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Abstract

Generative artificial intelligence (Al) is increasingly presented as a potential
substitute for humans, including as research subjects. However, there is no
scientific consensus on how closely these in silico clones can emulate survey
respondents. While some defend the use of these “synthetic users,” others
point toward social biases in the responses provided by large language mod-
els (LLMs). In this article, we demonstrate that these critics are right to be
wary of using generative Al to emulate respondents, but probably not for the
right reasons. Our results show (i) that to date, models cannot replace
research subjects for opinion or attitudinal research; (ii) that they display a
strong bias and a low variance on each topic; and (iii) that this bias randomly
varies from one topic to the next. We label this pattern “machine bias,” a
concept we define, and whose consequences for LLM-based research we fur-
ther explore.
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Introduction

The release of ChatGPT in November 2022 has thrust debates about genera-
tive artificial intelligence (AI) onto the public stage. Our collective imagin-
ation has been running wild ever since. Optimistic visions of streamlined,
accelerated work and life are met with fears of omnipotent artificial intelli-
gence and of mass disappearance of jobs. Social scientists have seized the
moment to discuss the implications of these technologies on various occupa-
tions (Brynjolfsson, Li, and Raymond 2023), including their own work
(Ziems et al. 2024). Generative Al holds a promise to change the way we
conduct social science research (Bail 2024). It could perform literature
reviews, annotate documents, improve computer programming, generate
research hypotheses, and even emulate human behavior in studies.

In the present study we focus on this latter aspect, and more specifically on
the capacity of large language models (LLMs) to simulate human populations
for opinion research. Surveys are an essential tool in social science research,
as well as in commercial marketing, political campaigning, forecasting, etc.
But high-quality surveys—robust questionnaire design, repeated measures,
representative samples—demand advanced skills, take time, and are costly.
They are also in crisis. Survey research response rates have been declining
for decades (to as low as 1 percent in the polls for the 2024 U.S. presidential
election) (Williams and Brick 2018), which to some extent stems from the
decline of landline phones and associated problems of drawing random
samples (Dutwin and Buskirk 2021), and issues of motivating participants
to fill in questionnaires online (Daikeler, Bos$njak, and Lozar Manfreda
2019). Massive cohort study endeavors such as the U.S. National
Children’s Study and the U.K. Life Study had to be canceled in the last
decade due to lack of volunteer participants (Pearson 2015). These low
response rates hinder their representativity, especially for hard-to-reach
parts of the population.

Academics have started to explore the potential of generative Al, more
specifically LLMs, to generate human-like responses. The argument is the
following: because they are trained on massive volumes of human-produced
data, LLMs could, if prompted properly and when provided with the right
context, replicate the answers actual humans would give. They would also
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do so for a fraction of the time and cost associated with standard surveys.
Although most have remained cautious in their conclusions and admitted
that there is uncertainty as to LLMs’ abilities, hopes were high and pointed
to a possible replacement of human subjects.”

Some commercial actors were not so prudent and immediately followed
suit by offering solutions to complement or replace human samples.” It is
therefore important to verify these claims: should LLMs manage to imitate
humans, if only in part, the consequences for research and marketing alike
would be immense. We label the idea that LLMs can accurately simulate
human populations as the “representative hypothesis.”

Despite, or maybe because of this bold promise, many scholars started
questioning the direct use of LLMs as research subjects (Dominguez-Olmedo,
Hardt, and Mendler-Diinner 2024; Santurkar et al. 2023; Wang, Morgenstern,
and Dickerson 2024). Their findings pointed to a mismatch between results gen-
erated by a machine and responses provided by humans. Several studies blamed
the ingrained social bias of LLMs. Trained on data that are disproportionately
produced by geographically and socially situated populations, LLMs tend, they
argued, to propagate the point of view of these social groups. This line of rea-
soning echoes a now classic finding about the algorithmic discrimination of
minority groups (O’Neil 2016). Just like widely used predictive tools based
on statistical learning (Buolamwini and Gebru 2018), LLMs could harbor
massive social biases (Bender et al. 2021). Together, these elements cast a
shadow over LLMs’ ability to effectively mimic diverse human populations
in survey simulations. While they might represent some groups properly,
they may be failing others. We label this view the “social bias hypothesis.”*

In this article, we propose a third alternative. Based on a targeted experi-
ment, our results show that LLMs do not accurately represent subpopulations,
and thus cannot generally serve as in silico research subjects for survey
research. At least, current models cannot do so in the classical “zero-shot”
setting advocated by some.’ The reason, however, is not primarily social
bias. Our experiment shows that current LLMs not only fail at accurately pre-
dicting human responses, but that they do so in ways that are unpredictable, as
they favor different social groups from one question to another. Moreover,
their answers exhibit a substantially lower variance between subpopulations
than what is found in real-world human data. We call this theory the
“machine bias” hypothesis, according to which LLM errors do not stem pri-
marily from imbalanced training data.

The article proceeds as follows. We first review the existing empirical
work that uses LLMs to replicate human subjects, both in the human and
social sciences and in computer science. We especially show that some
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empirical elements in favor of the machine bias hypothesis have been found in
previous studies, but that they were not fully theorized. Second, we describe the
experiment we designed to adjudicate between the three hypotheses, based on a
“silicon sampling” task, asking several survey questions to a language model.
Third, we report our results. We provide evidence against the representative
and social bias hypotheses. We then demonstrate that LLMs have a narrow
set of possible answer distributions, centered around an arbitrary tendency
that varies across models and questions, and that is not consistently correlated
with specific social groups. These results are robust to model choice (GPT,
Llama, Mixtral), data-generation strategies, prompting strategies, measurement
strategies, countries, and periods. We finally discuss the methodological and
theoretical implications of our findings.

Literature Review

Can LLMs Imitate (at Least Some) Humans?

Over the past two years, studies into the potential use of GPT and other LLMs
for scientific purposes have multiplied. In the social sciences, one heated
debate has focused on their ability to mimic human subjects. The promise
is alluring. If properly prompted, generative LLMs could help survey
hard-to-reach populations, run pilot surveys prior to large-scale release,
reduce the cost of experiments, or help impute missing data. Across disci-
plines, researchers have demonstrated the value of such an approach, often
in stimulating ways. In psychology, Dillion et al. (2023) presented
ChatGPT with moral scenarios and asked to rate them on a scale from
“very immoral” to “very moral.” The comparison of its responses to those
of human interviewees in four surveys yielded a very high correlation coeffi-
cient. In economics, Horton (2023) put GPT 3 to the test in four rationality
experiments and came to the conclusion that “homo silicus” bears strong
similarities to “homo ceconomicus.” In a cross-disciplinary comparison,
Aher, Arriaga, and Kalai (2023) subjected GPT to a series of experiments
drawn from linguistics, behavioral economics, and social psychology to con-
clude, once more, that generative Al is capable of emulating human behavior
(see also Ashokkumar et al. 2024 who replicated 70 survey experiments).
This is also the conclusion reached by Kozlowski, Kwon, and Evans
(2024), who write that LLMs could create “digital doubles,” opening up a
path for an “in silico sociology.” This list is by no means exhaustive.

One study in particular has captured the imagination of social scientists.
Argyle et al. (2023) prompted GPT to predict political opinions and voting
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behavior of various American sociodemographic groups. The results show a
strong correlation between the predictions of the models and observed data.
Based on this experiment, the authors proposed that generative LLMs can
mimic the behavior of specific social groups. They called this capacity of
LLMs “algorithmic fidelity,” and the simulated data “silicon samples”:
“Our studies show that the same language model, when properly conditioned,
is able to produce outputs biased both toward and against specific groups
and perspectives in ways that strongly correspond with human response pat-
terns along fine-grained demographic axes” (Argyle et al. 2023: 338).

Many objected. In an article directly conversing with Argyle et al. (2023),
Bisbee et al. (2024) demonstrated the existence of an important divergence
between LLMs’ and human responses when asked to express their feelings
toward certain groups. They also show that the quality of feeling thermometer
prediction drops when certain variables (such as party identification and pol-
itical ideology) are not provided to the model. In one large-scale experiment,
computer scientists found that a mismatch between the answers of various
LLMs and U.S. respondents was the rule more than the exception, and
tended to favor “lower income, moderate, and Protestant or Roman Catholic
groups” (Santurkar et al. 2023). Similarly, Heyde, Haensch, and Wenz
(2023) concluded from their study of LLM’s answers to political questions
in Germany that the model they tested leaned toward the views of certain
parties.

These results are in line with a number of articles that have shown, outside
of silicon sampling tasks, that LLMs have significant biases. By this, their
authors mean that the responses of the models are skewed toward a certain
country, one or a few social groups, or a given political ideology. In a large
comparative study, Atari et al. (2023) found a near-perfect correlation
between a WEIRDness scale for each country and the distance between the
LLM prediction and the actual human response. Probing ChatGPT, Motoki,
Pinho Neto, and Rodrigues (2024) found evidence of a political bias favoring
liberal views (see also Hartmann, Schwenzow, and Witte 2023; Rozado 2024;
Rutinowski et al. 2024). Others confirmed this insight (Cao et al. 2023), while
Johnson et al. (2022) wittily noted that GPT-3 “has an American accent.” The
conclusions, and especially the methods used to determine the alignment of
the model to a given population, vary, but all articles converge on one
aspect: the models favor certain groups.

This second line of argumentation has received a lot of support. This is, in
part, a question of numbers. In this area, articles showing negative results are
more prevalent than research with conclusive evidence. This is also due to the
fact that it echoes an abundant literature on algorithmic discrimination. Over
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the past decade, many researchers in computer science have forcefully argued
that Al systems favored certain social groups. In an oft-cited article, Emily
Bender and her coauthors alerted computer scientists on the role of the data
used to train the models. They especially pointed to the risks of LLMs sup-
pressing diversity because of the relative absence of minority views in the
texts provided to train the LLMs (Bender et al. 2021: 613). A comprehensive
investigation assessing the prevalence of a variety of stereotypes revealed the
ubiquitous presence of gender bias in language models (Nangia et al. 2020), a
trait once again attributed to the training data. In fact, when commenting on
the nonrepresentative outputs of the LLMs on various survey responses or
experimental tasks, scholars often blame their faulty response on the lack
of diversity, or on the disproportionate presence of the views of hegemonic
groups, in the data ingested by the models.

In this rapidly expanding literature, we aim to contribute to the debates on
the ability of LLMs to replace human subjects, in two ways. First, given the
centrality of the discussion about algorithmic biases, we suggest a systematic
approach that helps to determine their presence in the responses of LLMs
when prompted to imitate the views of diverse groups, and propose an oper-
ationalization of the notion of social bias. Second, our article offers a new take
in the debate between representativity versus bias of LLMs. We build on an
emerging literature showing that LLMs are either brittle (Barrie, Palaiologou,
and Tornberg 2024; Berglund et al. 2024; Plaza-del-Arco, Nozza, and Hovy
2024; X. Wang et al. 2024), not appropriate for closed-form answering
(Rottger et al. 2024), or that they do not necessarily exhibit a consistent
social bias. Other articles also exhibit results in the models that cannot be
linked to any subsample of the population, although they do so mostly inci-
dentally. We expand on this argument, which we test in a rigorous way. We
call this third approach the machine bias hypothesis, a concept we develop
and clarify in the following section along with other important concepts.

Defining and Measuring Bias

Bias can be understood as “prejudice or favoritism toward an individual or
group based on their inherent or acquired characteristics” (Mehrabi et al.
2021). As such, it is certainly one of the most important objects of contem-
porary sociological investigation. Algorithmic bias, the bias produced by
algorithms that make use of social data, has also been extensively analyzed.
To cite only a few studies, Shankar et al. (2017) showed that two main image
datasets used to train computer vision models lacked geographical diversity.
Most of the pictures they rely on originate from the United States, and a vast
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majority from North America and European countries. In a now classic article
about facial recognition, Buolamwini and Gebru (2018) demonstrated that
two commonly used facial detection algorithms disproportionately feature
photographs of light-skinned men. As a result, these algorithms perform
best on pictures of white men and systematically misrecognize women and
men of color. Similar biases with respect to gender, race or education have
also been documented for recommendation systems (Schnabel et al. 2016),
in medical care (Chen, Szolovits, and Ghassemi 2019), or when using
word embeddings (Bolukbasi et al. 2016).

A recent survey focused on LLMs proposed a taxonomy specific to these
models (Gallegos et al. 2024). It lists more than half a dozen possible ways to
discriminate against someone using language, ranging from erasure (omission
of the idiolect of a group) to stereotyping (false, immutable association of a
group to a property) to differential recognition of forms of speech. The con-
sequences can be important, as they affect hiring practices, access to markets
(such as credit, housing) or to services, and other aspects of life. In our case,
the effects seem less dire. After all, if the model displays biases, the main con-
sequence should (hopefully) be that LLMs won’t be used in lieu of human
research subjects. This outcome is nevertheless not certain, so it is well
worth investigating these possible biases.

But what do we call bias in the context of assessing LLMs’ answers to
surveys? We build on these studies to adopt a restrictive but tractable defin-
ition. The term bias should not only point to a numerical deviation as in math-
ematical statistics, but also convey the idea of an affinity with a specific
sociodemographic group, that is, signal that the LLM’s answers are better
aligned with those of a certain subpopulation (e.g., American highly educated
males).

Indeed, for any single question, even if the simulated data is produced ran-
domly, one subpopulation will almost certainly be better represented than the
others. If the favored group varies from one question to another, we would
conclude to the existence of biases in the sense of bad predictions, but not
to the presence of a social bias. To determine the existence of a social
bias, we need to find consistent deviations in favor of the same subpopulation,
one that is repeated across questions.

This specification of bias calls in turn for a disambiguation of the term
variance. Alvero et al. (2024) found a low variance in LLM-generated
essays, in the sense of a lower diversity of writing styles than what is
found in human texts (see also A. Wang et al. 2024). In the case of numerical
answers to questionnaires, Bisbee et al. (2024) report low variance in the
sense that LLMs have a more limited answer range than humans within
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each subpopulation. For categorical answers, a similar definition could be
related to low entropy, where the answers of each subpopulation would be
mostly concentrated on a single answer level.®

In this article, we use yet another measure of variance: in line with our
understanding of bias as an affinity towards specific subpopulations, we
measure the capability of LLMs to adapt to different sociodemographic
prompts. In order to avoid confusion, we refer to this form of variance as
adaptability. Low adaptability designates a situation where the LLM
always outputs more or less the same answer distribution for a given question,
irrespective of the sociodemographic group it was asked to emulate.
Conversely, a model displays high adaptability if it outputs different
answer distributions for different sociodemographic groups.’

These definitions can be readily related to the different hypotheses evalu-
ated in this article, which we summarize in Table 1.

o The representative hypothesis requires low bias and high adaptability
for the LLM to accurately represent the true answers of all social
groups.

e The social bias hypothesis requires only a consistent bias toward the
answers of a certain sociodemographic, and is independent from the
adaptability to sociodemographic controls.

e The machine bias hypothesis implies both an absence of systematic bias
toward a certain population and a low adaptability.

Data and Methods

To test the ability of LLMs to replicate the views of human beings, we use the
“silicon sampling” task implemented by several researchers (Argyle et al.

Table |. Relationship Between Hypotheses and Our Definitions of Bias and
Adaptability.

Bias Adaptability
Representative Low High
Social bias Socially consistent (Unrelated)
Machine bias Socially random Low

Note: LLM = large language models.

Reading example: Machine bias is defined by socially random biases (the LLM favors different
subpopulations across questions) and low adaptability (LLM answers show limited variations
across subpopulations).
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2023; Santurkar et al. 2023). The task uses sociodemographic information to
condition an LLLM to “think” as a person with a given profile, then asks the
model a survey question. Insofar as LLMs are tools aimed at predicting the
next word of a text, the task takes the model’s prediction to be the answer
of the given social profile to the survey question. We then compare this
silicon answer to a ground truth—the answers given to the same question
by human survey respondents.

Human Data: The World Values Survey

We use the World Values Survey (WVS; Inglehart et al. 2022) as the ground
truth. The WVS is a long-running series of nationally representative, cross-
sectional surveys that have long been the backbone of cross-national research
in the sociology of values, attitudes, and representations. Its design facilitates
international comparisons as well as analysis of social change over time. The
WYVS provides more diversity of topics of inquiry, geographical and cultural
variation, and historical depth than the surveys usually used to test silicon
sampling. The latter tend to have a topical focus (often politics), a cultural
focus (the United States), and a historical focus (the 2010s).

We restricted the WVS data set to three periods, five countries, and four ques-
tions, in order to maximize diversity while avoiding unnecessary experiments
and energy consumption. Given that LLMs are partly trained on internet data,
we wanted to test whether they would be able to predict contemporary opinions
and attitudes more accurately than those of the past decades, from which less
content is present on the web. Therefore, we use three WVS waves separated
in time by about a decade, that correspond to different moments of internet
history: Wave 3 (1995-1997; prebroadband internet), Wave 5 (2005-2006;
early Web 2.0) and Wave 7 (2017-2018; the contemporary internet, the latest
available data before COVID-19). The countries are Australia, Germany,
Mexico, Russia, and the United States. The United States is the de facto bench-
mark in the literature. We chose the other countries to have a diverse range of
languages and levels of cultural proximity to the United States.®

Finally, we use four survey items: political ideology, social trust, religious
attendance, and happiness. Politics is the de facto benchmark, as it has been
the object of most of the initial attention in the literature. In this study, we
measure it with the question “In political matters, people talk of ‘the left’
and ‘the right.” How would you place your views on a scale of 0 to 9,
where 0 is left and 9 is right, generally speaking?”® The scale ranges from
1 (“left”) to 10 (“right”). The other items were chosen because they are avail-
able in all waves, cover core areas of sociological inquiry and include
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opinions as well as attitudes. Social trust (e.g., Schilke, Reimann, and Cook
2021) is measured with the question “Generally speaking, would you say
that most people can be trusted or that you need to be very careful in
dealing with people?,” with response options being “Most people can be
trusted” (A) and “Need to be very careful” (B). Religious attendance (e.g.,
Voas and Chaves 2016) is measured with the question “Apart from weddings
and funerals, about how often do you attend religious services these days?,”
with response options ranging from “More than once a week” (A) to
“Never, practically never” (G). Happiness (e.g., Glass, Simon, and
Andersson 2016) is measured with the question “Taking all things together,
how happy are you?” and response options ranging from “Very happy” (A)
to “Not at all happy” (D).

To steer LLMs toward social profiles, we select a set of stratifying vari-
ables. Two of them specify the general context (survey year and country),
and five specify the individual context (sex, age, educational level, marital
status, employment status). Again, this choice is driven by availability and
use in the sociological literature. Despite its prominence in the U.S.
context, we did not include ethnicity as it is not consistently available in
the rest of the world.

The stratifying variables are coded as follows: sex (male and female), age
in years (subsequently binned into age groups for the data analysis: 15-24,
25-34, 35-44, 45-54, 55-64, and 65+ years), education (distinguishing
between low, medium, and high), employment status (working, retired, home-
maker, student, unemployed), and marital status (married, cohabiting, divorced
or separated, widowed, and single/never married).

Generated Data: Surveying an LLM

Producing LLM-generated answers for comparison against human survey
data involves several technical steps: choosing an LLM, constructing a suit-
able prompt to interrogate it, choosing a generation strategy, using the LLM
outputs to compute answer distributions for sociodemographic groups, and
choosing a suitable distance measure between generated and ground-truth
answers.

To formulate our prompts, we use the “interview-style” prompting strategy
proposed in the second study of (Argyle et al. 2023).'° The control variables
are given to the model in a question—answer format that imitates an interview
situation: an interviewer asks questions and provides the available answers,
and an interviewee chooses one of the answers (except for the year and age
questions, where they answer by a number). The sociodemographic controls
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are provided in the prompt, and the LLM is asked to fill in the interviewee’s
answer to the last question. This prompting format serves two purposes. First,
it provides the model with the sociodemographic information of each persona
it is supposed to simulate. Second, it conditions the LLM to select one of the
expected answers suggested by the interviewer. On our data, we find this
strategy able to make LLMs generate not only properly formatted answers,
but also probability distributions that are both credible at first glance and
varying over sociodemographic profiles.
Here is an abridged example prompt'":

Question: What year is it?
Answer: 1995

Question: What country are we in? Is it “A. Australia” or “B. Germany” or “C.
Mexico” or “D. Russia” or “E. United States™?

answer: A. Australia

Question: How old are you?

Question: Taking all things together, how happy are you? Are you “A. Very
happy” or “B. Quite happy” or “C. Not very happy” or “D. Not at all happy”?

answer: (Response by the model).

We report results for an answer-generation method called next-token
probability (NTP), on three LLMs considered state of the art in their
respective classes at the time of our experiments: Llama-3-70B S5bit-
quantized (Llama), Mixtral-8 X 7B-0.1 4bit-quantized (Mixtral), and
GPT-4-turbo (GPT, undisclosed number of parameters).12 Results for
older, smaller or unquantized models, as well as with a full answer gener-
ation technique all lead to the same conclusions (see Supplemental
Materials section D).

The NTP method consists in observing the first token, that is, word or
part of word, generated by each prompt. It leverages the fact that when
prompted, an LLM deterministically outputs a probability distribution
over the thousands of tokens in its vocabulary, indicating the most likely
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candidates for the next token in its text-prediction task. While the common
use of LLMs as text generators involves many successive iterations of this
probability estimation, building sentences through repeated token predic-
tion, a single iteration can be enough in the case of survey answers, as
each available answer can fit into a single token (typically a single digit
or uppercase letter, e.g., choice “A” or “B” or “C”). This is the approach
followed in NTP: for each unique interview prompt, we obtain a probabil-
ity distribution over the valid answers by normalizing the probabilities
associated to the valid tokens to 1.'> As NTP is deterministic, only
unique prompts are presented to the model, and are subsequently
reweighted to match the WVS sample.'* Our choice of questions, country-
year waves and controls results in a total of approximately 56,000 prompts
per model.

Measuring the Quality of Generated Data

The goal of our experiment is to evaluate the ability of LLMs to accurately
predict the answers to survey questions, where success means that the responses
of the language model match the observed answers of WVS human respondents,
based on their sociodemographic properties. The precise quality of this predic-
tion can only be evaluated by reasoning over groups of observations, as a
one-to-one observation comparison would be highly affected by the randomness
inherent to surveys."” In order to preserve the multivariate nature of social pro-
files, we group the observations into subpopulations based on the combination
of their sociodemographic properties, using a greedy algorithm.'® This yields a
total of 687 subpopulations, with an average size of 39 WVS respondents (range
of N: 20-115)."7

For each subpopulation, we compute an LLM answer distribution and its
ground-truth counterpart obtained from the survey data. To measure the dis-
tance between these two probability distributions, we use the Earth-Mover’s
Distance (EMD), also known as 1 — Wasserstein Distance. This is the stand-
ard statistical approach when it comes to comparing distributions of ordinal
data.'® Consider two samples of equal size, giving distributions P and Q
over the same n available answer levels. We set a uniform cost to moving
one observation from one level to the previous or next level. EMD is
defined as the total cost of the less costly solution that transforms P into Q
by moving observations along the levels. It is then divided by the theoretical
maximum (n — 1), so that the resulting normalized measure ranges between 0
and 1. To compute EMD and its normalization nEMD, we consider the
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probability values P; and Q; for n discrete levels i, and use the following
formula:

dp=0
dipy =Pi+di— O

EMD(P, Q) = ) _ |d;|
i=0

nEMD(P, Q) = %EMD(P 0)

The normalized Earth-Mover’s Distance ranges from O to 1, where O is
perfect agreement, and 1 is complete disagreement. A distance of 1 on polit-
ical ideology, for instance, would correspond to the situation where everyone
in a given subpopulation is far left but the LLM predicts everyone to be far
right."® A normalized Earth-Mover’s Distance of .1 on a political ideology
scale with an odd number of possible answers means that 10 percent of obser-
vations need to be moved from far left to far right for the two distributions to
become identical (or, similarly, 10 percent from center to far left and 10
percent from center to far right). Figure 1 displays an illustration on a four-
level Likert scale.

Very good Good
Ground truth (nEM3= 0.025) (NEMD = 0.075)
05
0.4+
034
024
N . -
Mediocre Bad
(NEMD = 0.125) (NEMD = 0.225) (nEMD o 345)
054
0.4+
034
024
1 . . .
di] [
& Q
\*@9 \?}@Q d,\aq R c\ \?:;@Q \*@Q \\0
@ S & 3> «© N £ &°
: o & g le & e@ .
¥ 2 < < b @ N < v
<] Q- ¥} Q-

Figure 1. Examples of normalized Earth-Mover’s Distances between the ground
truth and other answer distributions, illustrating the different quality categories.
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The distance metric cannot be interpreted in a linear fashion, as there is
greater variation in bad prediction scores than in good ones. We therefore
suggest the following arbitrary labels for distance thresholds: very good (<
.05), good (< .1), mediocre (< .15), bad (< .3), very bad (> .3). In Figure 1,
we clearly see that even relatively low values such as .075 already signal a
significant gap between the two distributions. We deliberately chose gen-
erous thresholds to ensure a conservative test of our hypotheses. In other
words, LLMs could have passed our test even with underwhelming
predictions.

Finally, we set up two baselines for comparison with LLM perfor-
mances. The first is a “random” baseline, which we obtain by performing
random permutations of the individual answers in the ground-truth
survey data.”® This procedure yields a perfect global average prediction,
but eliminates any link that may exist between sociodemographic proper-
ties and outcome answers. The second baseline is a linear regression
model that, in standard social scientific fashion, predicts answers from
sociodemographic variables based on the survey data. We use a multi-
nomial logit to regress WVS answer distributions on the sociodemographic
variables of the 687 subpopulations, and report cross-validated results for
fair comparison.?!

These baseline models serve several purposes. While they could be said
to hold an unfair advantage, being based on the actual survey data, they do
provide legitimate comparison points for evaluating the central promise of
LLMs as substitutes for human subjects, which is precisely to remove the
need for human data. The random baseline acts as a strict lower bound on
quality: while absolute nEMD values are hard to interpret, any predictive
model that performs worse than random permutations should be regarded
as a poor representation of the social phenomena at hand. The linear
model gives a more attainable lower bound: with around 100 parameters
instead of the billions that make up LLMs, it is the first approximation
that a social scientist would use to evaluate the link between sociodemo-
graphics and outcomes such as happiness or religious practice. It is a
lower bound because more intricate models, involving interactions or non-
linear transformations, would likely yield better predictions. Additionally,
the linear baseline provides an indication of how well the outcome vari-
ables are correlated with the given sociodemographic predictors, even in
the presence of omitted variables. Good predictions of a simple data-based
model would indicate that the task is feasible, that is, that the regularities in
the variables at hand are sufficiently strong for it to be reasonable to ask
LLMs to emulate them.
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Table 2. nEMD of Average LLM Predictions with Respect to Average WVS Answer
Distributions, by Model and Question.

Happiness Politics Religion Trust
GPT-4T 0.143 0.152 0.234 0.332
Llama 0.022 0.041 0.031 0.183
Mixtral 0.031 0.027 0.184 0.101

Note: nEMD = normalized Earth-Mover’s Distances; LLM = large language models; WVS = World
Values Survey.

Reading example: The overall average prediction of GPT4-turbo on the Happiness question has an
nEMD distance of 0.143 to the overall average of ground-truth answer distributions.

Results

LLMs’ Predictions Are Far from the Ground Truth

Can LLMs generate answers close to what a diverse sample of actual humans
would? We first evaluate the accuracy of LLMs with descriptive statistics on
the distance between their predictions and the ground truth. To measure this
distance we use the normalized EMD (nEMD).

In some cases, the average responses of LLMs come quite close to the
average answer distributions observed in the WVS data. Table 2 shows
that the nEMD of average Mixtral and Llama responses fall in the “very
good” range for the Happiness and Politics question, with distances lower
than .05. GPT, on the other hand, yields average predictions that are much
more distant from average WVS answers, with nEMD ranging from .143
to .332.

Comparing answer distributions at the fine-grained subpopulation
level gives a more detailed picture. Considering all 687 subpopulations
and four outcome variables together, the distance between the predic-
tions of the three LLMs and the survey responses is usually high.
Figure 2 displays the density of the nEMD, and Table 3 summarizes
their distribution over quality classes. Only a small part of LLM predic-
tions fall in the “very good” range (a distance lower than .05), and a
large proportion of subpopulations fall in the “bad” to “very bad”
range (.15 and more).

We also notice variation across models (Figure 2 and Table 3). On all
questions, GPT-4 is the worst-performing, with 90 percent of predictions
at best mediocre (nEMD > .1). Llama fares better with 52.3 percent; and
Mixtral, the best model in our experiment, still gets half of its
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Figure 2. The overall quality of LLM predictions is low when compared to actual

survey responses, and LLMs are worse predictors than a linear model. Panel A shows
the density of the nEMD across subpopulations when all questions are pooled together
and densities are stratified by method: most LLM predictions are “mediocre” or worse,
irrespective of the LLM used. Panel B shows the same density, stratified by LLM and
question. Panel C shows the same density, now stratified by LLM and country.
Note: nEMD = normalized Earth-Mover’s Distances; LLM = large language models.
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Table 3. Quality of LLM Predictions, Compared to the Linear Baseline and Random
Permutations, Over all Subpopulations and Outcome Variables (in percent).

Very good Good Mediocre  Bad Very bad  Total
nEMD (0-.05) (.05-.10) (.10-.15) (.15-30) (.:30-1)
Baseline
Linear (CV) 394 40.2 14.1 6.1 0.2 100.0
Random 13.7 31.8 233 26.2 5.1 100.0
LM
Mixtral 16.1 337 18.3 21.7 10.2 100.0
Llama 14.9 32.8 21.5 24.6 6.2 100.0
GPT-4T 1.1 8.9 22.3 455 22.3 100.0

Note: nEMD = normalized Earth-Mover’s Distances; LLM = large language model; CV: cross-
validated.

Reading example: Mixtral-8 X 7B achieves “very good” quality (nEMD lower than 0.05) on 6.1
percent of the subpopulations, compared to |3.7 percent for random permutations of the ground
truth, and 39.4 percent for a cross-validated linear model.

predictions in the mediocre range or worse (50.2 percent). Notably, all
LLMs fare significantly worse than the linear model (79.6 percent
good or very good), and the best models perform only marginally
better than random permutations of the ground-truth individual
answers (45.5 percent good or very good), while the worst model,
GPT, does not even reach the low standard of this random baseline.??
This result challenges the representative hypothesis championed by
part of the literature: at least for our questions, we find that these
LLMs are untrustworthy with regard to predicting people’s survey
responses.

Are these results driven by some topics that are more difficult to predict
than others? The overall picture of poor prediction holds when disaggregat-
ing the subpopulations along the four questions, as shown in Panel B of
Figure 2. Political ideology does appear to have better predictions than
trust and religious attendance, and so does happiness. However, even
these questions have more than half of subpopulations in the “mediocre”
category, or worse.

The pattern of poor prediction quality also holds when we group the sub-
populations along the five country samples, as shown in Panel C of Figure 2.
Few country differences arise and, contrary to our initial expectations based
on the social bias literature, predictions are not always better for the United
States.
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LLMs Have No Systematic Social Bias

We then turn to the social bias hypothesis, and explore whether the error in
prediction can be attributed to the LLMs being more representative of
some social groups than others. To do so, we use a linear model that we
call the Social model, regressing the LLM’s prediction error (measured by
nEMD distance) on the sociodemographic control variables.

(Social model) d; = a + X S; + u;
d; = log(1 +nEMD(WVS;, LLM,))
S; is the vector of socio-demographic controls
WVS;, LLM, are answer distributions

Two predictions follow from the social bias hypothesis:

1. Sociodemographic characteristics are good predictors of the distance
between LLM answers and the ground truth. This can be tested with
goodness-of-fit indicators of the social model. The social bias hypoth-
esis should lead to high R? values with this model.?®

2. Sociodemographic characteristics are consistent predictors. This can be
tested by comparing the signs of coefficients across questions. The
social bias hypothesis should lead to significant coefficients of the
same sign across all four questions for at least some predictors.

We fit one model for each LLM—question pair. We first consider the
goodness-of-fit. Table 5 displays indicators for the three main LLMs. In a
few models, the error in prediction is well predicted by sociodemographic
variables. This is for instance the case of religious attendance by Mixtral
(R ~ .74), or trust and politics by GPT (R? ~ .57). On the eight other
models we evaluated, the R? is quite low, with a median of .36. We conclude
from these indicators that sociodemographics have a weak to moderate cor-
relation with the LLMs’ prediction error, and that social bias fails to
predict the major part of this error.

We then look at coefficient stability across questions. Figure 3 displays the
coefficients of all 24 dummy social predictors in the Social model, for
Mixtral, for the four questions. It clearly shows that the association
between sociodemographic variables and the distance to the ground truth is
not consistent across questions. For the Mixtral model, the only predictor
showing consistent and significantly non-null values is ‘“Mexico,” with a
positive sign indicating a worse performance for Mexican data compared to
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Figure 3. LLM performance exhibits hardly any bias for specific social groups. Social
model for Mixtral-8 X 7B, estimated coefficients and 95 percent confidence intervals.
Reference: 2010s, United States, age 35—44, high education, working, married male.
Reading: a coefficient is significant at the 5 percent threshold if its confidence interval
doesn’t include the O vertical.

Note: LLM = large language models.

the U.S. data. “Female” also has positive effects across questions—the lan-
guage model predicts women’s opinions less accurately than men’s opi-
nions—but one of them is not significant at the 5 percent level. The effects
of other predictors are either not significant or do not have a consistent
sign, even with only four questions. These results hold for all LLMs we
tested, as shown in the Supplemental Figures S5 and S6.

In other words, we do not find any evidence of consistent bias in
support of the social bias hypothesis. One practical implication is that
we are unable to predict how answers to a new question might be
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Figure 4. The space of answer distributions generated by LLMs (dark data points) is
much narrower than the survey answers of human respondents (light data points).
Multidimensional scaling on the pairwise normalized Earth-Movers’ Distances.

Note: LLM = large language models.

biased, that is, whether married or single, high or low education, young or
old people would be more accurately described if we generated LLM
answers to a new question.

LLMs Have Low Adaptability

We then investigate the extent to which LLM answer patterns change
with sociodemographic prompts, i.e., the social adaptability of each
LLM. We first visualize the dispersion of WVS and LLM answer distri-
butions with multidimensional scaling (MDS). MDS is a visualization
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Table 4. Median Pairwise nEMD of Subpopulation Answer Distributions.

Happiness Politics Religion Trust
WVS 0.115 0.108 0.174 0.156
GPT-4T 0.006 0.021 0.131 0.000
Llama-3-70B 0.052 0.026 0.069 0.043
Mixtral-8 x 7B 0.033 0.019 0.032 0.063

Note: nEMD = normalized Earth-Mover’s Distances; LLM = large language models; WVS = World
Values Survey.

Reading example: the median nEMD between all pairs of subpopulations of WVS on Happiness is
0.115, while only 0.006 for GPT, indicating a lower dispersion of answer distributions generated
by the LLM.

technique used for scaling observations defined by a distance matrix. For
each question, we compute a single MDS on the pairwise nEMD dis-
tances on all subpopulations (pooled LLMs and ground truth).

In Figure 4, the x- and y-axes represent the coordinates of the MDS, and
each point represents the answer pattern of a subpopulation, either WVS or
LLM. In this space, the closer two points are, the lower their distance is, as
measured by nEMD. The color distinguishes between “ground truth” WVS
(light) and LLMs (darker shades). The visualization indicates that LLM
answer patterns are much more concentrated than human ones: they
occupy a limited subspace of answer space, especially compared to the
high dispersion of human data.?* This result of low LLM adaptability to
sociodemographic prompts is consistently found across questions, models
and generation strategies (see Supplemental Materials section C.2).

Table 4 offers further evidence of low LLM adaptability. It displays a dis-
persion measure of answer distributions over subpopulations, median pairwise
nEMD. The lower values observed for LLMs indicate that their answer patterns
are more concentrated than WVS ones, that is, less diverse across sociodemo-
graphic controls.

LLM Errors Are Driven by Machine Bias

We have established that language models predict answers that are far
from the ground truth, that their responses are not consistently driven
toward any given social group, and that their answer patterns do not
vary much over sociodemographics. We propose to call this phenom-
enon “machine bias”: each LLM gives an idiosyncratic answer pattern
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to each question, limited to a narrow portion of the human answer space
and socially inconsistent across questions.

In terms of LLM—-WVS prediction error, this “machine bias” implies that a
large portion of error variance can be explained by the distances between the
(diverse) WVS answers and the central tendency of their (concentrated) LLM
counterparts. In order to test this, we devise two new models, extending the
first Social model described above. As a reminder, the Social model describes
the error in LLM predictions as a function of socio-demographic properties of
subpopulations. Succinctly, the new Center model replaces this with one
simple predictor, the distance between the ground-truth answer patterns and
the average pattern produced by the LLM. In other words, it tests the hypoth-
esis that each LLM outputs a narrow set of answers. Finally, the Full model
includes both sets of predictors.

(Social) d; = a4+ X S; + u;
(Center)d; =y +6Xc; +v;
(Full) di = k + AX Si +p X ci +w;
where
d; = log(1 + nEMD(WVS;, LLM))
¢; = log(1 + centerEMD;)
= log(1 + nEMD(WVS;, LLM))

S; is the vector of sociodemographic controls; WVS; and LLM; are answer
distributions; LLM is the average LLM answer distribution on a held-out
sample; and u;, v;, and w; are error terms.

In more detail, the Center and Full models evaluate the impact of low
LLM adaptability on the LLMs’ prediction error. Low adaptability, that is,
the tendency of LLM answers to be similar across sociodemographics,
implies a concentration around a central answer distribution. We operational-
ize this by computing, for each LLM—question pair, the LLM average answer
distribution. This average is computed on a random subset of 20 subpopula-
tions, a subset subsequently held out of the regression models so as to lift sus-
picions of endogeneity.

The distance between WVS answers and the LLM central tendency, that
we call centerEMD, functions as a counterfactual: it represents the value
that the LLM’s prediction error would have if the LLM was completely unre-
sponsive to variations in sociodemographics. In such a case, LLM prediction
errors would be driven by the sociodemographic variations of the ground-
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Figure 5. Data-generating process and analytical strategy.

truth WVS answer patterns only. Figure 5 illustrates this counterfactual rea-
soning, aimed at isolating the effect of social controls on the LLM answers.

The Center model regresses LLM prediction errors only on the counterfac-
tual centerEMD, the Full model both on the counterfactual and on the social
controls. The former measures how much of LLM prediction error can be
attributed to low LLM dispersion alone, the latter the relative contributions
of low dispersion and social controls. Similarly to the Social model, we esti-
mate these two additional models on the four survey questions separately,
applying a logarithmic transformation to the nEMD distances to better
match their observed approximate log-normal distribution.

We first look at the goodness of fit of the three models. Table 5 presents
two measures for each of these linear models, adjusted R? and the
Bayesian Information Criterion (BIC). Under the machine bias hypothesis,
we expect the R? of the Center model to be higher than that of the Social
model, and to be generally very high, and the BIC to be symmetrically
lower. Both measures account for the difference in model sizes (24 predictors
for the Social model, 1 for the Center model, 25 for the Full model); the BIC
is known to give a stronger penalty to models with more predictors.

Center models show markedly better predictive power than Social models in
most cases (11 out of 12), and they often do so by a large margin. Comparing
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Table 5. Goodness-of-fit Measures for the Three Linear Models of LLM-WVS
Distance.

Adjusted R? BIC
Question LLM Social  Center  Full Social Center  Full
Happiness
GPT-4T 0.441 0.828 0.870 -—-2399 -—-3306 —3367
Llama-3-70B 0.346 0.667 0.728 —2308 —2878 —2886
Mixtral-8 x 7B 0.387 0.829 0.858 —2276 —3250 —3245
Politics
GPT-4T 0.560 0925 0949 -—2257 —-3480 3588
Llama-3-70B 0.260 0.852 0909 -2313 -3433 -36I10
Mixtral-8 x7B  0.172 0.930 0948 -2371 —-4020 —4084
Religion
GPT-4T 0364 0232 0685 —-1621 —-l1616 —2084
Llama-3-70B 0.198 0.531 0548 —-1974 -2452 -2350
Mixtral-8 x 7B 0.744 0.951 0982 —-1808 —-3026 —357I
Trust

GPT-4T 0.581 1.000 1.000 —1360 —9264 —9326
Llama-3-70B 0444 0895 0946 —1377 -2612 2925
Mixtral-8 x7B  0.382 0.695 0774 —-1494 -2085 -2157

Note: BIC: Bayesian Information Criterion; nEMD = normalized Earth-Mover’s Distances; LLM =
large language models; WVS = World Values Survey.

Reading example: For Happiness with GPT-4-Turbo, the linear model of all the social conditioning
variables accounts for 44 percent of the variance in LLM-WVS nEMD distances. The model
whose single predictor is the distance of WVS to LLM central tendency accounts for 83 percent
of variance, and the full model for 87 percent (after adjustment for the number of regressors).
The BIC for these models are —2399, —3306, and —3367 respectively: according to this
criterion, the center-only model is better than the social-only model, and the full model is slightly
better than the center-only one.

Bold font denotes best-fitting model between Social and Center.

the Center and Full models gives an indication of how much information the
sociodemographic predictors contribute to the models. Comparisons favor the
Full model by at least a small margin in all cases according to adjusted R?,
and all but two cases according to BIC, indicating that social prompting does
play a role, albeit a small one, in the production of LLM error, even when con-
trolling for machine bias. The Full model nonetheless performs better than the
Social model in all cases, and does so by a large margin. These results provide
significant support to what we call the machine bias hypothesis, where the low
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Figure 6. The effect of machine bias (NEMDeepe) is substantially larger than all
sociodemographic indicators: estimated coefficients of the full model for Mixtral, with
normalized regressors functioning as variable importance measures. Error bars
denote 95 percent confidence intervals, N = 667 subpopulations (619 for politics).
Pooled coefficient based on random effects meta-analyses in black, individual question
coefficients in gray.

Note: nEMD = normalized Earth-Mover’s Distances.

diversity of LLM answer patterns is the main driver behind LLM error patterns,
only marginally affected by socio-demographic variables.

Another indication of the predominance of this machine bias is found in
the magnitudes of the normalized parameters of the Full model, as can be
seen in Figure 6 for Mixtral, the coefficient for distance to the “center” is
at least an order of magnitude greater than the social factor coefficients.
This means that, for each model and question, the best predictor of LLM
quality is the quality of a counterfactual socially agnostic LLM. In other
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words, once the central tendency of the LLM is known, one barely needs to
feed the LLM new social prompts in order to measure its prediction quality:
computing the distance between the ground truth and the LLM’s known
central tendency can be a reliable proxy. Supplemental Figures S6 and S8
display similar results for GPT and Llama.

Finally, we leverage the nestedness of our models for a formal test of
nullity of either all social parameters, or the counterfactual centerEMD par-
ameter. This amounts to testing the Full model against the Center and
Social models respectively, with a null hypothesis that the simpler model is
a better fit. F-test results are presented in Table 6, and show that both
social factors and distances to LLM averages contribute significantly to the
Full model, albeit with F scores often two orders of magnitude higher for
the exclusion of LLM central tendency. In other words, it can be costly to
drop the social variables from the equation, but it is much more costly to
drop the Center term.

Limitations

Our results are dependent on a series of choices. The first, most obvious one is
that our prompting strategy might not have worked properly. Put otherwise,
there may exist other, more efficient ways to steer language models (Lin
2024), in this case toward various social groups. While we cannot prove
that an alternative prompting strategy would not lead to results confirming
either the representative or the social bias hypotheses, we adopted the same
strategy as some influential articles (Argyle et al. 2023; Santurkar et al.
2023). We also tried several variations around this prompting strategy, with
similar conclusions (see Supplementary Materials section D2 for details).

Another potential cause for concern could be that the models we used may
not be the best, or at least not the best suited for the task performed. It is true
that in a rapidly changing landscape, it is often difficult to remain up to date.
In fact, in the course of this research, we reran our experiments frequently,
either due to new versions of models being released, or due to an entirely
new model emerging as the new “state of the art” (see Supplementary
Materials section B1). We only report the most recent version tested for
each model. Still, we believe that our strategy yields solid results to date.
For instance, we tested GPT-3 because it was the main benchmark mobilized
by other scientists using LLMs to replicate opinions, but we also investigated
GPT-3.5-Instruct and GPT-4-Turbo, only to get similar results.

We also tested powerful open-weight models such as Llama and Mixtral.
The answer patterns changed from model to model, even after a simple
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update. This is in itself a problem; the lack of transparency of proprietary
models, and of open-weights models whose training code or data cannot be
fully accessed limit the reproducibility and interpretability of research on lan-
guage models (Ollion et al. 2024; Spirling 2023). However, none of these
changes affected our main results: the overall pattern of a high distance to
the ground truth, a low adaptability to and a weak correlation with sociode-
mographics, always remained the same. While we cannot rule out that
future models may be able to mimic real populations, we feel confident
writing that the current generation of LLMs cannot.

One might argue that the number of survey questions (four) and social
contexts (five demographic variables, five countries, three time periods)
we considered is low. This is certainly true, but our choice was theoretic-
ally grounded. We selected questions and control variables that are all
well documented in sociological research. The seven control variables
are strong predictors of the outcome variables, as evidenced by the
high accuracy of the linear baseline model, ensuring that they should
be sufficient for guiding LLM predictions. The outcome questions are
diverse, in contrast with studies focused on politics, and we did not
expect the inconsistency in biases. It is not impossible that, given more
outcomes, a consistent social bias could be found, and we think that
this question could be more widely tested using the framework proposed
in this article. Finally, we did not add or remove any question, predictor,
country, or period during the research, and tested multiple models and
generation techniques, all leading to the same conclusions (see
Supplementary Materials section D).

Discussion

The puzzle at the center of current debates on LLMs is whether recent
advances provide them with sufficient accuracy to replicate human behavior
and attitudes. The focus of this article is on the particular case of using LLMs
to simulate human responses to surveys. We proposed a formal test of the two
main hypotheses which sit at opposite ends of the debate.

Our results confirm neither of the two arguments. Against the “represen-
tative” hypothesis, we find that opinions and attitudes of actual social
groups are on the whole poorly predicted. Over half of all estimates are
at a substantial distance from the ground truth, and no LLM performs sig-
nificantly better than random guesses. This adds to a growing body of evi-
dence that casts doubt on the idea that the current models could be
prompted to mimic certain social groups, such as citizens of a country or
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more fine-grained subpopulations. Against the “social bias” hypothesis, we
find that socio-demographics are not only weak predictors of LLM errors,
but also inconsistent across questions.

Can LLMs Replace Research Subjects?

The first implication of our study concerns the use of silicon samples in
science. The appeal is obvious. Should the representative hypothesis hold,
they would considerably reduce the costs of conducting research. The
results presented in this article, however, should warn us against an overly
enthusiastic or rapid use of these technologies. To date, LLMs cannot be
used to replace research subjects, at least not without further specifications
nor without taking precautions in the use of the results.

This does not mean that LLMs are either useless for social science on
other tasks (Bail 2024), or altogether incapable of capturing social regular-
ities. Strimling, Krueger, and Karlsson (2024) show for instance that
GPT-4 is able to output the dominant view on certain moral topics with
a reasonable success rate, at least at the country level. Sometimes, the
demands placed on the model are more limited: when asked to imitate
what is considered a universal reaction to a signal, LLM simulations may
be informative.*’

Passing additional information to the model may also help them attain
better performances. For instance, Kim and Lee (2023) fine-tuned an LLM
with survey responses to increase the quality of their output. They showed
that the models were able to correctly impute data or retrodict information
that was missing for various years of the General Social Survey. This is a
far cry from producing accurate answers for a set of diverse populations on
questions that were never asked before, but it may be one path forward for
fruitful uses of these models.

Beyond Social Bias, Investigating Machine Bias

Our results call for a clarification, and they open a new path of investiga-
tion. The clarification concerns the concept of bias. At the moment, the
term is widely used, a sign of the enthusiasm mixed with fear that sur-
rounds the use of generative Al It has also become particularly vague,
as a number of researchers have already pointed out (Navigli, Conia, and
Ross 2023). One contribution of this study is to advocate for a precise def-
inition of “social bias” in LLMs’ responses. We contend that in order to
establish the existence of such a bias, we need to demonstrate that the
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model consistently favors the position of a specific social group. In other
words, we need to clearly distinguish between bias (a simple deviation
from the truth) and social bias.

The fact that we find no evidence of consistent social bias in our experiments
calls for further investigations into the sources of LLM biases. They are gener-
ally attributed to the unbalanced training data. While this argument is intuitively
convincing, and is supported by considerable evidence outside of the silicon
sampling literature, it cannot account for our results. We know little about the
composition of the training corpora, except that English is largely dominant.
Yet our models sometimes replicate the views of non-English-speaking, and
therefore underrepresented, countries.”® More generally, we find that while all
LLM responses are biased, they also point towards different subpopulations
with each model and question. Beyond the training data, this machine bias
may have other sources. Some have already been investigated in computational
linguistics, such as the choice of architecture or the evaluation tasks on which
the models were optimized (Hovy and Prabhumoye 2021). Others may yet
come to light.

What can LLMs Know?

The idea of using language models to replace human respondents relies on an
intuition, namely that they are able to successfully encode, and retrieve, social
regularities. Having been trained on massive text corpora (mostly) produced
by humans, LLMs would implicitly learn to simulate human thought and
social patterns, insofar as they are expressed in the corpora. This intuition
is motivated by the existence of unexpected but potent “emergent capabil-
ities” that LLMs started to display as their models and training corpora
grew larger (Schaeffer, Miranda, and Koyejo 2023; Zoph et al. 2022). Just
a few years ago, not many would have believed word-prediction algorithms
to be capable of carrying out such fundamentally human tasks as constructing
sensible arguments, programming software, or making decisions and justify-
ing them.

These capabilities are undeniable, and one would be hard-pressed to
consider generative language models as a passing fad. Yet, despite their
impressive achievements, they are still notoriously unreliable in some
respects. Most prominently, they are prone to producing “hallucinated”
information, outputting answers that are factually wrong, often with unset-
tling apparent self-confidence. This stems from the fact that information is
stored in LLMSs not in the form of a hard-coded database, but rather as a
byproduct of probabilistic word prediction. “Knowledge,” for LLMs, is
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distributed throughout the billions of weights that produce their next-word
probabilities, and that encode patterns and associations found in the data
they were fed.”’

Interrogating LLMs as if they were humans in a survey, what the literature
calls “silicon sampling,” is even more ambitious than asking them for factual
knowledge. It is obviously easier for a model to reproduce for example, his-
torical dates and names that frequently occur together in a large corpus than it
is to simulate survey answers that are consistent with scientific knowledge
about social regularities. Firstly, neither explicit social-scientific formulations
of such regularities nor raw interview data are likely to occur frequently, if at
all, in the (largely undisclosed) LLM training corpora. Secondly, even if some
regularities had been successfully embedded in a model’s weights, simply
interrogating it with a context—question pair might not be the most efficient
way to retrieve this information, if only because different reformulations of
the same question are known to produce different answers (Berglund et al.
2024). Lastly, the very need for social science research stems from the fact
that its discoveries are often contrary to common sense. To be sure, some fre-
quent positive associations (e.g., “Republican” and “Trump”) can help prob-
abilistic models retrodict past electoral behavior to some extent. Beyond such
simple tasks, however, expecting pretrained LLMs to successfully emulate
complex human behaviors or personas is likely to be a risky bet on their
“emergent capabilities.”*®

Conclusion

Alchemists of the Middle Ages believed that, in a nearby future, they would
be able to conjure miniature humans out of inert matter. These artificial
beings, which they called “homunculi,” were seen as having a number of
special qualities, such as exceptional mastery of the arts. Produced in
silico, they would also be easily replicated. All that was needed to create
them were a few mundane ingredients and, of course, craftsmanship.

Is the idea that LLMs can create miniature humans the modern-day version
of the belief in homunculi? It certainly appears so, if by this we mean a max-
imalist position, according to which contemporary LLMs are able to simulate
nontrivial social phenomena. Experimental results, our own and many of
those cited in this article, indicate that there is reason to remain careful. In
the specific case of survey answers, we find that current LLMs are plagued
by machine bias: an inability to adapt to social variations resulting in poor
predictions that cannot be accounted for by the unrepresentative nature of
their training data.
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Our conclusion does not suggest that the use of LLMs for social science
research, and beyond, should be dismissed entirely. Provided we can better
understand how they work, and avoid the pitfalls of both anthropomorphism
and prophetism (Narayanan and Kapoor 2024), it is likely that LLMs will
become useful tools in the day-to-day work of social science researchers.
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. In a now classic paper, Argyle et al. (2023: 337) wrote “we propose that these

(large-scale generative language models) can be used as surrogates for human
respondents in a variety of social science tasks.”

. One company claims it can produce ‘“‘synthetic boosters to gain reliability in

undersampled groups,” another one “draws on the growing body of research dem-
onstrating the capacity of Al to simulate surveys, experiments and other empirical
studies,” and a third one promises “to create accurate synthetic interviews and
surveys” (all citations were collected in the Fall of 2024).

. Itis interesting to note that the representative and the social bias hypotheses share

an underlying assumption, namely that these models accurately mimic at least
some human attitudes and behaviors. They disagree on the extent to which
LLMs reflect social diversity: can they mimic all social groups (representative),
or only a few (social bias)?

. In LLM jargon, “zero-shot” refers to the practice of asking the LLM to generate

answers without giving it examples of correct answers first. Giving such prior
examples is called “few-shot.” Yet another way to make LLMs learn from prior
data is to fine-tune them on a training dataset, which is computationally more
costly.

. Dominguez-Olmedo et al. (2024), on the contrary, report high entropy of categor-

ical LLM answers, that tend to be close to a uniform distribution.

. Note that high adaptability is compatible with low entropy, and vice versa. For

instance, if an LLM outputs highly skewed but distinct answer distributions for
different subpopulations, it would display low entropy within populations, but
high adaptability.

The notion of adaptability can be related to the “steerability” investigated by

Santurkar et al. (2023).

We ran the analyses with prompts in English as well as in the vernacular language
of Mexico, Germany, and Russia to check whether, in addition to period, country,
and question, the linguistic dimension would alter the prediction quality of LLMs.
It did not. To focus on our main result, we only present the results for
English-language prompts.

The question about political ideology was not included in the 2006 wave for

Russia.
For a robustness check on alternative prompting strategies, see Supplemental

Materials section D.2.


https://journals.sagepub.com/doi/suppl/10.1177/00491241251330582
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11.

13.

14.

15.

17.

18.

19.

For observations where some sociodemographics were missing in the WVS, the
question—answer pairs of these variables were dropped from the prompt.

Of these models, GPT-4-turbo is the only one fine-tuned for chat, as no founda-
tional model is available for this class. Further experiments reported in
Supplemental Materials section C.1 indicate that models fine-tuned for instruction
or chat tend to perform worse than pretrained foundational models on this task.

The “compliance” of the LLM can be assessed at each generation by measuring
the portion of total probability given to the valid answers. In our experiments,
we found this to be very high (above 98%, see Table S4 in the Supplemental
Materials), except in the case of instruct-tuned LLMs on “sensitive” questions
such as politics and religion. This result is reassuring regarding the critique of
the NTP method by X. Wang et al. (2024).

The deterministic nature of NTP removes the need for setting a temperature level
or other generation hyper-parameters. We found, however, NTP not to be deter-
ministic for GPT-4-Turbo, with sizeable variations of answer probabilities for
several runs of an identical prompt, with worrying implications for robustness

and reproducibility.
Consider a sample of 100 observations in WVS with the same sociodemographic

properties, and therefore the same prompt. Supposing the LLM could predict their
exact answer distribution, then its one-to-one answer accuracy would randomly
vary from O to 100%, depending on the order in which WVS and LLM observa-

tions were compared.
The combination of the five stratifying variables within each country-year wave,

missing values included, results in a total of 13,905 unique profiles, for an average
of around two observations per profile. In order to strike a balance between the
robustness of the answer distributions and a sufficient number of final subpopula-
tions, we aggregate the small initial subpopulations using the following greedy
iterative algorithm: at each step, until all subpopulations have at least 20 observa-
tions, the smallest group is merged with its least-populated closest sociodemo-
graphic group.

The political question being absent from the 2006 Russian data, the corresponding
48 subpopulations were dropped from the analyses of this question.

Robustness checks using two alternative distance measures (the Jensen—Shannon
divergence and the total variation distance) did not affect the conclusions of this
article. Neither of these two distances is perfectly correlated with the EMD on our
data: 0.3 for Jensen—Shannon, 0.6 for total variation. The rationale for using EMD
is that is the only one that takes into account the ordered nature of our survey
answers, that is, the fact that “Very often” should be considered closer to

“Often” than to “Never.”
Note that if all WVS answers are in the central position, the normalized EMD to

the LLM prediction is necessarily lower than 0.5. Despite this boundedness, we
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20.

21.

22.

23.

24.

25.

26.

27.

28.

empirically found the normalized EMD to be more suitable to comparisons across
questions than an alternative standardization where each EMD is divided by its
maximum value given the distribution of WVS data.

We generate 20 independent random permutations for each outcome question, and
report their aggregated prediction quality.

Specifically, we use leave-one-out cross-validation, in which each observa-
tion (i.e., subpopulation) is predicted by a model trained on all observations
except itself. For N observations, there are thus N models, each trained on N —
1 observations. Cross-validation is used to measure, rather than just a fit on
the training data, the model’s generalization capability, that is, its ability to
predict data it hasn’t been exposed to yet. We use the simplest possible spe-
cification, with no interactions between the seven sociodemographic
predictors.

Additionally, the good performance of the linear baseline indicates that the condition-
ing variables are strong predictors of the outcome answers in the ground truth data.
Note that if there was no strong link between answers and controls in the ground-
truth data, the R? of the Social model would mechanically be small; it would also
render the social bias hypothesis irrelevant. This is not the case in our data, as the
control variables are rather good predictors of the WVS answers (see the linear
baseline model supra).

The extreme in this regard is attained on the binary Trust question by GPT-4, a
model that seems to have learned never to trust people. More generally, out of
the 13 models we tested, only the four instruct models (among which GPT-4)
were consistent with Bisbee et al. (2024)’s result of low entropy, where each
prompt leads to answers very concentrated on a single level. Foundational
models showed more balanced answer distributions, where several answer
levels have equivalent probabilities.

Horton (2023) rightfully noted that “one advantage economists have in using
LLMs is that they tend to pose questions that place few demands on the
sample. We do not think of demand curves sloping downward as a
‘Western, Rich, Industrialized, and Democratic’ phenomenon but rather as
a result of rational goal-seeking that nearly all humans engage in” (Horton

2023: 6).
GPT 3.5, for instance, is closer to Russia on the politics question, and Llama-3-8B

mostly echoes the answers of Mexicans to the happiness question (see

Supplementary Materials section E4).
Furthermore, during and after training, LLMs are selected according to their per-

formance on a series of natural language and reasoning tasks, much less on factual

knowledge capabilities.
Moreover, the concept of emergent capabilities is prone to fuzzy definitions, as

noted by Rogers and Luccioni (2024).
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