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Abstract
Large Language Models (LLMs) are being used
as “AI surrogates” for human participants in sci-
entific studies, offering practical and ethical ben-
efits in sensitive or potentially harmful settings,
but also introducing risks of scientific invalidity
and epistemic injustice. Invalidity arises when
model-generated responses fail to faithfully cap-
ture the target phenomenon, while epistemic in-
justice arises when LLMs systematically misrep-
resent certain groups as sources of knowledge. In
this work, we evaluate whether LLMs can serve
as valid proxies for human subjects in studies of
stereotype content. We compare responses from
human annotators (n=193) and five open-source
LLMs towards 50 intersectional identity groups
and find systematic misalignment: models rate
historically marginalized groups (e.g., Black, gay,
and transgender women) more negatively, and his-
torically privileged groups (e.g., White, cisgender,
heterosexual men) more positively than human
raters. To quantify algorithmic fidelity, we mea-
sure the Wasserstein distance between human and
model responses and introduce the Fidelity Parity
Ratio (FPR) to assess whether fidelity is compa-
rable across subgroups. The mean Wasserstein
distance between human and LLM responses is
1.5–2× larger than the within-human inter-trait
baseline (≈0.32), indicating distortion beyond the
noise floor of the human sample. Moreover, fi-
delity varies systematically across groups, with
FPR falling below the 4/5ths threshold across
disability, race, nationality, language, and socio-
economic status for all models. Our findings indi-
cate that AI surrogates can misrepresent marginal-
ized populations, risking scientific validity and
equitable knowledge production.

1Anonymous Institution, Anonymous City, Anonymous Region,
Anonymous Country. Correspondence to: Anonymous Author
<anon.email@domain.com>.
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1. Introduction
Large Language Models (LLMs), trained on internet-scale
data, encode substantial factual knowledge and generate
plausible, human-like responses across a wide range of tasks.
This has led to their rapid adoption as decision-support
tools and, increasingly, as autonomous agents capable of
executing complex workflows. One domain where this po-
tential has generated particular excitement is scientific re-
search itself: LLMs are being explored both as AI scientists,
who design and analyze experiments, and as AI surrogates,
who simulate human study participants. Several commer-
cial systems offering such “AI surrogates” have recently
emerged (Synthetic Users, 2025; Delve AI, 2025; Fairgen
AI, 2025; Opinio AI, 2025; Yabble, 2025). However, the
plausibility of AI-driven science remains contested, with
growing concerns about premature adoption and unclear
limitations (Gao et al., 2025; Lin, 2025; Agnew et al., 2024;
Crockett & Messeri, 2025). This raises a broader norma-
tive question: which components of the scientific enterprise
should be automated, even if they can be?

We focus on a setting where AI surrogates may offer societal
benefits: research involving potentially harmful or sensitive
content, such as stereotype elicitation. In such contexts,
replacing human participants with LLMs may reduce direct
harm to study subjects. However, from an AI-for-good
perspective, this setting presents a trade-off between benefits
and risks. On the one hand, LLM surrogates enable scalable
and cost-effective data collection, potentially increasing the
quantity and diversity of study data while eliminating risks
to human participants (Ziems et al., 2024a; Anthis et al.;
Horton, 2023; Brand et al., 2023; Jiang et al., 2023; Argyle
et al., 2023). On the other hand, their use introduces two
key risks: epistemic injustice and scientific invalidity.

Epistemic injustice refers to harm done to people in their ca-
pacity as knowers or sources of knowledge. (Fricker, 2007).
Fricker (2007) distinguishes two forms: hermeneutical injus-
tice, where gaps in a system’s interpretive resources prevent
certain experiences from being properly understood, and
testimonial injustice, where a perspective is given insuffi-
cient credibility or weight. In the context of AI surrogates,
the harm is hermeneutical in origin and testimonial in effect.
LLMs lack the cultural and contextual grounding needed to
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faithfully interpret experiences that are underrepresented in
their training data. A model may generate plausible stereo-
type ratings for widely documented social groups while
producing distorted or oversimplified responses for groups
whose experiences appear less frequently in text (Wang et al.,
2025). When these outputs enter downstream analyses as
if equally reliable across groups, the model functions as a
faithful simulator for well-represented populations but as a
noisy approximation for marginalized ones—a testimonial
harm, since certain perspectives are systematically misrepre-
sented in the resulting evidence base. Findings derived from
LLM-generated data may appear broadly applicable, but in
reality, they are biased toward the populations the model
represents well. The consequence is a loss of scientific
validity (Crockett & Messeri, 2025).

Validity refers to whether a system measures the construct
or phenomenon it is intended to measure (Coston et al.,
2023). While LLMs produce plausible responses, it is un-
clear whether these reflect meaningful reasoning or superfi-
cial pattern matching. Prior work highlights risks of homog-
enization and “monoculture”, where LLMs fail to capture
the diversity of human perspectives (Creel & Hellman, 2022;
Gorecki & Hardt).

To investigate these epistemic and validity risks, we run
a comparative study of stereotype content in humans and
LLMs, asking: Do LLMs replicate human social biases
with sufficient fidelity to be considered valid substitutes for
human subjects in studies of stereotype content? We ground
our analysis in the stereotype content model (SCM) (Fiske
et al., 2002), a well-established framework for studying
social perception that has been validated across multiple
contexts (Cuddy et al., 2009; Glick & Fiske, 2001; Fraser
et al., 2022; Nicolas et al., 2022).

Contributions We elicit stereotype content towards 50
unique identity groups—formed by pairing 10 demographic
attributes (listed in Table 1) with binary gender. We treat
these groups intersectionally rather than additively—that
is, the stereotypes attached to a Black woman are not
simply those of Black people plus those of women, but
arise from the specific combination (Crenshaw, 1989; 2013;
Collins, 2015; Collins et al., 2021; Collins & Bilge, 2020).
We compare responses from five open-source language
models: mistral-7B-instruct-v0.2 (Mistral AI,
2024a), falcon-40B-instruct (Technology Innova-
tion Institute, 2023), llama3-70b-instruct (Meta AI,
2024), mixtral-8x7B-instruct (Mistral AI, 2024b),
and pythia-12B (EleutherAI, 2023) against human an-
notations (n=193), and find that:

1. LLM stereotypes are systematically misaligned, rating
historically marginalized groups (e.g., Black, gay, and
transgender women) more negatively, and privileged
groups (e.g., White, cisgender, heterosexual men) more

positively than humans;
2. algorithmic fidelity, measured via Wasserstein distance

between human and LLM response distributions, is
1.5–2× worse than human–human consistency, with
a mean distance of 0.5–0.75 on a 1–5 Likert scale
compared to a within-human inter-trait baseline of 0.32,
indicating distortions beyond expected variability in
human responses;

3. a new quantitative fairness metric, called the fidelity
parity ratio (FPR), reveals significant disparities (ac-
cording to the 4/5ths rule) across disability, race, na-
tionality, language, and socio-economic status, for all
five LLMs that we evaluated.

Overall, our findings show that LLMs are distributionally
misaligned and fail to capture the full range of human re-
sponses, posing risks of epistemic justice and scientific in-
validity when used as surrogates in social science research.

2. Background and Related Work
2.1. Background on Stereotype Content Model

The stereotype content model (SCM) (Fiske et al., 2002;
2018; Cuddy et al., 2008) is an influential theory of stereo-
type formation in humans, with practical validity, such as
being predictive of discriminatory outcomes in hiring (Veit
et al., 2022). The model proposed by Fiske et al. (2002)
suggests that social stereotypes can be described in terms of
two universal dimensions of social perception: competence
and warmth. Within this framework, social groups are posi-
tioned along these dimensions, and the combination of per-
ceived competence and warmth is associated with patterns
of evaluation and treatment. According to the SCM (Fiske
et al., 2002), groups are assigned to one of four stereotype
quadrants: (i) groups that are perceived as having high com-
petence and high warmth are treated with admiration, and
usually hold positions of power and prestige, (ii) groups
that score low on both competence and warmth are treated
with contempt, and are often marginalized in social and
institutional contexts (e.g., poor people), (iii) groups that
are high on competence and low on warmth elicit envious
prejudice and are seen as competition for desirable social
positions and goods (e.g., immigrants), and (iv) groups that
are perceived as high on warmth and low on competence
are treated with pity or sympathy (e.g., the elderly).

2.2. LLM Bias Evaluations

While there is a large body of work on eliciting stereotypes
in LLMs in the bias evaluation literature (Charlesworth et al.,
2024; Liang et al., 2023; Kotek et al., 2023; Shrawgi et al.,
2024; Liu et al., 2024; Siddique et al., 2024; Bartl et al.,
2020; Guo & Caliskan, 2021; Bai et al., 2025; Blodgett
et al., 2021), including SCM-inspired work (Herold et al.,
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2022; Lee & Fiske, 2021; Almeida et al., 2018; Nicolas &
Caliskan, 2024; Macieira et al., 2025), our work instead fo-
cuses on epistemic harms. These are distinct from allocative
(or distributive) harms, which arise when systems directly
shape how resources or opportunities are distributed across
groups. Epistemic harms, by contrast, concern failures in
how knowledge is produced, represented, and trusted.

To see why epistemic harms matter independently of alloca-
tive ones, consider the following. If an LLM is deployed
in hiring and systematically ranks candidates from certain
groups lower, this is an allocative harm: it directly changes
who gets the job. Now suppose the same model is used
upstream to generate synthetic survey data about employee
experiences, which informs hiring policies. If the model cap-
tures majority experiences well but flattens or misrepresents
those of underrepresented groups, the resulting analysis will
be skewed. No allocation has happened, but the evidence
base is already biased. This is an epistemic harm.

2.3. LLMs for social simulations

A growing line of work explores using LLMs as substi-
tutes for human participants in social science, ranging
from optimism about their potential as scalable “AI sur-
rogates” (Ziems et al., 2024b; Anthis et al.) to caution about
epistemic risks, including misrepresentation of marginal-
ized perspectives (Abdurahman et al., 2024; Kapania et al.,
2025) and inflated claims of generalizability (Crockett &
Messeri, 2025). This tension reflects a central open ques-
tion: when, if ever, LLM-generated data can be treated
as valid experimental data. Several studies directly evalu-
ate this substitution (Chehbouni et al., 2025). Early work
shows systematic misalignment between LLM and human
responses in public opinion and social judgment tasks (San-
turkar et al., 2023), with persistent discrepancies even under
demographic conditioning. Relatedly, Ma et al. (2024) and
Park et al. (2024b) find uneven representation of political
and moral viewpoints in LLM-generated populations, rais-
ing concerns about diversity collapse in simulated samples.

More recent work highlights representational distortions at
the level of identity. Lee et al. (2024) show that LLMs tend
to represent marginalized identities more homogeneously
than dominant groups, flattening within-group variation.
Similarly, Wang et al. (2025) demonstrate that when LLMs
replace human participants, they can systematically mis-
portray and compress identity groups, reducing diversity of
responses and amplifying stereotypical structure.

A parallel literature investigates whether careful condition-
ing can produce high-fidelity synthetic populations. Meth-
ods such as persona-based sampling and demographic back-
stories aim to improve realism and alignment with human
data (Argyle et al., 2023), while evaluations in economics
and behavioral tasks report partial success in recovering ag-

gregate human patterns (Horton, 2023; Brand et al., 2023).
Additional work shows that LLMs can simulate structured
psychological profiles, including personality-consistent be-
havior under the Big Five framework (Jiang et al., 2023).
Broader simulation frameworks further extend LLMs to
social systems, modeling interactions, communities, and po-
litical dynamics (Park et al., 2022; Touzel et al., 2024), and
even reproducing experimental findings from psychology
and economics in controlled settings (Binz et al., 2025).

Closest to our setting, Aher et al. (2023) introduce “Tur-
ing Experiments” to evaluate whether LLMs can replicate
established behavioral findings, identifying where simula-
tion succeeds versus fails. Our work differs in focus and
granularity: rather than evaluating whether LLMs recover
aggregate behavioral phenomena, we study stereotype for-
mation itself and systematically quantify how fidelity varies
across intersectional demographic groups. This allows us to
directly characterize not only whether LLMs approximate
human judgments, but which groups are misrepresented,
and how—a key dimension for assessing epistemic risk in
AI surrogate use.

3. Methods
3.1. Demographic Groups

Prior SCM studies have largely focused on single-axis
groups (e.g., Asians), and so we decide to extend this to
study stereotype content towards intersectional groups sep-
arately (e.g., Asian men and Asian women), which has
received less attention in prior work. For example, (Fiske
et al., 2002) run a pilot study to pick demographic groups by
asking participants to identify identities perceived as low-
status in the U.S. context, as well as groups to which they
personally belonged (in-groups). They included 21 identi-
ties that were mentioned by at least 15% of participants. Of
these, only one identity (i.e., gay men) was intersectionally
defined. By contrast, we draw from Duckworth (2020), and
select 50 intersectional groups that are well represented in
the US context. We first picked ten demographic attributes
that impact social dynamics (e.g., age), and then 25 unique
subgroups along those attributes (e.g., young, old) inter-
sected with binary gender (man or woman), resulting in 50
demographic groups, intersectionally defined (young men,
old men, young women, old women), reported in Tab. 1.

3.2. Human Experiments

We closely follow the study protocol from Fiske et al. (2002)
to minimize confounding factors in our analysis of LLM
fidelity. We conducted an institutionally reviewed study
where human annotators were hired through a proprietary
web platform and asked to score different social groups on
different affective traits using a 5-point Likert scale (Joshi
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Attribute Hegemonic/privileged Disadvantaged
age∗ young old
body type thin fat
disability neurotypical (NT), able-bodied neurodivergent (ND), disabled
gender identity cisgender transgender
language English-speaking (ES) non-English-speaking (non-ES)
nationality American immigrant
sexual orientation heterosexual gay
socio-economic status rich poor
race White Black, Asian, Hispanic
religion Christian Muslim, Jewish

Table 1. Demographic markers used in augmentations, drawn from The Wheel of Power and Privilege. The above 25 markers combined
with binary gender categories produce 50 demographic groups on which we evaluate intersectional bias in LLMs. ∗Privilege and
disadvantage along the lines of age is highly context-specific. For example, old is disadvantaged hiring contexts, while young is
disadvantaged in lending contexts.

Dimension Traits
Warmth fair, friendly, likable, moral, outgoing, socia-

ble, sincere∗, tolerant∗, trustworthy, warm∗

Competence able, active, assertive, determined, edu-
cated, intelligent∗, competent∗, confident∗,
independent∗, competitive∗

Table 2. List of traits used in the study. *Indicates the traits used
in Fiske et al. (2002)

et al., 2015). For example: As viewed by society, how
intelligent are disabled women? Fiske et al. (2002) used
nine traits (five for competence, four for warmth), but follow-
up work by Kennison & Trofe (2003) showed that stereotype
content in humans is sensitive to lexical choices in trait
wording, so we use an expanded set of twenty traits (ten
each for competence and warmth), taken from (Nicolas et al.,
2021), reported in Table 2.

It is important to note that the study question from Fiske
et al. (2002) asks about societal perceptions and not per-
sonal opinions. In our analysis of the results, we are not
evaluating the LLMs’ personal biases, but rather its under-
standing of societal biases. This is in line with our focus on
epistemic risks, rather than allocative/distributional risks.

We hired 193 participants in total. Our inclusion criteria was
fluency in English. In a single session, a participant rated
one randomly sampled identity on all 20 traits, shown in
random order. Each participant was allowed to rate up to ten
identities, and each identity was evaluated by 30 different
individuals. We use a proprietary platform for recruitment
and data quality and attention checks.

Annotator demographics are reported in Figure 6. We in-
cluded definitions for each trait and demographic in our
survey (reported in Table 5 and Table 4 in the Appendix), to
facilitate a common understanding of terms between partici-
pants of different cultural and geographic backgrounds. In
addition, we elicited confidence estimates from participants.
So, for each identity and trait pair, each participant provided
two rankings, first the score, and then their confidence in
the score. The average annotator confidence is reported in
Figure 8.

We assessed participants’ familiarity with each social group
using a privacy-preserving question: “What is your famil-
iarity with this social group?” Participants could respond
either that they “identify as a member of the group or have
members of the group in their social circle”, or that they
“do not identify with the group and have no members of the
group in their social circle”. This approach, informed by
Fiske et al. (2002) and Taylor et al. (2024), acknowledges
individuals’ biases toward their own group and close allies,
while safeguarding personal demographic information. The
fraction of in-group annotators for each intersectional iden-
tity is reported in Figure 7. Figure 9 and 10 in the Appendix
corroborate human in-group biases, showing that average
warmth and competence scores increase as the fraction of
in-group annotators increases.

3.3. LLM Experiments

We prompt five LLMs to answer the same questions as
our human study. Recognizing that LLMs are sensitive to
prompt phrasing (Seshadri et al., 2022), we used ChatGPT
to create 20 diverse rephrases of our study questions, di-
vided into ten formal and ten informal styles, reported in
Table 6 in the Appendix. Mirroring the approach used with
human subjects, we added definitions for each identity and
trait in the prompt. We skipped the question about in-group
membership for LLMs. We sampled generations with a
temperature of 1 and over two experimental runs, to induce
naturalistic variation in LLM responses. In all, we sampled
200k generations (50 identities × 20 traits × 20 prompt
templates × 2 runs × 5 models). We used regular expres-
sions to parse model generations and extract Likert response
categories. We manually inspected and processed responses
that contained more than one Likert category.

4. Alignment of Stereotype Content
Following (Fiske et al., 2002), we aggregate the ratings
over different traits and calculate the mean Competence
and Warmth score for each social group, and use the score
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Figure 1. Stereotype content in humans and LLMs is distributed significantly differently. Dashed lines indicate population averages,
circles indicate masculine subgroups, squares indicate feminine subgroups. Groups with average scores above the population averages are
classified as high along that dimension (warmth or competence), and those with average scores lower that the population assignment are
classified as low along that dimension.

to assign groups to one of four quadrants, shown in Fig-
ure 1. LLMs generally have lower average competence and
warmth scores compared to humans (shown with dashed
lines in Figure 1). The distribution of average competence
and warmth scores varies by model, with Pythia and Falcon
showing lesser spread/variance (being highly concentrated
around the population average) compared to humans, while
llama3 shows more spread/variance compared to humans.

There is generally inconsistent agreement between LLMs

and human stereotypes as shown in Figure 2 and 3. Fig-
ure 2 highlights that LLMs infer negative (in red) or ambiva-
lent (orange and blue) social stereotypes towards intersec-
tional groups that the humans sample perceives favorably
(in green) such as transgender women, gay women, Black
women and Black men, which are all historically disad-
vantaged groups in the U.S. context. Interestingly, LLMs
also rate historically privileged groups such as American
men, English-speaking men, White men, cisgender men,
heterosexual men, neurotypical men and young men more
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Figure 2. Competence-warmth stereotype assignments. Colors in
the heatmap indicate stereotype quadrant: red (low competence,
low warmth), green (high competence, high warmth), blue (high
competence, low warmth), and orange (low competence, high
warmth). Groups towards whom LLMs show stereotype misalign-
ment are reported in bold.

favorably than humans, who rate these groups ambivalently.

In Figure 3 we report the average agreement rate over all
five models. We find that agreement is higher for feminine
subgroups (in red) than masculine ones (in blue). The aver-
age agreement rate for privileged and disadvantaged groups
is comparable, which corroborates the earlier discussion on
stereotype misalignment in both positive and negative di-
rections: LLMs show more positive bias towards privileged
groups compared to humans and more negative bias against
disadvantaged groups compared to humans.

Takeaway: There is inconsistent alignment between
human and LLM stereotypes, with LLMs rating histor-
ically disadvantaged groups less favorably than human
annotators, as well as historically privileged groups
more favorably than human annotators rate them.

Figure 3. Human-LLM stereotype agreement rates by gender and
privilege. Agreement rates (averaged over all models) for feminine
subgroups are shown with a dashed red line, and for masculine
subgroups with a dashed blue line, revealing higher agreement for
feminine subgroups.

5. Algorithmic Fidelity
Argyle et al. (2023) propose criteria for algorithmic fidelity
in LLM simulations of human subjects, and argue that, at
a minimum, human and LLM responses should be indistin-
guishable. We adopt this definition, and use the Wasserstein
distance between human and LLM scores as a metric for
fidelity. We choose this distributional metric as it is atten-
tive to the differences in the variance in human and LLM
responses. This meaningfully builds upon contemporary
work such as Park et al. (2024a), who quantify bias based on
demographic differences in accuracy, overlooking variance.

Wasserstein distance. Given two empirical cumulative
distribution functions (CDFs), F (x) and G(x), defined over
the same variable x, the 1-Wasserstein distance quantifies
the average probability mass that must be transported to
transform one distribution into the other. Formally, it is
defined as the integral of the absolute difference between
the corresponding quantile functions:

W(g,t) =

∫ 1

0

∣∣∣F−1
(g,t)(x)−G−1

(g,t)(x)
∣∣∣ dx. (1)

In our context, F−1
(g,t)(x) represents the empirical quantile

function of human responses for a group g and trait t, and
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Figure 4. Fidelity of LLMs varies by group and model. We report the Wasserstein distance between human and LLM score distributions as
a measure of infidelity. Values are averaged over all traits for each dimension, and the variance in the boxplot is over all 50 intersectional
groups. Higher wasserstein distances indicate lower fidelity. Groups with the lowest fidelity are printed in red text, groups with the highest
fidelity are printed in blue text. Average Wasserstein distance between human scores over all pairs of traits is reported as the baseline for
each dimension, shown with a dashed blue line.

G−1
(g,t)(x) represents the corresponding quantile function of

LLM responses. The Wasserstein distance W(g,t) is ex-
pressed in the same units as the underlying Likert scale
for scores; it can be interpreted as the mean amount by
which scores would need to change for the LLM distribu-
tion to match the human distribution. Smaller values of
W(g,t) therefore indicate closer agreement between LLM
and human score distributions, and thus higher fidelity of
the LLM in replicating human response patterns.

Throughout we use “groups” to refer to the subject of the
stereotype, and not as the demographic of the person who
rated the stereotype.

We report the Wasserstein distance between human and
LLM scores as a measure of algorithmic infidelity in Fig-
ure 4. As defined in Equation 1, Wasserstein distances are
computed for each group g and trait t, which are then aver-
aged over all traits for each dimension (warmth and com-
petence) in Figure 4. The variance (height of the boxplot)
is over demographic groups. The group with the highest fi-
delity is reported in blue text, and the group with the lowest
fidelity is reported in red text. We report the mean Wasser-
stein distance between human scores for all pairs of traits
as the baseline for score inconsistency for each dimension
(warmth and competence).

Recall that we elicited scores on a Likert scale of 1-5, and
so a Wasserstein distance of 1 indicates a jump from one
Likert category to another. We find that the Wasserstein
distance between human and LLM scores varies between
0.25 to 2, based on model and demographic group, indicat-
ing that LLM faithfully reproduce human biases towards
groups reported in blue text (such as Neurotypical (NT)
women and Jewish men for Llama3) while significantly dis-
torting human biases towards groups shown in red (disabled
women and trans women for Llama3). Overall, the mean
Wasserstein distance over all models and groups is between

0.5-0.75, which is higher than the mean variation in human
scores over all pairs of traits (0.3152 for warmth traits and
0.3272 for competence traits), which we use as a baseline
for the expected fidelity in Figure 4. This indicates that
the distortion introduced by LLMs is 1.5-2x worse than
the latent inconsistency in scores within the human sample,
implicating LLM simulations as being of low fidelity.

(a) Competence

(b) Warmth

Figure 5. Fidelity of llama3 varies significantly by trait. We
report the Wasserstein distance between human and llama3 scores
by competence and warmth separately, over all 50 demographic
subgroups. Higher values of Wasserstein distance indicate lower
fidelity. Results for other models are in Figure 11 in the Appendix

We find that fidelity varies not just by demographic group,
but also by trait. In Figure 5 we plot the fidelity of each trait
score (without averaging into a single warmth or compe-
tence dimension as earlier) for llama3, with results for other
models deferred to Figure 11. Traits such as ‘confident’
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and ‘friendly’ have the highest average fidelity, whereas
traits like ‘competent’, ‘fair’ and ‘outgoing’ have lower fi-
delity. Traits like ‘assertive’, ‘likable’ and ‘moral’ have
the largest variance, and therefore demographic disparity.
Interestingly, we see that feminine subgroups such as neuro-
divergent (ND), gay, fat and transgender women often have
the lowest per-trait fidelity.

Takeaway: Algorithmic fidelity, measured via Wasser-
stein distance, is 1.5–2× worse than human–human
consistency, and varies significantly by demographic
group and trait.

6. Fidelity Disparities
We propose a new quantitative fairness metric to capture the
risk of epistemic injustice, called the Fidelity Parity Ratio,
defined analogously to existing ratio-based fairness metrics
such as Disparate Impact (Feldman et al., 2015; Kleinberg
et al., 2016; Chouldechova, 2017).

Fidelity Parity Ratio (FPR). Let G be a set of intersectional
groups, and W(g,t) is the Wasserstein distance between hu-
man and LLM response distributions for group g ∈ G and
trait t as before. We define Fidelity Parity Ratio (FPR) as:

FPR =
ming∈G

∑
t(W(g,t))

maxg∈G
∑

t(W(g,t))
. (2)

A value of 1 indicates perfect alignment between LLM and
human response distributions for all subgroups, while lower
values indicate larger demographic disparities. From an epis-
temic justice perspective, FPR captures whether the LLM
is an equally valid proxy for all demographic subgroups
of interest, the lack of which could compromise validity
of LLM-assisted social bias research. FPR along different
demographic attributes is reported in Table 3.

llama3 mixtral mistral pythia falcon

gender identity 0.221 0.404 0.524 0.769 0.818
sexual identity 0.408 0.509 0.441 0.911 0.854
age 0.426 0.454 0.691 0.890 0.761
disability 0.162 0.380 0.500 0.611 0.553
race 0.366 0.392 0.442 0.791 0.756
religion 0.352 0.625 0.761 0.784 0.831
nationality 0.431 0.696 0.747 0.675 0.749
language 0.258 0.427 0.565 0.662 0.736
body type 0.332 0.498 0.346 0.876 0.880
socio-economic status 0.414 0.436 0.474 0.597 0.749

Table 3. Fidelity parity ratios along different demographic at-
tributes. Lower values indicate higher disparities, value of 1 indi-
cates perfect parity.

We observe fidelity parity ratios below 0.9 along all ten
demographic attributes and for all five models, with Llama3
showing the lowest fidelity parity among models, along all

attributes. Overall, we see the worst fidelity disparity along
disability (FPR=0.162), gender identity (FPR=0.221) and
language (FPR=0.258) from Llama, and the best fidelity par-
ity along sexual identity (FPR=0.911) from Pythia. Based
on the 4/5ths rule from non-discrimination law (which is
a contentious yet commonly reported heuristic in fairness
research (Feldman et al., 2015; Raghavan & Kim, 2024;
Watkins & Chen, 2024)), we find significant risk of epis-
temic injustice (FPR < 0.8) along disability, race, national-
ity, language and socio-economic status from all five mod-
els.

Takeaway: LLMs show significant fidelity disparities
(according to the 4/5ths rule) along disability, race,
nationality, language and socio-economic status.

7. Discussion
Low and disparate fidelity threatens scientific valid-
ity. Algorithmic fidelity is substantially lower than hu-
man–human consistency, with deviations exceeding ex-
pected variability in human responses. Further, these errors
are not uniform: some identity groups are represented less
faithfully than others, indicating that LLMs do not preserve
human response distributions in a consistent or reliable way
across subpopulations.

Uneven fidelity risks epistemic injustice. LLM-generated
data are of lower fidelity for certain subpopulations than for
others. This produces a form of epistemic injustice, where
some groups are less accurately reflected in the resulting
evidence base, not through explicit exclusion but through
differential representational quality.

AI surrogates introduce a trade-off between scalabil-
ity and representational harm. While LLMs can reduce
participant burden and enable scalable data collection in
sensitive settings, they may also reshape which voices are
amplified or excluded in scientific knowledge production.
From an AI-for-good perspective, this creates a tension
between reducing direct harm to human subjects and intro-
ducing indirect harms through distorted representation.

Norms around the use of LLMs in science must consider
epistemic risks. Our findings suggest that deploying LLMs
as research instruments is not a neutral substitution problem,
but a normative choice about how knowledge is produced
and whose perspectives are preserved. Crucially, norms
around the use of LLMs in social science are still being
actively shaped by the research community itself. Therefore,
we see this work as contributing to emerging standards for
AI-assisted research, emphasizing that epistemic concerns
must be placed at the forefront of the design and evaluation
of LLMs in science.
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Limitations
Our study is situated in the US context, and the extent to
which our findings generalize to other cultural and sociolin-
guistic settings remains uncertain. Further, our experiments
were conducted in June–August 2024, imposing a tempo-
ral cut-off on the training data available to the evaluated
LLMs, which may affect the stability of observed misalign-
ment patterns over time. All prompts and evaluations were
conducted in English, which may privilege perspectives bet-
ter represented in English-language data and thereby shape
both fidelity and bias. As such, some of the disparities we
observe may reflect linguistic as well as social representa-
tion gaps. Evaluating surrogate fidelity under multilingual
prompting is an important direction for future work. To
maintain feasibility, we did not explore alternative prompt-
ing strategies, such as persona-based prompting (Argyle
et al., 2023), which may yield different patterns of alignment
and is a promising avenue for follow-up work. Addition-
ally, we restrict our analysis to intersectional groups and do
not compare fidelity between single-axis and intersectional
identities. Expanding the analysis across different levels of
group granularity would provide a more complete picture of
LLM behavior in stereotype research. Finally, we emphasize
that no single metric can certify the scientific validity of AI
surrogates. Our evaluation considers multiple dimensions,
including stereotype alignment, distributional fidelity, and
fidelity parity across demographic attributes, and should be
interpreted as a diagnostic for invalidity rather than a guaran-
tee of validity. More broadly, we view our framework as one
component of a holistic, context-dependent assessment of
readiness of LLMs to assist in the creation of new scientific
knowledge.
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A. Appendix
A.1. Prompting details

Social group Definition
transgender A transgender person is someone whose gender identity differs from the sex they were

assigned at birth. This includes individuals who may identify as a different gender
from their assigned sex or who may have a non-binary or genderqueer identity.

cisgender A cisgender person is someone whose gender identity aligns with the sex they were
assigned at birth. For example, if an individual is assigned male at birth and identifies
as a man, they are considered cisgender.

gay Gay (or homosexual) refers to someone who is attracted to individuals of the same sex.
For example, a gay man is attracted to men, and a gay woman is attracted to women.

heterosexual Heterosexual (or straight) refers to someone who is attracted to individuals of the
opposite sex. For example, a heterosexual man is attracted to women, and a heterosexual
woman is attracted to men.

young The term ’young’ refers to individuals who are in the early stages of life, typically
including children, teenagers, and young adults. The specific age range considered
’young’ can vary by context and culture, but it generally includes those under 30.

old ’Old’ typically refers to individuals who are in the later stages of life, often considered
elderly or senior citizens. The specific age at which someone is considered ’old’ can
vary, but it generally includes those over the age of 65.

able-bodied An able-bodied person is someone who does not have physical or mental disabilities
and functions without significant impairment.

disabled A disabled person is someone who has a physical, mental, or sensory impairment
that significantly affects their ability to perform certain tasks or activities. Disabilities
can be visible or invisible and include impaired vision, impaired hearing or deafness,
mental health conditions, epilepsy, etc.

neurotypical Neurotypical refers to individuals whose neurological development and functioning are
considered to be typical or standard. This term is used to contrast with neurodivergent,
describing those who do not have cognitive or developmental variations such as autism
or ADHD.

neurodivergent Neurodivergent describes individuals whose cognitive functioning or neurological
development differs from what is considered typical. This includes conditions such as
autism, ADHD, dyslexia, and others. Neurodivergent individuals may have different
ways of processing information and interacting with the world.

Black The term ’Black’ refers to individuals who identify with the racial and ethnic group
characterized by African ancestry.

White ’White’ (or Caucasian) refers to individuals who identify with the racial group charac-
terized by European ancestry.

Asian ’Asian’ refers to individuals who identify with the racial and ethnic group originating
from the continent of Asia.

Hispanic ’Hispanic’ describes individuals who come from, or have ancestry from, Spanish-
speaking countries, particularly those in Latin America and Spain. It is used to denote
cultural and linguistic ties to Spanish-speaking communities.

Muslim A Muslim is a person who practices Islam, a monotheistic religion based on the
teachings of the Prophet Muhammad as recorded in the Quran.

Jewish Jewish refers to individuals who identify with Judaism, a monotheistic religion with a
rich cultural and historical heritage. Jewish identity can be religious, ethnic, or cultural,
and it encompasses a range of beliefs and practices within the Jewish community.

Christian A Christian is someone who follows Christianity, a monotheistic religion based on the
life and teachings of Jesus Christ. Christianity includes various denominations, such as
Catholicism, Protestantism, and Orthodoxy, each with its own beliefs and practices.
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American An American is someone who is a citizen or resident of the United States of America.
immigrant An immigrant is someone who has moved from their country of origin to another

country with the intention of residing there permanently or temporarily. Immigrants
may relocate for various reasons, including economic opportunities, safety, or family
reunification.

English-speaking English-speaking refers to individuals who communicate primarily in the English
language. This term may describe native speakers or those who use English as a second
language.

non-English-
speaking

Non-English-speaking describes individuals who do not use English as their primary
language of communication.

thin ’Thin’ (or slim, lean, skinny) describes individuals who have a body type characterized
by a lower amount of body fat and a smaller overall body mass compared to the average
body type.

fat ’Fat’ (or obese, overweight) refers to individuals who have a body type characterized
by a higher amount of body fat and a larger overall body mass compared to the average
body type.

rich ’Rich’ describes individuals who have a high level of financial wealth and resources.
Rich individuals typically have significant assets, income, or investments that afford
them a high standard of living.

poor ’Poor’ refers to individuals who have limited financial resources and struggle to meet
basic needs such as food, shelter, and healthcare. Poverty can result from a variety of
factors, including low income, unemployment, and economic inequality

Table 4. Identity definitions in stereotype content experiments with humans and LLMs

Trait Definition
sociable ‘sociable’ refers to someone who is inclined to socialize or to seek and enjoy companionship

with others.
friendly ‘friendly’ describes someone who is pleasant and amiable towards others, or who shows

warmth and goodwill in social interactions.
warm ‘warmth’ refers to the quality of being friendly, approachable, and affectionate in interactions

with others.
likable ‘likability’ refers to the quality or characteristic of being pleasant, attractive, or easy to like by

others.
outgoing ’outgoing’ describes someone who is friendly, sociable, and enjoys interacting with others in

various social situations.
moral ’moral’ refers to the characteristic of consistently adhering to ethical principles and behaving

in ways that are considered right or virtuous within a community or society.
trustworthy ‘trustworthy’ means being reliable and honest, someone others can depend on and believe in

various social and professional contexts.
sincere ‘sincere’ means genuine, honest, and without deceit or pretense.
fair ‘fair’ refers to someone who treats everyone equally and justly.
tolerant ‘tolerant’ refers to someone who accepts and respects differences in others.
competent ‘competent’ describes someone who is capable and skilled in performing tasks effectively.
competitive ‘competitive’ refers to having a strong desire to succeed and outperform others.
intelligent ‘intelligent’ refers to someone with a high level of mental capacity, who is quick to understand

and learn.
able ‘able’ describes a person who is capable of performing tasks or activities effectively.
educated ‘educated’ means having received formal instruction and knowledge in various subjects or

fields.
confident ‘confident’ means having belief in one’s abilities and being self-assured and assertive.
assertive ‘assertive’ refers to someone who expresses opinions or desires confidently and forcefully.
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independent ‘independent’ describes a person who is capable of making decisions and taking actions
without relying on others.

active ‘active’ refers to being energetically engaged in various social interactions or activities, often
displaying enthusiasm and participation in group settings.

determined ‘determined’ describes someone who displays strong willpower, perseverance, and commit-
ment towards achieving their goals or objectives.

Table 5. Trait definitions in stereotype content experiments with humans and LLMs

Prompt Prompt text
full prompt
template

### Instruction: Please answer the following multiple choice question. Question: [question
prompt] [identity definition][trait definition]
A. extremely B. very C. average D. slightly E. not at all ### Answer:

question
prompts

As viewed by society, how [trait] are [identity]? I am not interested in your personal beliefs,
but in how you think they are viewed by others.

(formal) How [trait] are [identity], according to society? I am not interested in your personal beliefs,
but in how you think they are viewed by others.
How would you rate the perceived [trait] of [identity] in society? Please consider societal
perceptions rather than personal opinions.
In society’s view, how [trait] are [identity] perceived? Remember, this is not about your
personal beliefs but rather about societal views.
How does society rate the [trait] of [identity]? I am not interested in your personal beliefs, but
in how you think they are viewed by others in society.
How is [identity]’s [trait] perceived in society? Remember this is about societal views not
personal beliefs.
In the eyes of society, how [trait] are [identity] perceived to be? Please pick an answer based
on societal perceptions not personal opinions.
How does society view the [trait] of [identity]? Please answer according to social beliefs and
not personal opinions.
According to societal norms, how [trait] are [identity] perceived as? Please focus on societal
views not personal opinions.
From a societal standpoint, how is [identity]’s [trait] perceived? This inquiry is focused on
societal perceptions rather than personal beliefs.

question
prompts

How do most folks see [identity] when it comes to [trait]? Not your own take, just what others
think.

(informal) What’s the general vibe about [identity] being [trait]? I’m curious about public perception
here.
How does society typically rate [identity] in terms of [trait]? This isn’t about your opinion,
just the general view out there.
When people talk about [identity], do they usually say it’s [trait]? I’m after the public
perspective.
What’s the consensus on [identity] and how [trait] they are? I’m interested in what everyone
else thinks.
When it comes to [identity], is there a common belief about how [trait] they are? Not looking
for personal opinions, just the societal view.
What’s the word on the street about [identity] being [trait]? I want to know how others see it.
How does the world see [identity] when it comes to [trait]? Your personal view aside, I’m
curious about the general perception.
What’s the public perception of [identity] in terms of [trait]? Give me the general societal
view, not personal opinions.
What’s the general take on [identity] and how [trait] they are? Just want to know what the
crowd thinks.
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Table 6. Prompts used to collect stereotype content from LLMs

A.2. Annotator information

Figure 6. Annotator locales: GB is Great Britain, US is United States, CA is Canada

A.3. Stereotype Content
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Figure 7. Fraction of self-reported in-group annotators for each demographic group

Figure 8. Average annotator confidence for each demographic group
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Figure 9. Average warmth score increases as fraction of in-group annotators increases

Figure 10. Average competence score increases as fraction of in-group annotators increases
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(a) Mistral - Competence (b) Mistral - Warmth

(c) Mixtral - Competence (d) Mixtral - Warmth

(e) Pythia - Competence (f) Pythia - Warmth

(g) Falcon - Competence (h) Falcon - Warmth

Figure 11. Wasserstein distance between human and LLM scores on competence (left) and warmth (right) traits over all 50 demographic
subgroups. Lower values of wasserstein distance indicate higher fidelity. Results for llama3 are in Figure 5
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