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Abstract

As people increasingly rely on artificial intelligence (AI)
for guidance in their own lives, scholars, lawyers, and even
judges have begun to consider the role of Al in legal
decision-making. As “silicon sampling”—the use of gener-
ative Al models in social science research—is now impact-
ing academia, “silicon jurors” could make an appearance in
courtrooms. This study joins an emerging line of research
on generative Al models’ ability to simulate human legal
judgments. In particular, we study how large language model
(LLM)-powered chatbots respond to series of questions about
legal reasonableness. When the law needs to judge the appro-
priateness of a behavior, it most often asks whether the be-
havior was “reasonable.” Yet despite the ubiquity of reason-
ableness judgments, they are the site of constant vexation for
lawyers, judges, and lay people. Reasonableness seems inher-
ently vague and unpredictable, since it relies on variable con-
text and implicit conceptual schemas. Moreover, many schol-
ars caution that reasonableness judgments may vary along de-
mographic lines. We compare the answers of human partici-
pants to those of twenty-six LLMs across twenty-five differ-
ent legally relevant reasonableness judgments. Overall, our
findings suggest that chatbot responses generally track those
of human participants. Nonetheless, we find some sugges-
tive—and potentially concerning—results. Compared to hu-
mans, LLMs generate more homogeneous responses and oc-
casionally treat a variable standard as an invariant rule. And,
compared to humans, LLMs tend to generate answers that
are more favorable to the government and to corporations. Fi-
nally, our results indicate that LLMs’ responses tend to align
more closely with those of respondents who are white, male,
older, and more educated. More systematic research is needed
to confirm or reject these initial findings.

1 Introduction

The popularity and fluency of generative Al chatbots like
ChatGPT and Claude has led people to increasingly use
these tools to answer a variety of different questions—about
health, careers, relationships, and beyond. Given the per-
ceived helpfulness and convenience of using chatbots in
these domains, scholars, journalists, and even federal judges
have contemplated the possibility that Al could aid in var-
ious legal decision-making tasks and even, potentially, re-
place juries. Just as “silicon sampling” is being pushed in
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the social sciences (Argyle et al. 2023; Dillion et al. 2023;
Bisbee et al. 2024), “silicon jurors” may soon begin to im-
pact the law (Grimm, Grossman, and Coglianese 2024).

In this paper, we contribute to the emerging research on
Al’s ability to simulate human legal judgments (Posner and
Saran 2025). To do so, we assess how Al chatbots respond to
a series of questions about legal “reasonableness.” When the
law seeks to regulate the behavior of individuals or parties,
the standard it most often reaches for is “reasonableness.”
Variations from a contract’s terms will be judged by their
reasonableness. Government actions will often be subject to
a standard of reasonableness across many fields. And most
paradigmatically, torts defendants are generally required to
exercise ordinary reasonable care.

Reasonableness judgments represent an exciting oppor-
tunity to study Al behavior for at least two important rea-
sons. First, reasonableness is a legal “standard” rather than a
“rule.” That is, determining what is reasonable is a matter of
judgment, not simply the identification of some explicit at-
tribute. Standards are vague in ways that rules are not. Sec-
ond, for decades, scholars have argued that people’s judg-
ments of reasonableness may vary along demographic lines.
The seemingly objective reasonableness standard, they sug-
gest, may preference a particular version of behavior as nor-
matively desirable while ignoring other accounts (Chamallas
2018; Kahan and Braman 2006).

Studying how chatbots respond to prompts that call for
undefined answers that may vary demographically will help
us evaluate their use in a variety of important contexts, from
answering laypeoples’ questions to supplementing legal or
judicial decision-making. Our results have implications both
for emerging legal issues as well as the wider scholarship on
silicon sampling.

Our Contributions:

* We compare how twenty-six LLM models from Meta,
Google, Anthropic, OpenAl, DeepSeek, and xAl respond
to judgments about the reasonableness of legally relevant
scenarios. We compare the models’ responses to those of
500 human participants who were asked about the same
scenarios.

* We find that LLM response distributions are statistically
distinguishable from human response distributions, yet
often remain concentrated within the empirical range of



human responses, broadly tracking human notions of rea-
sonableness.

* Further analysis reveals that models tend to generate an-
swers that are more favorable to the government and cor-
porations and align more closely with those of respon-
dents who are white, male, older, and more educated.

2  Why and How Reasonableness Matters to
Law

Virtually every area of the law incorporates a standard of
reasonableness or its opposite, unreasonableness. There is
perhaps no more widely used term across legal doctrines
than “reasonable.” Here, we briefly review the law’s uses of
reasonableness and the debates about its meaning. We also
explore recent research measuring lay people’s reasonable-
ness judgments and whether reasonableness judgments may
vary along demographic lines.

2.1 Reasonableness in the Law

What does it mean to be reasonable, legally speaking? To
explore the law’s use of the concept it is perhaps easiest to
think about its paradigmatic use in tort (personal injury) law.
Generally speaking, a defendant will have to compensate a
victim for the harm they caused when the defendant’s con-
duct was negligent, which means that the defendant failed
to exercise reasonable care when undertaking some activity,
such as maintaining the safety of its premises. The defen-
dant isn’t required to exercise extraordinary care, nor is its
responsibility only minimal care.

Consider, for example, the reasonable amount of time for
a grocery store to clean up a spill. The first thing to notice
about this inquiry is that it is often vague. The law doesn’t
demand that grocery stores clean up spills within three min-
utes or else face liability. It requires them to exercise rea-
sonable care under the circumstances. In legal theory, this
is the difference between using a “rule” and using a “stan-
dard.” Rules specify the conditions of compliance: the speed
limit is 45 miles per hour; poisons must be labeled; the Pres-
ident of the United States must be at least thirty-five years
old (Kaplow 2013). By contrast, standards require the exer-
cise of judgment based on other criteria. What is reasonable
for one party to do might be unreasonable for another party,
or circumstances might mean that what was once reason-
able no longer is. As Benjamin Zipursky explains, “A legal
provision operates as a standard rather than a rule when the
capacity to apply the provision turns on the ability to utilize
a relatively broader set of capacities for judgment, typically
including purposive reasoning” (Zipursky 2014).

But how should these judgments be made? On one hand,
we might determine whether the store was reasonable by
considering some statistical or empirical account of grocery
store behavior. We might want to know how long it takes
most stores or the average store to clean up a spill. Sep-
arately, we might answer it by contemplating how long it
should take, whether or not that is how long it typically
takes. That is, determining reasonable care is not simply a
matter of counting but rather a normative judgment about
appropriate or inappropriate behavior.
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Importantly, while many uses of the term “reasonable”
in the law are meant to reflect, at least in part, some em-
pirical measure of lay human behavior, attitudes, or beliefs,
other uses of the term may not. For example, antitrust law’s
prohibition on “unreasonable” restraints of trade does not
necessarily reflect any empirical or descriptive behavioral
component nor is it meant to closely map ordinary citi-
zens’ views of anticompetitive behavior (Areeda et al. 2020).
While some of the questions below represent the latter, most
of the questions in our study involve issues where lay judg-
ment is relevant.

2.2 Empirical Reasonableness and Demographic
Variation

Recently, scholars have begun surveying laypeople about
their reasonableness judgments (Jaeger 2020; Kahan and
Braman 2006; Tobia 2018). Following the experimental lit-
erature on normality (Bear and Knobe 2017), Tobia hypoth-
esized that laypeople’s reasonableness judgments would fall
between their beliefs about the average amount and the ideal
amount of some quantity (Tobia 2018). Thus, people’s judg-
ment of the reasonable number of weeks that a building
project would be delayed would fall between their judg-
ments of the average number of delayed weeks and the ideal
number of delayed weeks. He surveyed over two hundred
participants on thirteen different legally relevant scenarios
and confirmed his hypothesis (Tobia 2018). Below, we use
Tobia’s original thirteen questions plus twelve new questions
as the foundation for our study.

Whichever theoretical account of reasonableness one ac-
cepts, virtually all agree that laypeople’s reasonableness
judgments matter. But empirically studying people’s reason-
ableness judgments is also important in light of concerns
that, while the reasonableness standard projects neutrality,
it is inevitably biased or variable, at least in certain con-
texts (Alicke and Weigel 2021). For example, scholars have
suggested that men’s and women’s judgments of the reason-
ableness of a mistake about consensual sexual touching may
differ (Chamallas 2018; Shoenfelt, Maue, and Nelson 2002).
In addition, Black people’s views of the reasonableness of a
police stop might differ from white people’s (Bloom 2023).

3  Why Study AI Reasonableness
Judgements?

Given the potential complexity and variability of human rea-
sonableness judgments, and in light of increasing interest
in Al decision-making, understanding whether AI models
track human judgments about an uncertain legal standard
is valuable. How well do Al responses match those given
by humans, and, to the extent that they differ, do they do
so in systematic ways? These questions matter both for re-
searchers interested in legal decision-making and AI’s role
in it and for those studying the developments of and variance
between Al models.

3.1 Al and Legal Judgment

Reasonableness judgments present a fascinating opportunity
to study Al decision-making for a number of reasons. First,



there is increasing interest in AI’s capacities to track and
predict human judgment. Some scholars anticipate a time
in the not-too-distant future when Al decision-making will
be able to replace, or at least supplement, human decision-
making in legal settings (Cardoso et al. 2024; Winter 2022).
If LLMs’ legal judgments generally mimic humans’, the
time and expense of litigation could be substantially dimin-
ished. In a recent opinion, Judge Kevin Newsom of the 11th
Circuit Court of Appeals wrote: “Might LLMs be useful
in the interpretation of legal texts? Having initially thought
the idea positively ludicrous, I think I'm now a pretty firm
‘maybe.”” (J.Newsom 2024).

Studying Al reasonableness judgments is also interesting
because reasonableness judgments involve the application of
standards rather than rules. Answers to these questions can-
not simply be arrived at from a search of relevant documents.
Rather, humans rely on various schemas, norms, and empiri-
cal criteria when determining whether conduct is reasonable.
Figuring out how these judgments are made—when only
focused on human decision-makers—is already an enor-
mously complex challenge, because both the inputs and their
relative weights are largely unknowable. Thus, to the ex-
tent that Al judgments correspond to human judgments, the
Als have achieved an impressive conceptual task. Recent re-
search by Arbel provides initial evidence that chatbots do, in
fact, reflect some human conceptual schemas when making
legal decisions (Arbel 2027).

3.2 Al Homogeneity

Recent evidence suggests that LLMs exhibit systematic ho-
mogeneity in open-ended generation, both within a sin-
gle model’s repeated outputs and across different models’
outputs (Bommasani et al. 2022; Jiang et al. 2025). Jiang
et al. formalize this concern with a large-scale evaluation
of open-ended prompts, reporting an “Artificial Hivemind”
effect characterized by within-model repetition and even
stronger across-model homogeneity in responses. That is,
models converge to strikingly similar responses on open-
ended prompts (Jiang et al. 2025). Similarly, Wenger and
Kenett show that in standardized creativity tasks, LLM re-
sponses are substantially more similar to one another than
human responses are to each other, even after controlling for
variations in response structure (Wenger and Kenett 2026).
Collectively, this evolving branch of research suggests
homogeneity may be a broader property of LLMs. This is
likely amplified by the possibility that many frontier LLMs
draw from overlapping web-scraped “data commons,” espe-
cially large, shared corpora such as those derived from Com-
mon Crawl (Vu, Reeves, and Wenger 2025). More broadly,
because LLM training objectives reward the efficient cap-
ture of statistical regularities and benchmark-optimized be-
havior, LLMs may naturally compress toward a relatively
small set of high-probability response modes (Cropley 2025;
Huh et al. 2024). This tendency is further reinforced by
the widespread use of shared architectural paradigms (Kim
et al. 2025) (e.g., transformer-based models), similar pre-
training objectives (next-token prediction), and overlapping
fine-tuning and alignment procedures across model families
(Li et al. 2026; Vu, Reeves, and Wenger 2025). As a result,
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even independently trained models may converge on similar
internal representations and output patterns when faced with
open-ended prompts.

In contrast, human judgment is intrinsically heteroge-
neous, shaped by diverse life histories, values, cultural back-
grounds, and contextual priors that introduce variability that
is not optimized away by a common objective function. This
asymmetry suggests that homogeneity in LLM responses is
not merely incidental, but a structural consequence of con-
temporary model design and training practices.

4 Study Design

We study whether LLMs’ answers to legal reasonableness
questions match human answers and whether they diverge
in systematic ways. Because these questions do not have
uniquely correct numerical answers, our focus is on the com-
parative distribution of human and model judgments rather
than on legal correctness or any specific reasoning process.
We therefore elicit models’ responses without additional
factual context, retrieval, or sophisticated prompting scaf-
folds. The study consists of two principal parts. First, a sur-
vey of human participants to elicit their judgments of the
reasonable or ideal amount of twenty-five legally relevant
scenarios, and second, prompting LLMs with just the rea-
sonable portion of the human survey, asking for their rea-
sonable amount of the same twenty-five scenarios.

4.1 Study Questions

We pose questions about twenty-five legally relevant scenar-
ios that are or might be governed by a reasonableness stan-
dard in the law, which we deployed to a sample population of
500 humans (see Appendix! Table 4 for demographic cover-
age details) and twenty-six LLMs (see Appendix Table 5 for
model coverage details). The questions cover scenarios that
are significant to a range of different legal fields, including
torts, contracts, immigration, employment, criminal proce-
dure, and family law. We adopted all thirteen of the ques-
tions that Tobia used in his survey (Tobia 2018), with an
additional twelve questions to expand the categories tested.

Although scholars have increasingly studied Al models’
abilities to engage in sophisticated legal reasoning tasks us-
ing complex and contextual scenarios (Steging, Renooij, and
Verheij 2025; Guha et al. 2023; Zheng et al. 2021; Chalkidis
et al. 2022), we have intentionally chosen a series of sim-
ple, low-context prompts requesting numerical estimates of
legally reasonable quantities. While this choice has draw-
backs, it also has benefits. First, it aligns with the existing
empirical literature on legal reasonableness. Second, these
questions are similar to the ones that laypeople are likely to
ask language models, at least in the first instance. Third, and
most importantly, our approach provides clear, easily inter-
pretable assessments of models’ central tendencies and re-
sponse distributions. We ask participants to provide the rea-
sonable or ideal:

1. number of days taken to accept a business contract when
no deadline is specified

"For all Appendix references henceforth, please refer to
arXiv:2609.06769



. number of weeks taken to return a product ordered online
when the warranty does not specify

. number of hours taken to reflect on an exciting but risky
business proposition

. amount of unexpected additional costs in a $10,000
building contract

. number of weeks that a building construction project is
delayed beyond its stated completion date

. number of loud events held at a football field close to a
quiet neighborhood, per year

. percent of profits that a car manufacturer spends on addi-
tional safety features

. percent of available medical details that a patient wants
to hear from his/her doctor

. number of weeks that a person has to wait before being
tried for a criminal charge

10. number of dollars per hour that a charity pays in attor-

ney’s fees for legal work for the charity

11. number of hours of notice that a landlord provides a ten-

ant before entering the unit for maintenance or repairs
12.
13.

interest rate for a loan

percent likelihood that a company found legally liable for
pollution will pollute again in the future

14. number of inappropriate comments made by a coworker

before they should be reported to a supervisor

15. number of minutes that a typical police traffic stop should

take

amount of monthly balance someone should carry on a
credit card with a $30,000 limit

number of days the government can detain an immigrant
to remove them from the country

16.
17.

18. number of weeks the police can use a location tracker

like GPS on a crime suspect’s care without a warrant

19. price that a city can charge for a permit to host a demon-

stration in a public park

20. additional percentage of a restaurant bill that can be

added for a “living wage fee” for kitchen staff

21. difference between the mileage of a used car whose

odometer reads 150,000 miles and the actual mileage
22.
23.
24,

number of yearly data breaches in a technology company
number of hours 12 year old child can be left home alone

number of dating partners that a divorced parent can in-
troduce their 10 year old child to in a year

25. number of months an employer can restrict a former
employee from working for its competitors with a non-

compete agreement

A randomized subset of human participants were asked
to give the ideal quantity, while the rest were asked to give
a reasonable one. This was because, if LLMs varied from
humans, we wanted to know whether they tended toward or
away from the ideal. Both the human reasonable and LLM
respondents were given the following initial text to guide
their responses to the above questions: Below, we ask you
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to estimate the reasonable quantity of a number of different
things. Please note that you are not in any way being eval-
uated on these judgments, and we ask that you do not con-
sult outside sources. In the following question we ask you to
Jjudge the legally reasonable quantity of a number of differ-
ent things. We ask you to imagine that you are making these
Jjudgments in a legal setting for a legal purpose. Human ideal
respondents had a similar prompt but with “reasonable” re-
placed with “ideal.”

4.2 Human Participants Survey

After receiving institutional IRB approval for our study de-
sign?, we recruited 500 participants using the online plat-
form Prolific to complete a survey composed of the above
prompt and questions. Participants were paid an average of
$12.57 per hour, prorated to completion time, and completed
the survey and a brief demographic questionnaire in an av-
erage of 6 minutes and 41 seconds. Approximately half of
our participants were asked about the reasonable amount of
these behaviors, while the other half were asked for the ideal
amount.

Consistent with prior work on legal reasonableness judg-
ments, we applied outlier trimming at the question level
rather than excluding entire respondents. This approach pre-
serves statistical power by retaining otherwise valid partic-
ipants while preventing a small number of extreme values
from dominating question-specific estimates. Because sev-
eral questions exhibited sparse, long-tailed response distri-
butions that inflated the mean and standard deviation, we
used the standard 1.5xIQR (inter-quartile range) rule to iden-
tify and remove extreme outliers. Importantly, this proce-
dure is nonparametric and scale-free, making it well-suited
to the heterogeneous units used across our questions (e.g.,
days, dollars, percentages), as it does not assume normal-
ity. This trimming step is conservative with respect to our
subsequent hypothesis tests. Human responses are naturally
more dispersed than model outputs, so removing extreme
human outliers reduces heteroskedasticity and improves the
comparability of human and model distributions without ar-
tificially increasing alignment. We use nonparametric statis-
tical tests in our methodology to circumvent the impact of
outlier handling procedures (retained observations per ques-
tion after trimming are reported in Appendix Table 6).

4.3 Surveying AI Models

Using model APIs, we directly prompted twenty-six LLMs
through a custom stateless pipeline that iterated over mod-
els and prompts. Models were provided the same con-
text as humans via the system prompt with [Don’t pro-
vide any reasoning or thinking, just provide your reason-
able quantity without units.] appended. We therefore sam-
pled each model—question pair twenty times to estimate each
model’s distribution of reasonable values. Prompting param-
eters were held constant across models. In particular, decod-
ing settings such as temperature and top-p were fixed at their
default values of 1 to ensure that observed differences across

2Study approved by the Duke Univeristy IRB Protocol 2026-
0109



models reflect model behavior rather than parameter vari-
ation, while still permitting stochastic sampling from each
model’s full token distribution.

For some model outputs, minor post-processing was ap-
plied to extract numeric unitless responses and to remove
malformed outputs. When numeric responses could not eas-
ily be extracted, those observations were recorded as Not-
A-Number (NaN). All post-processing steps were applied
consistently across models. Models, like humans, produced
some extreme outliers. For consistency, we applied the same
1.5xIQR trimming procedure to model responses as was
used for the human data. In questions where the IQR was
zero, we applied a 3¢ fallback rule to retain as much infor-
mation as possible. As discussed in the methodology and
results section, this preprocessing step does not materially
affect the validity or power of our statistical tests (effective
sample size for each model and question is reported in Ap-
pendix Table 6).

4.4 Research Questions

Each of the twenty-five reasonableness questions yields a
distribution of human and LLM responses, collected via the
metholodogy of §4.2 and §4.3. From these responses, we
study two key research questions. These questions, and our
corresponding analysis tools, are described below.

RQ1 Analysis Tools. To answer RQI, we compare
the distributions of model and human responses using
three complementary statistical tests designed to cap-
ture distinct aspects of distributional similarity: dispersion
(Brown-Forsythe), overall distributional divergence (Kol-
mogorov—Smirnov), and directional stochastic dominance
(Brunner—Munzel). These tests are well-suited to our data,
which exhibit skew and multimodality (see Figure 1), vio-
lating the assumptions required for mean-based parametric
methods. All three tests are valid under unequal variances
and sample sizes. The tests are described in detail below.
Brown—Forsythe test for heteroscedasticity. To test
whether models and humans differ in response variability,
we apply the Brown—Forsythe test. For each group g €
{human, model} with observations {y,;}?;, we compute
the group median g, = median(yg1,...,¥Ygn,), and then
form absolute deviations zg5; = |yg — ¥g|. The Brown—
Forsythe statistic is obtained by performing a one-way
ANOVA on {z4; } across the two groups, testing whether the
mean absolute deviation differs between humans and mod-
els. The null hypothesis is human and model variances are
equal, and the alternative hypothesis is that they differ, e.g.
Hy : O'}?uman = Ur%odeh Hy a'l?uman # Ur2n0del'
Kolmogorov—Smirnov test for distributional equality. To
test whether model and human responses are drawn from
the same underlying distribution, we use the two-sample
Kolmogorov—Smirnov test, which compares the empiri-
cal cumulative distribution functions (ECDFs) of the two
groups. Let Fy(x) and Fps(x) denote the ECDFs of the
human and model samples, respectively. The test statistic is

RQ1: Are models “human-like” in their responses to
judgements on reasonableness at the question level?
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D = sup,|Fy(x) — Far(z)|, which measures the maximum
vertical distance between the two ECDFs. Large values of
D indicate systematic differences in the location, spread, or
shape of the two distributions. The null hypothesis is that the
two samples come from the same empirical distribution, and
the alternative hypothesis is that they come from different
empirical distributions, e.g. Hy : Fy(x) = Fy(z)Va, Hy :
Jx such that Fiy(z) # Fa ().

Brunner—Munzel test for stochastic dominance. To as-
sess whether models (or humans) tend to give systemati-
cally larger responses than humans (or models), we use the
Brunner—Munzel test. This test evaluates the stochastic dom-
inance parameter p = P(M > H) + 1P(M = H), where
M and H denote random draws from the model and human
response distributions, respectively. This quantity represents
the probability that a randomly drawn model response ex-
ceeds a randomly drawn human response, with ties split
evenly. Values of p > 0.5 indicate that models tend to give
larger responses than humans, while p < 0.5 indicates the
reverse (Hy : p = 0.5, Hy : p # 0.5).

For each test, we apply the procedure independently to
each question (twenty-five tests total) and control family-
wise error rate across questions with a Bonferroni correc-
tion.

RQ2: Do models exhibit any systematic variation from
humans in their responses to judgments on reasonable-
ness across questions?

RQ2 Analysis Tools. To answer RQ2, we first identify
demographic dimensions with meaningful variation among
humans, then assess whether model predictions align more
closely with one subgroup than another using regression.
Additionally, we examine cross-question variation patterns
using the cosine similarity metric.

Demographic analysis. We evaluate demographic varia-
tion across several stages. First, we coarsen each demo-
graphic variable into two primary groups in order to create
more balanced comparisons while preserving substantively
meaningful distinctions. These binary groupings allow us to
conduct statistical comparisons with adequate sample sizes
while still reflecting interpretable demographic contrasts.
Gender categories with very low coverage are excluded at
this stage because their sample sizes are too small to support
reliable statistical comparison.

Age is collapsed into 18—44 years old, and 45+ years old.
Ethnicity is recoded into White (self-reported “White” only)
and Non-White (all other responses, including multiracial
and non-White categories). Education is collapsed into As-
sociates or less and Bachelors or more. Gender is analyzed
using Man and Woman as the two comparison groups. These
binary demographic groups are used consistently through-
out the analysis, both in the per-question regression models
(see question-level regression analysis in Appendix) and in
the cross-question cosine-similarity embeddings. In parallel,
model responses are grouped by model family, allowing us
to evaluate demographic alignment against families of mod-
els.

Cosine similarity for across question reasonable judg-
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ment bias. Finally, we examine cross-question alignment
between models and humans using cosine similarity. We
represent each group—human demographic subgroups and
model families—as a vector in a 25-dimensional space,
where each dimension corresponds to one reasonableness
question. Because the questions differ in units and scale,
we apply per-question min—max scaling jointly across all
human and model vectors prior to computing similarities.
This normalization ensures that each question contributes
comparably and that cosine similarity reflects relative re-
sponse patterns across questions rather than raw numeric
magnitude. In this way, alignment captures whether mod-
els and humans exhibit similar profiles of judgment across
the full set of scenarios, rather than agreement driven by
a small number of high-variance or large-scale questions.
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For humans, we construct group-level response profiles by
taking both the mean and the median across respondents
within each demographic subgroup (age, gender, education,
and ethnicity). For models, we compute analogous vectors
at the model-family level by aggregating responses across
all models belonging to each family. These group-level vec-
tors summarize typical response patterns while abstracting
away individual-level noise.

We then compute cosine similarity between each model-
family vector and each human subgroup vector, using both
mean-based and median-based representations. This yields a
measure of how closely each model family’s pattern of rea-
sonableness judgments aligns with those of specific human
demographic groups across the entire 25-question survey.

We substantiate whether this cosine similarity matrix



reflects meaningful demographic structure by performing
a Monte Carlo sampling procedure over the scaled re-
sponse space. For each demographic split (gender, ethnic-
ity, age, and education), we construct empirical distribu-
tions of cosine similarities by repeatedly sampling survey
response vectors for both models and each human demo-
graphic group, drawing each response independently from
each question pool (see Appendix Figure 3). This produces
paired normal distributions of model-human cosine similar-
ities for each subgroup, allowing us to estimate the expected
alignment between models and each demographic group.
We then compare these distributions using two-sample t-
tests on their means, assessing whether models exhibit sys-
tematically different levels of alignment across demographic
groups.

5 Key Findings
5.1 Result of RQ1 analysis

(In general, LLMs do a fairly good job of tracking hu—\
man reasonableness judgments. Their responses tend to
align with humans’ responses to a set of challenging le-
gal questions. Nonetheless, LLMs exhibit some inter-
esting differences: they are more prone to homogene-
ity and they appear to be more pro-government and pro-

L corporation.

J

LLM/Human Alignment. Table 1 summarizes our three
statistical comparisons between human and model responses
for each of the twenty-five reasonableness questions. As de-
scribed in the methodology, each test captures a distinct no-
tion of statistical similarity between models and humans:
the Brown—Forsythe test evaluates differences in response
dispersion, the Kolmogorov—Smirnov test assesses global
distributional equality, and the Brunner—Munzel test evalu-
ates directional stochastic dominance. To best illustrate how
to interpret the significant results, consider first the non-
significant results of Q5 (Construction Delay) and Q14 (In-
appropriate Comments) across all three tests. For these two
questions, there is insufficient evidence to conclude that hu-
mans and models differ in spread, overall distribution, or re-
sponse tendency. In Figure 1, we visualize the distribution
of responses across the Human Ideal, Human Reasonable,
and Model Reasonable surveys using violin plots. Looking
at these, the non-significant results of Q5 and Q14 are easy
to confirm. The reasonable and model distributions overlap
closely in both shape and central tendency.

To illustrate the Brown—Forsythe results, consider Q7
(Profits on Safety). The very large statistic (W=453.42) in-
dicates an extreme and statistically significant difference
in response dispersion, with human judgments exhibiting
far greater variability than the tightly clustered model out-
puts. This reflects a substantive difference in within-group
disagreement and is also clearly visible in the correspond-
ing violin plot. To illustrate the Kolmogorov—Smirnov re-
sults, Q10 (Attorneys’ Fees) provides a particularly strik-
ing example. The KS statistic (D=0.75) indicates a large
and statistically significant separation between the human
and model distributions. That is, there exists a threshold
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at which the cumulative share of human and model re-
sponses differs by 75 percentage points, reflecting major
differences in both distributional shape and location. Fi-
nally, to illustrate the Brunner—Munzel results, Q17 (Im-
migrant Detention), P(model>human)=0.94 indicates that
model responses exceed human responses in approximately
94% of pairwise comparisons, revealing strong stochastic
dominance of model judgments over human judgments for
this question. This too is visible on the corresponding violin
plot.

Though many questions exhibit statistically significant
differences between human and model responses, the mag-
nitudes of these differences vary substantially across the
three tests. Out of twenty-five questions, twenty show signif-
icant Brown—Forsythe results, twenty-three show significant
Kolmogorov—Smirnov results, and nineteen show significant
Brunner—Munzel results after correction, with sixteen ques-
tions significant under all three tests. The Brown—Forsythe
results frequently correspond to very large effects, reflecting
the pronounced homogeneity of model outputs relative to
the much broader spread of human judgments. This pattern
is consistent with the tightly clustered model distributions
observed in the violin plots and in the MAD table.

By contrast, many of the statistically significant
Brunner—Munzel and Kolmogorov—Smirnov results corre-
spond to more moderate effect sizes. Among the nine-
teen questions with significant Brunner—Munzel results,
only four exhibit extreme stochastic dominance (with
P(model>human)>0.80 or <0.20), while the remaining
significant cases reflect smaller but systematic directional
shifts. Similarly, although twenty-three questions are signifi-
cant under Kolmogorov—Smirnov, only four show very large
separations (D>0.50), indicating that many distributional
differences, while reliable, do not involve near-complete
separation of the human and model distributions. This pat-
tern underscores that models often differ from humans in re-
sponse variability even when their central tendencies remain
within the range of human judgments.

Despite applying outlier handling across all three distri-
butions, long tails persisted in several of the model response
distributions. Notably, this pattern reflects a lack of intrin-
sic variability in the models rather than genuine dispersion.
For example, in Q19 (Permit Price), nearly all model re-
sponses fell between 0 and 100, with both the 25th and
75th percentiles equal to fifty, yielding an IQR range of 0.
The same collapse of the IQR occurred for Q11 (Landlord
Notice), Q15 (Traffic Stop Duration), Q22 (Data Breaches),
Q23 (Child Alone), and Q24 (Dating Partners); in Q11 in
particular, responses were almost perfectly homogeneous,
with most models returning 24.

At the same time, a small number of extreme model out-
puts appear in the distribution tails. These sparse outliers are
neither removed by the IQR rule, which becomes ineffective
when the IQR collapses to 0, nor our fallback 3¢ rule, which
itself is sensitive to extreme tails. The result is violin plots
with concentrated central mass and elongated, low-density
tails, showing largely consistent model behavior with occa-
sional outlier responses.

Crucially, the statistical comparisons we report are ro-



Brown-Forsythe

Kolmogorov-Smirnov Brunner—-Munzel

Question w Significance D Significance P(M > H) Direction Significance
QI: business contract acceptance (days) 67.01 HAE 0.22 Ak 0.51 Model >

Q2: product return (weeks) 40.18 wE 0.19 wkE 0.41 Human >  **
Q3: reflection on risky proposition (hours) 30.17 HAE 0.23 Ak 0.55 Model >

Q4: additional costs ($) 148.49 HE 0.44 wkE 0.22 Human >  #%%*
Q5: construction delay (weeks) 5.21 0.14 0.52 Model >

Q6: loud events per year (events) 186.08 HE 0.25 wkE 0.52 Model >

Q7: profits on safety (%) 453.42 Hokk 0.59 ok 0.17 Human >  **¥*
Q8: medical details disclosure (%) 61.73 HE 0.17 wk 0.50 Human >

Q9: wait before trial (weeks) 0.15 0.49 HkE 0.79 Model >  *#*
Q10: attorney’s fees per hour ($) 7.20 0.75 wkE 0.94 Model >  #*%*
Q11: landlord notice (hours) 376.11 Hkok 0.44 wkE 0.32 Human >  *#*%*
Q12: interest rate (%) 59.87 Hokk 0.40 otk 0.68 Model > #%%*
Q13: likelihood to pollute again (%) 114.24 HokE 0.41 ok 0.29 Human >  **¥*
Q14: inappropriate comments (count) 0.92 0.08 0.52 Model >

Q15: traffic stop duration (minutes) 140.07 Hkk 0.35 HoAk 0.66 Model >  ***
Q16: credit card balance ($) 57.08 HEk 0.30 Hk 0.36 Human >  #%%*
Q17: immigrant detention (days) 117.40 HokE 0.78 ok 0.94 Model > *%*
Q18: GPS tracking without warrant (weeks)  48.73 ko 0.21 Hk 0.62 Model >  #*%*
Q19: permit price ($) 186.72 HoAE 0.46 ok 0.32 Human > **¥*
Q20: living wage fee percentage (%) 17.43 Hokk 0.38 ok 0.62 Model > ##*
Q21: odometer discrepancy (miles) 66.46 HkE 0.49 HoAk 0.82 Model >  ***
Q22: data breaches per year (count) 79.52 HkE 0.27 HAE 0.36 Human >  #%%*
Q23: child left home alone (hours) 230.63 Rl 0.33 wAE 0.61 Model >  **
Q24: dating partners introduced (count) 2.85 0.34 HAE 0.67 Model >  #**%*
Q25: non-compete restriction (months) 209.83 HE 0.54 wAE 0.78 Model >  ***

Table 1: Brown—Forsythe (17), Kolmogorov—Smirnov (D), and Brunner—-Munzel (P()M > H)) statistics table ***, **, and
* denote Bonferroni-corrected p < 0.001, p < 0.01, and p < 0.05, respectively.

bust to these tail behaviors and to the inclusion or ex-
clusion of extreme model outputs. Our primary tests, the
Brunner—-Munzel test, the Kolmogorov—Smirnov test, and
the Brown—Forsythe test, are all nonparametric or rank-
based and do not rely on assumptions of normality, equal
variances, or well behaved means and standard deviations.
Rather than being driven by a small number of extreme val-
ues, these tests are sensitive to differences in distributional
shape, stochastic dominance, and spread across the full sam-
ple. As a result, the presence of sparse tail outliers in other-
wise highly concentrated model distributions does not ma-
terially affect inference. The detected differences between
human and model responses reflect systematic shifts in loca-
tion and dispersion across the bulk of the distributions, not
artifacts of a few extreme points.

LLM Homogeneity. We further explore this notion of
LLM homogeneity using a Median Absolute Deviation
(MAD) table (see Table 2). MAD provides a robust,
distribution-free measure of dispersion that quantifies how
tightly responses cluster around a central value, making
it well suited for our survey data. For a set of responses
{yi}?_,, MAD is defined as MAD median;|y; — 7,
where ¥ is the sample median. We compute MAD sepa-
rately for human and model responses on the reasonable
questions. In this context, smaller MAD values indicate
stronger agreement, meaning responses concentrate around
a shared canonical judgment, while larger MAD values indi-
cate greater disagreement and heterogeneity in what is con-
sidered reasonable.
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Pro-Government and Pro-Corporation Alignment. Fi-
nally, we observe several interesting tendencies in the model
results (see Table 1). First, the models’ responses tend to be
meaningfully more supportive of the government than hu-
man responses. Thus, the models allow significantly longer
detentions for traffic stops (Human median 12 vs LLM me-
dian 15 minutes), more time before a criminal defendant is
brought to trial (median 6 vs 12 weeks), longer warrantless
GPS tracking (median 1 vs 2 days), and longer detention of
immigrants before deportation (median 10 vs 90 days). Sec-
ond, the models may lean more towards corporate interests
than do our human participants. For example, they support
significantly less money spent on safety (Human median 15
vs LLM median 5 percent), they think corporations are less
likely to pollute again (median 50 vs 30 percent), and they
allow much longer non-compete restrictions (median 6 vs
12 months). Other questions are more ambiguous on this di-
mension (e.g. product returns and construction delays), war-
ranting further study.

5.2 Result of RQ2 analysis

Across the full range of reasonableness questions, LLMs
respond more like older, white, male, and more edu-
cated human respondents than they do the complemen-
tary groups.

While regression results (see Appendix) indicate that
strong, question-specific demographic alignment is rela-
tively rare, they do not rule out the possibility that more
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Figure 2: Model Family and Demographic Group Cosine Similarity, using median (left) and mean (right) response vectors.

Lighter cells indicate greater similarity.

Question Model MAD  Human MAD
Q9: wait before trial 4.0 4.0
QI16: credit card balance 1500.0 1500.0
Q22: data breaches per year 0.0 0.0
Q24: dating partners introduced 0.0 0.0
QI12: interest rate 1.5 2.0
Q18: GPS tracking without warrant 2.0 1.0
Q14: inappropriate comments 0.0 1.0
QI: business contract acceptance 2.0 3.0
Q2: product return 1.0 2.0
Q5: construction delay 0.5 2.0
Q23: child left home alone 0.0 2.0
Q20: living wage fee percentage 2.0 5.0
QO6: loud events per year 2.0 5.0
Q7: profits on safety 2.0 5.0
QI15: traffic stop duration 0.0 3.0
Q3: reflection on risky proposition 24.0 21.0
Q10: attorney’s fees per hour 50.0 40.0
Q13: likelihood to pollute again 10.0 25.0
Q17: immigrant detention 60.0 8.0
Q19: permit price 0.0 75.0
Q4: additional costs 0.0 500.0
Q21: odometer discrepancy 2000.0 100.0

Table 2: Median Absolute Deviations (MAD), more ho-
mogenous in bold.

subtle patterns of model leaning emerge when responses
are considered in aggregate. Even when individual questions
show only small or statistically insignificant differences,
consistent shifts in the same direction across many questions
could accumulate into meaningful demographic alignment.
To examine whether such high-dimensional structure exists,
we therefore turn to patterns of similarity across all twenty-
five questions simultaneously.

Across questions, the cosine similarity analyses reveal
consistent structure. In both the median-based and mean-
based embeddings in Figure 2, the response profiles of men,
white respondents, more educated respondents, and older re-
spondents are more similar to every model family than those
of their complementary groups. The fact that this pattern ap-
pears in both plots suggests that it is not driven by outliers
or distributional skew, but may suggest a systematic subtle
alignment in the way models and these demographic groups
respond across the full set of reasonableness judgments.
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Since all model families exhibit broadly similar alignment
gradients across demographic groups, we aggregate across
models and compare their overall alignment to each human
subgroup. Under this pooled view, the Monte Carlo cosine-
similarity analysis reveals statistically detectable differences
in mean alignment across all four demographic splits re-
ported in Table 3. Models are, on average, more closely
aligned with men than women, with white than non-white
respondents, with older (45+) than younger (18—44) respon-
dents, and with respondents holding a bachelor’s degree or
higher than those with less education.

While the absolute shifts in cosine similarity are mod-
est, the consistency of these differences across thousands
of sampled model-human pairings indicates that model rea-
sonableness judgments are not demographically neutral. In-
stead, they exhibit systematic variation in their alignment
with different human groups. Moreover, because these com-
parisons are made in a 25-dimensional response space, even
small per-question variations can compound across dimen-
sions, leading to more substantial aggregate differences in
how models encode and reproduce patterns of reasonable-
ness across demographic groups.

Future work should examine a broader range of mod-
els, alongside larger and more demographically diverse hu-
man samples. This would help determine whether the ob-
served alignment patterns generalize beyond the models and
datasets studied here and whether models preserve, amplify,
or diminish demographic differences in human judgments.

6 Discussion and Implications

This study contributes to the emerging line of research
studying generative Al decision-making in a variety of con-
texts, including especially the law (Albashrawi 2025; Win-
ter 2022). Legal reasonableness is an inherently variable and
vague standard that typically lacks any connection to ground
truth. Our principal finding is that AI models perform fairly
well at open-ended legal decision-making tasks, at least to
the extent of matching human participants’ judgments. Al-
though we do note some suggestive divergences that are
worthy of future research.

Across a wide range of legal contexts, Al models generate



Split Group A Group B Mean 4 SDa Meanp SDgp t Cohen’s d
Gender Man Woman 0.7020 0.0729 0.6945 0.0750  7.17*** 0.10
Ethnicity ‘White Non-White 0.7020 0.0727 0.6856 0.0754 15.63*** 0.22
Age 45+ 1844 0.7056  0.0725 0.6909 0.0746  14.15*** 0.20
Education  Bachelors+  Associates or less  0.7056  0.0737 0.6874  0.0735 17.52*** 0.25

Table 3: Independent two-sample ¢-tests, comparing mean alignment scores across demographic groups.

responses that are similar to human responses. Although the
models often provided answers that were statistically differ-
ent from humans, our total impression is one of overall co-
herence. When looking across the range of questions in our
survey, the models’ responses did a strong job of approxi-
mating the human responses—even for an inherently vague
legal standard. For no question is the mean or median re-
sponse from the models wildly divergent from the human
response. Simple visual analysis of the violin plots in Fig-
ure 1 indicates that both the central tendencies of the models
and their overall distribution of responses tend to match the
human reasonableness responses.

We stress that the answers to legal reasonableness judg-
ment questions are unlikely to exist in LLMs’ latent train-
ing data in the way that the answer to a legal question like
“What is the minimum age for a U.S. Senator?” will be. Yet
the models were able to generate answers that often approx-
imated human responses. Despite the general success of the
models at approximating human judgments, they did have
some divergences that are worthy of sustained study.

Model Homogeneity. First, for some of the questions, the
Al models demonstrate a tendency towards homogeneity
that is not present in the human responses. Legally speaking,
the models treat a legal standard like a legal rule. For exam-
ple, on the question about the reasonable amount of notice
a landlord must provide a tenant before entering their apart-
ment, the models almost uniformly answer 24 hours. We see
similar, if somewhat less stark, levels of homogeneity for the
questions about profits spent on safety (Q7, 5%), the price of
a permit for a demonstration (Q19, $50), data breaches per
year (Q22, 0), and months of non-compete restrictions (Q25,
12). Again, all of these are governed by reasonableness stan-
dards rather than rules, yet the models respond more homo-
geneously than humans do.

This finding has implications for emerging concerns about
model homogeneity (Huh et al. 2024; Jiang et al. 2025;
Wenger and Kenett 2026). While there might be many tasks
for which we expect models to generate homogeneous an-
swers, there are many others—including in the legal do-
main-where homogeneity may be costly. It might be prob-
lematic, for example, if model responses to some questions
fail to represent the variation and heterogeneity of human
judgments and instead proceed as if there were only one cor-
rect answer. This could be especially concerning in fields
that require creativity and in settings where multiple re-
sponses could be suitable, such as legal or policy decisions.

Model Tendencies and Demographic Comparisons. Al-
though the AI models tend to track human reasonableness
judgments, our results may suggest some systematic differ-
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ences, including pro-government and pro-corporation bias
as noted in §5.1, as well as our finding that LLMs align more
closely with male, white, older, and more educated respon-
dents than they do with complementary groups (§5.2).

While these findings are preliminary, they are sugges-
tive of concerning patterns of LLM behavior. A substantial
emerging literature studies the extent to which LLMs gener-
ate answers that lean towards one end of the political spec-
trum or the other. Our results run counter to some recent
findings that AI chatbots tend to produce more “liberal” re-
sponses (Rozado 2024; Schwenzow 2023). One possible dif-
ference is that our questions are less obviously politically
sensitive than those in other studies. But, because we do not
know our respondents’ politics, it is also possible that our
sample skews liberal.

In future research, we plan to expand our demographic
sample of human respondents, including by oversampling
groups that are less well represented in our data. It would
also be helpful to include specific questions about respon-
dents’ politics. To further study our findings about models’
pro-government and pro-corporation leanings, we plan to in-
troduce more questions that address these issues. Finally, we
plan to expand the LLM survey by adding a longitudinal
component and by adding models, including the new legal
research tool LLM Harvey.

7 Limitations

Recent scholarship has begun to study Al legal decision-
making in sophisticated, context-dependent scenarios (Ro-
tolo, Di Florio, and Governatori 2025; Bomfim et al. 2025;
Linna and Linna 2026). Our aims are more modest. Because
we are interested in understanding LLMs’ central tendencies
and distributions, we have necessarily sacrificed meaning-
ful nuance required to evaluate legal reasoning. In addition,
our questions were not conceived with the goal of detect-
ing pro-government or pro-corporate responses from LLMs.
Further research in this direction should employ queries that
are more clearly targeted to study existing bias. And future
work could use broader demographic sampling and a wider
range of models to disentangle sources of variation in these
preliminary findings.
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model responses.
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