token distribution. This allows us to estimate an expectation
even when thinking is on, since sampling with a temperature
of 1 corresponds to the expected response (the mean token),
whereas, e.g., a temperature of 0 would correspond to the
most likely response (the modal token).

For models without chain of thought, the distributions of
tokens are very consistent; the variation in output comes from
changes in floating-point operations between batches (Yuan
et al., 2026). For chain-of-thought models the predictive dis-
tribution usually degenerates to a single token with positive
weight. There is still substantial variance in the responses,
but this variance is not characterized well by the log proba-
bility distribution, which is conditioned on the thinking trace.

We use repeated sampling to precisely measure the mean
prediction of thinking models. To achieve uniform power
across models we use a cutoff rule that is unrelated to our
hypothesis test, sampling until the plug-in standard errors
fall below two percent of the range of the allowed response
distribution.

5 Results

5.1 Incoherence

Recall that a model is incoherent for a task and marginal if
the predicted parent population mean is outside the range
of its constituent subpopulation means. For example, if the
average 18-29 year old’s approval rating for Donald Trump is
higher than the average 18-29 year old man’s approval rating
and the average 18-29 year old woman’s approval rating, then
this distribution is incoherent. Otherwise, it is coherent.

Given the non-determinism of LLM output, predicted par-
ent and subpopulation means are random variables. Although
we sampled each model/task/persona combination aggres-
sively to reduce sampling error, it is possible that a model
appears incoherent by chance.

To assess incoherence, we test the null hypothesis that the
parent mean is between the highest and lowest subpopulation
means; a rejection implies incoherence by (3).

Denote by Y, the sample mean of the LLM output for the
parent group, and Y; the sample mean of the LLM output for
subpopulation i. Let i be the subpopulation associated with
the largest mean, and i be the subpopulation associated with
the smallest. We can only reject in cases where Y, > Y; or
Yp < Y;. This gives us two Z-values depending on which case
holds:

7, % Y-,

Zabove = ) Zhelow = .
~2 | ~2 2 a2
se,, + €5 se,, + se;

(6)



In Table 1, the “Rate (5%)” column shows the rate at which
this test rejects coherence at the 5% level, while “Rate” shows
the rate of incoherence implied by the point estimate.

On average, models are incoherent on 43% of their
marginals. 33% of the time we can reject coherence at the
5% level. For comparison, a discrete uniform random number
generator would be incoherent for about 53% of marginals.?

The lower rate of incoherence for GPT 5.4 is notable. The
main driver is a tendency to produce distributions where all
marginals are trivially coherent because it responded the same
way for all personas. It uniformly responded with 0 in the
beauty contest game and 5 in the dictator game, and re-
sponded 2 for the question on legalizing abortion for all but
one persona.’ Interestingly, GPT 5.4 was the only model that
regularly responded in this manner.

Of the tasks where GPT 5.4 did not predict a constant
mean, its overall rate of incoherence was 36%, and we can
reject coherence at the 5% level for 31% of its marginals.
These numbers are far closer to the rest of the field. Thus,
GPT 5.4 is not more coherent than other models because it
is faithfully emulating true data, but rather because it some-
times completely ignored the persona conditioning, a form of
extreme subjectivity.

These cases demonstrate that incoherence is a weak, coarse
test of the “unnaturalness” of LLM predictions. In addition to
this trivial coherence, models can also be coherent but make
predictions which can only be justified by extreme subpop-
ulation weights. For example, predictions that the average
height of a man is 5 feet 9 inches, the average height of a
woman is 5 feet 4 and the average height of an adult is 5 feet
8.5 inches is a coherent set of predictions. However, these
means can only be justified if men make up 90% of the adult
population. The predictions are nearly incoherent.

To provide a more nuanced picture of incoherence, we de-
velop a continuous statistic that nests incoherence, while also
allowing us to measure trivial coherence and near-incoherence.
For each model, task, and marginal, we calculate the mini-
mum weight that could be placed on each subpopulation mean
to justify the parent population mean. We then take the max-
imum over these to find the most constrained subpopulation
weight. We call this the maximin weight.

When there are only two subpopulations, as in the example
above, the calculation of the maximin weight is straightfor-
ward. In the example, the only weights on the male and fe-
male subpopulations that justify the adult mean are 0.9 (men)
and 0.1 (women). Since the maximum of these is 0.9, that is
the maximin weight.

For an incoherent marginal, the maximin weight is greater
than 1. Suppose in the example above that the adult mean
was predicted to be 5 feet 10 inches. This is incoherent since
it exceeds the largest subpopulation mean (men). In this
case, the only weights that justify the mean are 1.2 (for men)
and —0.2 (for women). The maximum of these is 1.2. When

2There are n+1 locations the parent group could fall in the ordering of
these means. Two are incoherent. Thus, the probability of incoherence
for randomly generated means for a marginal with n subpopulations is
2/(n+1).

3In the case of the legalizing abortion question, GPT 5.4 produced
an answer of 2 for all personas except men 65 and older, for whom it
predicted a mean response of 2.08. GPT 5.4’s responses were uniformly
constant across all personas in the dictator game and beauty contest.

there are more than two subpopulations, the calculations are
slightly more complicated but can be reduced to a rather sim-
ple formula that we derive in Appendix Section A.2.

Model Rate Rate (5%)
DeepSeek

DeepSeek Flash 44% mm  40% mm
DeepSeek Flash High 52% mm  29% m
DeepSeek Flash Max 56% mmm  30%
DeepSeek Pro 54% mmm  48%
DeepSeek Pro High 3% mm 27% m
DeepSeek Pro Max 3% mm  22% m
Llama

Llama 3.1 8b 35% ma 35% ma
Llama 3.1 70b 32% m 32% m
Llama 3.3 70b 41% wm  41% wmm
OpenAl

GPT 3.5 43% mwm  37% mm
GPT 4o 40% mm  32% m
GPT 5.4 nano 54% mmm  37%
GPT 5.4 mini 59% mmm 37% mm
GPT 5.4* 21% m 17% ™

Table 1: Rates of statistical incoherence by model, as defined
in (3). Rate reports the percent of marginals that are inco-
herent, and Rate (5%) reports the rate at which we can reject
coherence at the 5% level for each task. Many of the GPT 5.4
marginals are trivially coherent because the model predicts
the same mean across all personas, deflating the reported in-
coherence relative to other models.

Figure 2 shows the CDFs of the maximin weights for our
data. Each column represents a model family. Grey lines cor-
respond to models within the family (the models are described
in Section 4.3), and the black line is the pooled CDF across
all models within the family. The first row corresponds to the
four games we ask the LLMs to play: the prisoner’s dilemma,
the beauty contest, the dictator game, and a risk aversion
elicitation. The second row corresponds to opinion polling
questions taken from Pew: AI change, legalization of abor-
tion, and Trump’s approval rating. Details on persona and
task prompts are in Appendix Section A.1.

In the case where subpopulations tie, the weights are am-
biguous, so we first limit to unique responses. This tie-
breaking convention generates a noticeable jump at 1 which
can be seen for many models in Figure 2, and which often
comes from a nearly degenerate distribution that reports con-
stants across all subpopulations. As discussed earlier, this is
especially common in GPT 5.4’s responses, which can be seen
in the particularly large spike at 1 in the CDF of one of the
OpenAlI models.

Models tend to be more coherent on polling-related ques-
tions, but we still see failures in more than a quarter of re-
sponses from DeepSeek and Llama models, and in half of Ope-
nATD’s responses. Otherwise, we do not observe systematic
differences in the distribution of maximin weights across or
within model families.



5.2 Subjectivity

Recall that our definition of subjectivity in (5) is that mod-
els learn systematically different population/subpopulation
means. In contrast, if models learn a common (but possi-
bly biased) model of human behavior which is latent in the
training data, then we should only observe noise around a
common persona mean, without systematic model effects.

With this logic in mind, we use the following procedure to
test the formal subjectivity criterion in (5) while taking into
account the sampling error of our model predictions.

For a given task, define E[Y] = p as the grand mean across
models and persona prompts, p; = IE[XAQ] as the mean across
models for a given persona prompt, i, = E[Y;,] as the mean
across persona prompts for a given model, and p; ,, = E[Ylm]
as the mean of each persona prompt / model combination.

We can write the difference in cell-specific means from the
grand mean in terms of its components:

piym — b= (s — ) + (pm — ) + (piym — i — fom + ) (7)
—— ——

prompt model residual

Note that under the null hypothesis, u;, = p; Vi, m and
pm—p = 0 Vm. Taking the variance of both sides and dividing
by Var(Y), we get

R}, =R} +R. + R}

resid

(®)

because the components are orthogonal by construction. This
allows us to read off two clean tests of the hypothesis: if
RiQ,m > R? or if R2, > 0 we can reject the sharp null of mean
equality in favor of subjectivity as defined in (5).

This procedure also tells us the degree to which a model
is subjective, or the degree to which predictions are driven
by the prompt or the model. R? is commonly interpreted as
the percentage of the variance explained by the conditional
means, which gives each term an effect size interpretation.
We report per-task results in Table 2.

Table 2 gives a firm answer: the model, and not the prompt,
drives most of the variation in average responses. In ev-
ery case, models explain more of the variation than prompts,
typically by enormous magnitudes. Across tasks, the model
explains at minimum around three times as much of the vari-
ation in responses than the persona prompt. Thus we can not
only conclude that LLMs are subjective in a statistical sense,
but also that the magnitude of subjectivity is substantial.

6 Conclusion

In this paper, we have documented a set of systematic failures
of LLMs to emulate populations. First, LLMs are incoherent,
generating data with impossible statistical relationships about
half of the time, a rate similar to purely random predictions.
Second, LLMs are subjective, generating data that cannot be

4We estimate this with a linear regression, weighting each model
equally within a task / persona cell and weighting tokens by their proba-
bility. This regression was run per-task with standard errors clustered at
the sample level, to account for the covariance in the sample-level logits.
Formal test statistics on the model restriction are large to the point they
are not useful (e.g. with F-statistics on the order of 10'3), and in cases
of “collapse” not estimable as the problem becomes singular.

understood as arising from a common representation of hu-
man behavior. Instead, the data is highly dependent on the
chosen model, and presumably on details like model architec-
ture, training pipeline, fine-tuning, alignment, and parame-
ters like thinking effort.

Task R} R+ R R},
Games:

Beauty Contest 0.00 0.72 0.74
Dictator 0.01 0.35 0.39
Prisoner’s Dilemma  0.01 0.61 0.68
Risk Aversion 0.05 0.44 0.51
Polling:

AT Change 0.08 0.42 0.49
Legalize Abortion 0.14 0.40 0.48
Trump Approval 0.10 0.38 0.48

Table 2: R? includes only persona averages, R? + R2, includes
persona and model average effects, and R%m includes crossed
averages.

Some may argue that the extent of incoherence and subjec-
tivity that we document is due to our failure to use a set of
prompts that let LLMs achieve their full potential. A differ-
ent set of prompts (Manning and Horton, 2026) or appropri-
ate fine-tuning (Xie et al., 2025) may lead to better results.
It could also be that our prompts were simply not compre-
hensive enough. For example, some American adults do not
identify as men or women. While this is possible, we believe
our results offer a meaningful critique of the argument that
LLMs are capable of emulating real human populations.

We emphasize that no real data would fail these tests. In
fact, coherence is weaker than the structure inherent in real
data. While our notion of coherence asks whether, for a spe-
cific marginal, there are weights that can justify the parent
population mean given the set of subpopulation means per
task, for a real dataset, the same weights would work across
all tasks.

In light of these results, we believe researchers should be
skeptical of using LLM output in place of human subjects.
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A Appendix

A.1 Prompts

In this section, we provide additional details on the prompts
used in our research. We have two sets of prompts: personas
and tasks. Personas are provided as system prompts, and
tasks are provided as user prompts.

A.1.1 Persona Prompt Wording

Baseline: You are an adult living in the United States.
18-29: You are an adult living in the United States. You are
between 18 and 29 years old.

30-49: You are an adult living in the United States. You are
between 30 and 49 years old.

50-64: You are an adult living in the United States. You are
between 50 and 64 years old.

654: You are an adult living in the United States. You are
65 years old or older.

Male: You are an adult living in the United States. You are
a man.

Female: You are an adult living in the United States. You
are a woman.

Male, 18-29: You are an adult living in the United States,
you are between 18 and 29 years old, and you are a man.
Male, 30-49: You are an adult living in the United States,
you are between 30 and 49 years old, and you are a man.
Male, 50-64: You are an adult living in the United States,



you are between 50 and 64 years old, and you are a man.
Male, 654: You are an adult living in the United States,
you are 65 years old or older, and you are a man.

Female, 18-29: You are an adult living in the United States,
you are between 18 and 29 years old, and you are a woman.
Female, 30-49: You are an adult living in the United States,
you are between 30 and 49 years old, and you are a woman.
Female, 50-64: You are an adult living in the United States,
you are between 50 and 64 years old, and you are a woman.
Female, 65+: You are an adult living in the United States,
you are 65 years old or older, and you are a woman.

A.1.2 Task Prompt Wording

Prisoner’s Dilemma: You are playing a game with a part-
ner. You choose whether to cooperate or not. If you both
choose to cooperate, you both receive $5. If you choose to
cooperate and your partner chooses not to, you receive $0
and your partner receives $10. If you choose not to cooperate
and your partner chooses to cooperate, you receive $10 and
your partner receives $0. If you both choose to not cooper-
ate, you both receive $2. Will you choose to cooperate or
not? Respond with just a number 0 or 1. Respond with 1 for
‘cooperate’ and 0 for ‘not cooperate’.

Beauty Contest (Guess 2/3 Average): You are playing
a game with a large group of people. Everyone must choose
a number between 0 and 10 (inclusive). The person whose
number is closest to 2/3 of the average of all numbers chosen
wins $10. What number do you choose? Respond with just a
number between 0 and 10 (inclusive).

Risk Aversion: You receive $10. You can keep as much of
this money as you want, or you can choose to invest some or
all of it into a risky option. The money you invest has a 50%
chance of being lost, and a 50% chance of being multiplied
by 2.5 and returned to you. You keep any money you do
not invest. How much of your $10 will you choose to invest?
Respond with just a number between 0 and 10 (inclusive).
Dictator Game: You are playing a game where you receive
$10. You must choose how much of this money to split with
a partner who has $0. How much will you keep for yourself?
Respond with just a number between 0 and 10 (inclusive).
AT Change: You are responding to an opinion survey. Do
you think that the impact of artificial intelligence (AI) on the
U.S. over the next 20 years will be... Please respond with one
of the following options: 1 = Very positive, 2 = Somewhat
positive, 3 = Equally positive and negative, 4 = Somewhat
negative, 5 = Very negative. Respond with just a number
between 1 and 5 (inclusive).

Abortion: You are responding to an opinion survey. Do you
think abortion should be... Please respond with one of the
following options: 1 = Legal in All Cases, 2 = Legal in Most
Cases, 3 = Illegal in Most Cases, 4 = Illegal in All Cases.
Respond with just a number between 1 and 4 (inclusive).
Trump Approval: You are responding to an opinion survey.
Do you approve or disapprove of the way Donald Trump is
handling his job as President? Please respond with one of the
following options: 1 = Strongly Approve, 2 = Somewhat Ap-
prove, 3 = Somewhat Disapprove, 4 = Strongly Disapprove.
Respond with just a number between 1 and 4 (inclusive).

A.2 Calculating Maximin Weights

In this section, we derive a closed-form expression to calculate
maximin weights.

Let Yp be the parent mean, and let Y; be the subpopulation
mean for subpopulation ¢ € {1,..., K}. Let W be the set of
weight vectors w = (wq,ws,...,wx) which sum to one and
justify the population mean:

K

K
Zwil_/i:f/p,Zwizl .
i=1

i=1

W=<w 9)

We do not restrict weights to be positive. When the data
is incoherent such that Y, is outside the convex hull of the
subpopulation means, negative weights are required to justify
the mean and solve the condition in (9). However, if there
are three or more subpopulations, the possibility of arbitrary
negative weights implies that, for any subpopulation, there
exists a weight vector where w; = 0.

For this reason, we restrict negative mass to be as small as
possible. For coherent means, this implies the weight vectors
considered in the calculation of the maximin weight are re-
stricted to actual distributions (non-negative weights). When
the means are incoherent, no distribution of the subpopula-
tions can justify the parent mean. Instead, what we consider
in the calculation of the maximin weight is the set of weight
vectors that justify the parent mean and are as close as pos-
sible (in terms of negative mass) to a true probability distri-
bution. The amount of negative mass acts as a continuous
measure of how far away the data is from coherence.

To formalize this, we construct the set S of weight vectors
in W that have the smallest negative weight. Let [ be the
smallest negative mass of all weight vectors in W. That is:

K

Z‘min{wi, 0}‘

i=1

{ = min

weW (10)

Using this, we can define S as,

K
S=(wlwe I/V,Z’min{wi,OH =1

i=1

(11)

We can now define the maximin weight. Let w; be the small-
est w; in the set S. This is the minimum weight needed on
subpopulation 7 in any set of weights that justify the parent
population’s mean:

w; = min{w;|w € S}. (12)
The subpopulation weight that is most constrained by the
data is then the maximum over these minimum weights for
each subpopulation:

(13)

max w;

Wmaximin = Wy.
ie{l,.., K}

When there are two identical subpopulation means, there al-
ways exist weight vectors where either of them is zero. This
is the case even if, in every weight vector in S, one of these
weights must be strictly positive. This only happens with
identical values, i.e. when a model “collapses” and reports a



constant response across subpopulations. This never happens
in real data: samples from two different subpopulations will
always have different means.

In order to make the statistic well defined, we take Y; to rep-
resent the unique subpopulation means, and interpret weights
in the context of distinct subpopulations.®

Furthermore, we assume without loss of generality that the
unique subpopulation means are ordered:

Yl < }72 <

W< YK—l < YK. (14)

When we have only two subpopulations, S is a singleton, so
the calculation of wmaximin is straightforward. However, we
show below that the following closed form expression is equiv-
alent to Wmaximin for any number of subpopulations.

Y - Y,
=2 ¥,<n
Vie — Y,
S
—_— Y <Y, <
Y27Y1 1> 1Ip 2
Wmaximin = 0 Y2SYp§ K-1 (15)
Y, —Yiko1 - _ _
———— Yx 1 <Y, <Y,
Y —Yi_1 K=t Pk
Y, - Y _ _
-1 v, > Yk
Y — Y

To see how this expression works, consider the case with four
unique subpopulation means. We start with the scenario that
Y, is between the middle two unique subpopulation means.
This is the third case in (15).

Vi Y5 Y3 Yy

In this case we can find weights where Yp is either a weighted
average of Y, and Y3, or a weighted average of Y7 and Y;.
While weights must sum to one, no single point is required to
have strictly positive weight and 8o Wmaximin = O-

Now suppose Y, is adjacent to one of the extremes. Here,
we take the case of Y3 < Yp < Yy, but the logic also applies
to Y7 < Yp < Y,. These correspond to the fourth and second
case of (15) respectively.

NaviEeY

Here, the only way to justify Yp is to put strictly positive

weight on Y;. There are many averages that do this, but the

one which requires the smallest weight on w4 is the unique

weighted average of Y3 and Y, equal to Y,. The unique weight

on subpopulation 4 in this case is given by the following for-
mula: v v
p— 13

Wy = }74 — Yg . (16)

Now consider the case where Y, is outside of all of these

points. We consider Y > Y, here but the logic also applies

to Y, < Y1. These are the first and fifth cases of (15) and are

the 1ncoherent possibilities.

5Note that this assumption is only used for calculating maximin
weights. For example, Table 1 reports incoherence without relying on
this unique value construction.

In this case, S is a singleton. The weight vector with the
1

smallest negative mass requires that Welght be placed

on Yy, the balancing negative weight goes to the furthest away
element of the set, Y7, and the other weights must be zero.
Now we prove that (15) is the minimax weight in S.

Proposition 1. Let S, Y; and Y, be defined as above. Then
the expression (15) is the mazimin weight.

Proof. We assume without loss of generality, as above, that
Y; are sorted by size with Y] the smallest. Suppose that there
exist two elements Y7 < Y3 < Yp and two elements such that
Y, < Yk_1 < Yi. This is the third case of (15).

Recall that in our construction we work with unique re-
sponses, so exact equality of two means is impossible. Then
the maximin weight is immediately zero, as there exist weights
such that w1 Y] + wgYx = Y and woYe + wx_1Yk_1 = Y

Next, consider the fourth case of (15) where Yx > Y, >
Y _1. This case is coherent, so all weight vectors in S have
zero negative mass. Because of this, all elements of S must
have positive weight on Yy, as any other construction requires
negative weights.

The weights w justify the parent mean if:

K-1
- E Yiwi:wKYK.
i=1

(17)

Thus, wg is minimized by making ZlK:Il Y,w; as close as
possible to 57}), putting all the weight on Yx_1. Since wg is
the only weight required to be positive, this is all we need
to consider. The case from below, case two from (15), is
analogous.

Finally, consider the case five from (15) where Y, > Yk.
S is a singleton since it requires minimizing the total nega-
tive mass. Because weights sum to one, this is equivalent to
minimizing total positive mass. Splitting our problem into
positive and negative mass,

Z w;Y; + Z w;Y;

i {ilw;>0} _{i|wz‘<0} (18)
<Yk Z w; + Y1 Z w;.
{i|lw; >0} {i|lw; <0}

Because weights sum to one, >, <oy Wi = 1=, 50} Wi-
Substituting and re-arranging, we have

Y Y1
Z w; > Y Y.’
{ilw; >0} L

(19)

which is minimized at equality. The case from below, case
one in (15), is exactly analogous. O



