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Abstract

Can LLMs make metalinguistic judgments?
While LLM embeddings are often regarded as
high-quality semantic representations, it is not
clear that prompting an LLM is a useful way
to obtain metalinguistic insights (e.g., whether
a DIY gun kit is a “firearm”). While some
prior work has suggested LLM prompting can
simulate surveys with human participants, com-
putational studies in the domain of legal inter-
pretation have found that LLMs are unreliable
for metalinguistic judgments due to prompt sen-
sitivity. However, these studies did not directly
compare humans and LLMs on identical tasks,
nor did they test so-called “reasoning” models.
The current study addresses these gaps by di-
rectly comparing the robustness of human and
LLM judgments (with and without reasoning)
in an English-language legal interpretation task.
Our results show that LLMs were more sen-
sitive to irrelevant prompt features compared
to human participants. Enabling reasoning
improved the stability of LLM responses. How-
ever, even reasoning model outputs had only
moderate correlations with human judgments,
and all models sometimes output interpreta-
tions that no humans reached in response to
the same prompt. We conclude that while
reasoning decreases prompt sensitivity, LLMs
are still poor proxies for human metalinguistic
judgments.

1 Introduction

It is highly tempting to see querying LLMs as a
faster and cheaper alternative to traditional sur-
vey methods (Cho et al., 2024). This is espe-
cially true when the goal is to draw inferences
about the subject which LLMs purportedly know
best—language. LLMs train on vast stores of lan-
guage data, collected from books and the web, and
exhibit high performance on a wide range of lan-
guage tasks. However, these facts on their own do
not guarantee that LLMs can provide valid proxies

for human survey responses, not even in language
tasks.

Previous work has shown that although LLMs
encode high-quality semantic representations in the
form of word embeddings, LLM-generated met-
alinguistic judgments often do not reflect internal
model parameters (Hu and Levy, 2023). Related
work has shown that LLM-generated semantic cat-
egorizations show only moderate correlations with
human judgments (Heyman and Heyman, 2019,
2024; Pedrotti et al., 2025) and can fail entirely
when those judgments rely on nuanced seman-
tic knowledge (Misra et al., 2023). Indeed, even
when LLMs generate plausible responses to sur-
vey questions, they tend to be prompt-sensitive
(Bisbee et al., 2024; Chen, 2024; Choi, 2025), and
because optimal prompting strategies can be model-
dependent, it is difficult to know, a priori, which
prompting strategies are likely to produce valid
responses.

Although LLMs are clearly not perfect, it is
worth considering whether or not they are good
enough at these tasks to approximate human par-
ticipants. After all, human participants are not
always reliable. Indeed, Heyman and Heyman
(2024) found that the difference between their hu-
man subjects’ responses on day one and day two
in a test-retest paradigm was almost as great as
the difference between the human and LLM re-
sponses. Furthermore, humans exhibit certain types
of “prompt sensitivity”, like acquiescence bias (the
tendency to agree rather than disagree with survey
statements; Moss, 2008) which can harm validity.
Therefore, in order to understand whether LLMs
can serve as useful proxies of human metalinguistic
judgments, it is necessary to directly compare the
performance of humans and LLMs under the same
task conditions. While some prior work has tested
whether or not LLMs show humanlike response
biases, such work has either compared LLM out-
puts to hypothetical “expected” human responses
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(Tjuatja et al., 2024; Chen, 2024) or attempted
to replicate previous human subjects experiments
with LLMs (Purushothama et al., 2026; Engel and
McAdams, 2024; Martínez, 2025). None of these
studies collected original data from both humans
and LLMs to compare their responses to identi-
cal prompt variations. Additionally, these studies
did not test whether so-called reasoning methods
(OpenAI et al., 2024b; Welleck et al., 2024; Snell
et al., 2025) could improve model performance.
The current study fills these gaps by directly com-
paring the robustness of human and LLM responses
(with and without reasoning) to identical prompt
manipulations (see Table 1). Specifically, we in-
vestigate these issues using an extensional judg-
ment task for legal interpretation (i.e., the analysis
of legal texts to determine their meaning, Kurzon,
2006), due to the high demand for reliable metalin-
guistic judgments in this context.

Our results show:
• Humans are less prompt sensitive than LLMs.
• Enabling reasoning decreases LLM prompt

sensitivity.
• Even reasoning LLMs do not consistently

match human judgments.

2 Background

Determining the “ordinary meaning” (Scalia and
Garner, 2011) of ambiguous legal texts is a central
problem for the U.S. judicial system. Courts have
devised a repertoire of canons (i.e., interpretive
heuristics) which are used to approximate ordinary
meaning, alongside supplementary tools like dic-
tionaries. More recently, however, the field of le-
gal interpretation has undergone an empirical turn
(Tobia, 2022) as scholars have begun to question
the extent to which these traditional tools reflect
ordinary meaning (Chen, 2025). While scholars
have proposed a number of new empirical meth-
ods, including surveys (Tobia, 2020) and corpus
linguistics (Solan and Gales, 2017; Tobia, 2021),
courts have generally been reluctant to adopt them,
due in part to both the financial costs and expertise
required (Hoffman and Arbel, 2024).

In light of these concerns, some judges (New-
som, 2024a,b) and legal scholars (Hoffman and
Arbel, 2024; Engel and McAdams, 2024; Datzov,
2025; Martínez, 2025) have proposed that LLMs
might serve as a cheaper and easier way to acquire
empirical data to inform interpretive questions.1

1This usage is distinct from using LLM as automatic evalu-

However, this proposal has not been without con-
troversy (Wilf-Townsend and Tobia, 2025). Critics
have raised concerns about the nonrepresentative-
ness of training data (Waldon et al., 2025), metalin-
guistic access (Waldon et al., 2025), transparency
(Lee and Egbert, 2024), interface design (Nielsen
et al., 2025), response reliability (Chen, 2024; Choi,
2025; Purushothama et al., 2026), and the possi-
bility that corporate engineering decisions could
unduly influence court rulings.2

As such, it is critically important to investigate
the validity of using LLMs as proxies for human
judgments in such legal interpretation tasks. While
all of these validity questions will eventually need
to be answered before LLMs can be safely used in
the courtroom, in this work, we focus specifically
on the issues of response reliability and approxima-
tion of human judgments.

Because prevailing legal theories require that
interpretations should align with the judgments of
“ordinary speakers” (Scalia and Garner, 2011), we
tested LLM interpretations against a representative
U.S. sample of English speakers (Tobia, 2022) as
an interpretive gold standard.

3 Methodology

In order to evaluate the comparative prompt sensi-
tivity of humans and LLMs, we adapted the stimuli
set developed by Waldon et al. (2023). The stim-
uli set consists of 46 paragraph-long stories about
insurance claims. There are three variants of each
story with different expected interpretations: cov-
ered, not covered, and controversial.

We followed each item with either a positively or
negatively framed statement about whether or not
the claimant was covered (e.g., “John is covered”
vs. “John is not covered”) and instructions to select
“Agree” or “Disagree”. We systematically varied
whether each item was paired with a negative or
positive statement and the order of the answers, re-
sulting in 552 distinct item–prompt variations. The
experiment followed a 3 [version: covered, contro-
versial, uncovered] × 2 [frame: positive, negative]
× 2 [order: agree first, disagree first] design. This
experimental design is illustrated in Table 1.
Human subjects We recruited a representative
U.S. sample of 300 participants from the online re-

ators for NLP tasks (popularly referred to as LLM-as-a-judge;
Bavaresco et al., 2025).

2We recommend “Judges Shouldn’t Rely on AI for the Or-
dinary Meaning of Text” by Lawfare as an accessible reading
on this topic.
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Prompt

Chris’s car insurance policy includes coverage for “Vehicle Damage,” defined as “loss or damage to the policy holder’s 1) car;
or 2) audio equipment (while in the car).” One day, Chris is involved in a minor accident.

uncovered version controversial version covered version

His work laptop, which was in the car
at the time, was damaged.

His portable Bluetooth speaker, which
was in the car at the time, was damaged.

His car stereo system and speakers were
damaged.

Chris files a claim with his insurance company for the damage. Based on this definition, select your response to the following
statement:

positive frame negative frame

Chris is covered by the Vehicle Damage policy. Chris is not covered by the Vehicle Damage policy.

agree first order disagree first order

◯ Agree ◯ Disagree
◯ Disagree ◯ Agree

Table 1: Sample experimental item with prompt variations. For each item in the stimuli 12 (3 versions × 2
frames × 2 orders) experimental items are constructed. (For reference, an example conditioned item is included in
Appendix A.)

cruitment platform Prolific.3 The median age was
forty-six. The sample was 51% female, 49% male.
Ethnically, 62% of the sample self-identified as
White, 12% as Black, 11% as Mixed, 6% as Asian,
and the rest as Other. After indicating informed
consent, participants completed a Qualtrics survey.
Each participant saw six pseudorandomly selected
items in a pseudorandom combination of condi-
tions such that the number of observations across
items and conditions was approximately balanced,
with a median of three observations per prompt.
Median completion time was 4 minutes and 22
seconds. We excluded twelve participants who fin-
ished the task in less than two minutes, resulting in
a final sample size of 288. Each participant who
completed the experiment was paid $1.50,4 regard-
less of exclusion. This research was approved by
the Georgetown University Institutional Review
Board (Approval #00010299).

LLMs We performed five runs of the experiment
with LLMs (Llama-3.3-70B, GPT-4.1, GPT-5.2
with reasoning disabled, and finally GPT-5 Mini
and GPT-5.2 with medium effort reasoning
enabled5). We chose models which we believed,
based on prior work (Purushothama et al., 2026),
to have a reasonably high chance of success and
that would allow for fair comparisons between
reasoning and non-reasoning approaches. Each

3We used the “standard representative U.S. sample” option
in Prolific which controls for age, sex, and ethnicity based on
the U.S. Census. See "What are representative samples on
Prolific" for more information.

4Average of $20.61 per hour
5Appendix B contains full reference for the models.

model-generated a response to all 552 possible
prompt variations.

The prompts processed by the LLMs differed
only slightly from those seen by our human parti-
cipants. Namely, possible answers were presented
in text as “Agree or Disagree?” rather than bulleted
options, and the prompt ended with the words “Fi-
nal answer is:” in order to optimize the number of
interpretable responses. When models successfully
generated “Agree” or “Disagree” as the first word
of the output, they were coded as agree/disagree
based on first token. When the models failed to
generate an interpretable first token, the response
was coded based on later content in the output. We
note these edge cases in §4. See Appendix C for
additional implementation details. Model querying
code is publicly available.6

4 Results

Responses were first coded as a covered decision or
a not covered decision based on the selected answer
and frame condition. Decision data were then ana-
lyzed using logistic regression in R (4.4.1, R Core
Team, 2024).7 For each sample, we first defined
the maximal model below and then tested whether
each term significantly improved model fit using
likelihood ratio tests8 (results in Appendix D). This
allowed us to statistically test whether or not dif-
ferences in coverage decisions between order and

6https://github.com/Dawson-Petersen/
Sense-and-Sensitivity

7For an introduction to logistic regression see Hilbe (2009)
8For an introduction to model selection see Leeb and

Pötscher (2009)
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(a) Human Subjects (b) Llama-70B

(c) GPT-4.1 (d) GPT-5.2 (Non-reasoning)

(e) GPT-5 Mini (reasoning) (f) GPT-5.2 (reasoning)

Figure 1: Coverage determinations by frame and version. The y-axis shows the percent of trials where the covered
option (i.e., agree with positive framing, disagree with negative framing) was selected for each combination of
conditions. The number of covered trials over total trials is displayed at the bottom of each bar. The non-reasoning
models (Llama-70B, GPT-4.1, GPT-5.2) show a framing effect in this task (i.e., a difference in % Covered between
negative and positive frames), while human subjects do not. Like humans, reasoning models show no effect of
frame.

framing conditions likely reflect real differences
in the population rather than sample variance. We
report effects in terms of odds ratio (OR, Bland and
Altman, 2000) and 95% confidence intervals. Data
and analysis code is publicly available.9

The maximal regression model was specified as:

glm(decision ~ version + frame + order,
family = binomial)

4.1 Human Subjects
For the human subjects sample, results showed
that only the main effect of version significantly
improved model fit. The effect was such that par-
ticipants made a covered decision less often for
the uncovered version compared to the controver-
sial (OR = .242, 95% CI [.189, .309]) and covered

9https://georgetown.box.com/v/
sense-and-sensitivity-analysis

versions (OR = .074, 95% CI [.055, .099]) (see
Figure 1a).

Overall, these results indicate that human parti-
cipants’ interpretations were sensitive to substan-
tial changes in story content but not to irrelevant
prompt variations due to frame (positive, negative)
or ordering of the choices.

4.2 Non-reasoning Models

Llama-70B Llama-70B successfully generated
“agree”/“disagree” as the first word of all 552 trials.
Results showed that the main effects of version,
frame, and order all significantly improved model
fit.

The effect of version was such that Llama-70B
generated a covered decision less often for the un-
covered version compared to the controversial (OR
= .285, 95% CI [.185, .439]) and covered versions

https://georgetown.box.com/v/sense-and-sensitivity-analysis
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(OR = .061, 95% CI [.036, .104]). However, Llama-
70B was also highly sensitive to both irrelevant
prompt variations (frame and order), being some-
what less likely to generate a covered response
when the “agree” option was listed first (OR =
.709, 95% CI [.505, .996]) and much less likely to
generate a covered response to the positive frame
compared to the negative frame (OR = .158, 95%
CI [.108, .231]) (see Figure 1b).

Overall, while Llama-70B showed some sensi-
tivity to substantial changes in story content, it was
also highly sensitive to irrelevant prompt variations.
Furthermore, these sensitivities did not follow the
same patterns as previously documented human
acquiescence bias (Moss, 2008). Rather, Llama-
70B showed an unpredicted disacquiescence bias,
being more likely generate a covered response for
negatively framed prompts.

GPT-4.1 GPT-4.1 successfully generated
“agree”/“disagree” as the first word of only 515 out
of 552 trials. The remaining 37 outputs were in the
form “Final answer is: Agree/Disagree” and were
coded manually. Results showed that the main
effects of version and frame significantly improved
model fit.

The effect of version was such that GPT-4.1 gen-
erated a covered decision less often for the uncov-
ered version compared to the controversial (OR =
.082, 95% CI [.040, .165]) and covered versions
(OR = .007, 95% CI [.003, .016]). The effect of
frame was such that GPT-4.1 was less likely to
generate a covered response to the positive frame
compared to the negative frame (OR = .456, 95%
CI [.324, .642]) (see Figure 1c).

Overall, GPT 4.1 was more robust compared
to Llama-70B, but was still sensitive to the irrele-
vant framing prompt variation. Like Llama-70B,
GPT-4.1 demonstrated a disacquiescence bias, be-
ing more likely generate a covered response for
negatively framed prompts.

GPT-5.2 (Non-reasoning) GPT 5.2 success-
fully generated “agree”/“disagree” as the first word
of 538 out of 552 trials. The remaining 14 outputs
were in the form “Final answer is: Agree/Disagree”
and were coded manually. Results showed that the
main effects of both version and frame significantly
improved model fit.

The effect of version was such that GPT-5.2 gen-
erated a covered decision less often for the uncov-
ered version compared to the controversial (OR =
.099, 95% CI [.046, .214]) and covered versions

(OR = .007, 95% CI [.003, .017]). The effect of
frame was such that GPT-5.2 was less likely to
generate a covered response to the positive frame
compared to the negative frame (OR = .545, 95%
CI [.387, .769]) (see Figure 1d).

Like the smaller models, GPT-5.2 showed sensi-
tivity to the irrelevant framing prompt variation in
the form of a disacquiescence bias.

4.3 reasoning Models

GPT-5 Mini (medium effort reasoning)
GPT-5 Mini successfully generated “agree”/
“disagree” as the first word of 548 out of 552 tri-
als. The remaining four outputs were in the form
“Final answer is: Agree/Disagree” and were coded
manually. Results showed that only the main effect
of version significantly improved model fit.

The effect of version was such that GPT-5 Mini
generated a covered decision less often for the un-
covered version compared to the controversial (OR
= .079, 95% CI [.046, .136]) and covered versions
(OR = .007, 95% CI [.003, .016]) (see Figure 1e).

Overall, with medium effort reasoning en-
abled, GPT-5 Mini was more robust compared to
the non-reasoning models, being sensitive to sub-
stantial changes in story content but not to irrele-
vant prompt variations.

GPT-5.2 (medium effort reasoning) Out of
552 trials, GPT-5.2 successfully generated “agree”/
“disagree” as the first word of 540 outputs. The re-
maining 12 outputs were in the form “Final answer
is: Agree/Disagree” and were coded manually. Re-
sults showed that only the main effect of version
significantly improved model fit.

The effect of version was such that GPT-5.2 gen-
erated a covered decision less often for the uncov-
ered version compared to the controversial (OR =
.071, 95% CI [.038, .134]) and covered versions
(OR = .007, 95% CI [.003, .016]) (see Figure 1f).

Overall, with medium effort reasoning en-
abled, GPT-5.2 was more robust compared to the
non-reasoning models, being sensitive to substan-
tial changes in story content but not to irrelevant
prompt variations.

4.4 Statistical Power of Effects

One potential concern with our results is that the
lack of frame or order effects in our human subjects
and reasoning models may have resulted from a
lack of statistical power. In order to address this
concern, we performed an effect size stabilization



(a) Human Subjects (b) Llama-70B

(c) GPT-4.1 (d) GPT-5.2 (Non-reasoning)

(e) GPT-5 Mini (reasoning) (f) GPT-5.2 (reasoning)

Figure 2: Effect sizes (odds ratio) by number of participants (human sample) or number of items (LLM samples)
for four effects (frame, order, version: controversial, and version: covered). Results show that all effects were stable
when data collection was stopped. Lower odds ratios indicate stronger effects.

analysis (Anderson et al., 2022) for our human and
LLM results.

We calculated odds ratios for each of the four
effects defined by the maximal model (frame, or-
der, version: controversial, and version: covered)
continuously as we added more participants10 (for
the human subjects sample) or items (for the LLM
samples). Over the final ten observations, the max-
imum effect size change was .016 for the human
sample and .008 for the LLM samples. These re-
sults (see Figure 2) indicate that the effect sizes of
all fixed effects were stable when data collection
was stopped, suggesting that they are likely good
estimates of the true effect sizes in the population.

4.5 Correlations with Human Judgments
While reasoning models showed greater robust-
ness to irrelevant prompt variations, this does not
guarantee that they accurately approximate human

10For an introduction to effect size stabilization see Ander-
son et al. (2022)

judgments under the same conditions. In order to
answer this question, we calculated the percent-
age of our human participants who made a covered
decision for each version of each item (averaged
across frame and order conditions), and we then
performed a point-biserial correlation (Kornbrot,
2014) with the outputs from each model. The re-
sults (see Table 2) show that while reasoning mod-
els outperformed non-reasoning models, none of
them achieved better than a moderate correlation
with human judgments, and all of them generated
some judgments that no humans agreed with (see
Figure 3 and example item in Figure 4).

In relation to Waldon et al.’s (2023) study For
comparison, we accessed Waldon et al.’s (2023) hu-
man subjects data and found that their participants’
responses were much more closely aligned to ours
(r = .87, r2 = .76), compared to any of the models
(r = .57, r2 = .32 being the highest). This demon-
strates that the difference between LLMs and our
human sample is much greater than the difference



Figure 3: Relationship between LLM-generated and human made coverage determinations. The x-axis shows the
percent of humans who made a covered decision for each specific prompt. The y-axis shows the number of LLM
observations (e.g. prompts). The color and direction of each bar indicates the model generated decisions for those
prompts. The red bars at the right side of each panel indicate prompts for which models responded with not covered
decisions, despite humans unanimously agreeing they should be covered. One such prompt is illustrated in Figure 4

Model r r2

Llama-70B .38 .14
GPT-4.1 .48 .23
GPT-5.2 (Non-reasoning) .47 .22
GPT-5 Mini (reasoning) .57 .32
GPT-5.2 (reasoning) .52 .27

Table 2: Point-biserial (Kornbrot, 2014) correlations
between averaged human coverage decisions and model
generated coverage decisions. Even large reasoning
models only achieved moderate correlations.

between these two human samples.

5 Discussion

The goal of the current study was to investigate
whether querying LLMs can provide a good ap-
proximation of human metalinguistic judgments.
Particularly, we investigated how irrelevant prompt
variation (positive vs. negative framing and answer
order) affected both human and LLM responses to
questions of legal interpretation.

We found that humans showed a high level of
robustness in this task. We found no evidence of ac-
quiescence bias (i.e., frame effects) or order effects
on human judgments in our sample. Furthermore,
the effect size stabilization analysis suggested that
these minimal effect sizes of frame and order were
good estimates of the true effect sizes in the popu-
lation.

Sample item where LLMs diverged from
human judgments:

Vivian has home insurance for “Loss and
Accidental Damage,” which only applies if
the damage occurs “while temporarily away
from home anywhere in the world.” Vivian
lives alone in a single-family house in the
suburbs. She decides to take a vacation
abroad, and her house is completely vacant
while she’s away. While abroad, her house
suffers from an electrical short circuit that
causes a severe fire, damaging nearly the
entire home. Vivian files a claim with her
insurance company for the damages.

Select your response to the following
statement: Vivian is / is not covered by the
Loss and Accidental Damage policy.

Figure 4: Across frame and order variations, models
generated a not covered response to 13/20 instances of
the covered version of this prompt (across 2 frames, 2 or-
ders, and 5 systems for each frame+order combination).
Humans (n = 13) universally made a covered decision.



In contrast, LLMs were more sensitive to these
factors. Llama-70B showed a significant effect
of order, and all of the non-reasoning models
(including GPT-5.2) showed significant effects of
frame, in the form of a disacquiescence bias (i.e.,
they were more likely to generate a covered deci-
sion in the negative frame compared to the positive
frame).

We also found that enabling reasoning (Singh
et al., 2025) helped to mitigate this prompt sensi-
tivity. With medium effort reasoning enabled,
GPT-5.2 and GPT-5 Mini showed no significant ef-
fects of frame or order. However, despite these im-
provements, our correlation analysis demonstrated
that none of the models we tested had more than
moderate correlations with human judgments, and
there were some scenarios for which all five models
denied coverage when none of our human partici-
pants did.

These findings have implications both for the
use of LLMs in survey paradigms and for legal
interpretation more specifically. One of the key
motivations for using LLMs to approximate hu-
man metalinguistic judgments is that LLMs train
on vast amounts of natural language data. In the
words of Judge Newsom, “because they cast their
nets so widely, LLMs can provide useful statistical
predictions about how, in the main, ordinary people
ordinarily use words and phrases in ordinary life”
(Newsom, 2024a). Proponents for the use of LLMs
to approximate survey results in social science re-
search make similar big data justifications (Cho
et al., 2024). Our results call this line of reasoning
into question.

Instruction tuning (Peng et al., 2023), reinforce-
ment learning from human feedback (Bai et al.,
2022), and reasoning (OpenAI et al., 2024b) all
alter model behavior in ways that do not reflect
the structure of the underlying pretraining data.
We found that such adjustments are necessary to
achieve adequate performance on these metalin-
guistic tasks, which challenges the motivation for
using LLMs in the first place. Whatever these judg-
ments rely on, it is not merely statistical predic-
tions about how “ordinary people ordinarily use
words”. Even worse, from a pragmatic perspective,
we found that even cutting-edge models using these
techniques do not provide high-quality approxima-
tions of human consensus judgments.

Based on these findings, we do not recommend
querying LLMs as a substitute for human subjects
experimentation in applications like legal inter-

pretation where alignment with the metalinguistic
judgments of ordinary people is key.

6 Conclusion

In this study, we directly compared the robust-
ness of human and LLM metalinguistic legal judg-
ments under prompt variation. We found (1) that
LLMs were prompt sensitive in this task, while
humans were not, (2) that enabling reasoning im-
proved LLM stability, and (3) that despite this im-
provement, even reasoning LLMs showed only
moderate correlations with human consensus judg-
ments. Overall, we conclude that despite the im-
provements to judgment stability made possible by
reasoning, LLMs remain poor proxies for human
interpretive judgments about language.

Our findings raise concerns about the motivat-
ing factors for LLM use in legal interpretation and
demonstrate that even sophisticated LLMs do not
provide high-quality approximations of human con-
sensus in this task.

Limitations

Our experimental stimuli focused specifically on in-
surance coverage contracts written in English. We
do not claim that they are representative of all legal
interpretation tasks or metalinguistic judgments,
more broadly.

We tested only a limited range of models. Based
on this data alone, we cannot be certain how our
findings might generalize to other models.

Our study focused primarily on the reliability
concern with the use of LLMs for legal interpreta-
tion. As we discussed previously, there are many
other concerns which ought to be addressed before
LLMs can be safely used in the courtroom. Of
particular concern is the possibility that an LLM
developer could tune its model’s outputs in a way
that benefits their own interests when it is used
for legal interpretation. While some courts have
dismissed this concern (Newsom, 2024a), we are
not convinced that such fine-tuning would be as
detrimental to general model performance as those
courts have suggested. This risk is especially worth
considering because the reasoning models, which
showed the highest reliability in our tests, are pro-
prietary, closed-source models. The improvements
to prompt sensitivity that we observed are likely not
sufficient cause to justify the use of closed-source
models for real-world legal interpretation.
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Powered by Qualtrics A

Peter has insurance that covers "Loss or Damage to a Goods
Carrying Vehicle," which includes "key replacement in the case
of theft."

As part of his bakery business, Peter owns a van which he uses to
make local deliveries. One day, Peter is mugged by an individual
who takes the key to the van. Replacing the key costs Peter
hundreds of dollars. Peter files a claim with his insurance
company for his losses.

Based on this definition, select your response to the following
statement:
Peter is not covered by the Loss or Damage to a Goods Carrying
Vehicle policy.

Agree

Disagree

Figure 5: A reference example question from the survey. This is not an exact replication of how it was shown to the
subjects in the interactive web interface.

A Survey

The survey was run with Qualtrics, and collected
1728 judgments from 288 subjects (§3), by show-
ing 6 conditioned items to each subject. For the
46 items with 12 conditions each, we collected a
median of 3 observations per conditioned item, and
median 37 observations per item. An example con-
ditioned item is shown in Figure 5 for reference.

B Models

We used both open-weight and closed-source mod-
els in this paper.

Model Technical Report
Llama-3.3-70B-Inst Grattafiori et al. (2024)
GPT 4.1 OpenAI et al. (2024a)
GPT 5 Mini, 5.2 Singh et al. (2025)

Table 3: Models used for our experiments and their
corresponding technical reports.

reasoning in GPT models. In this paper we use
GPT-5.2 and GPT-5 as reference reasoning mod-
els. Singh et al. (2025) notes that the reasoning
in these models is trained with reinforcement learn-
ing, and utilize ‘parallel test-time compute’. We
point the readers to Welleck et al. (2024), Snell
et al. (2025), and OpenAI et al. (2024b) for more
on test-time compute, including scaling and selec-
tion.

C Implementation

We used the OpenAI Python SDK11 for implemen-
tation of our trials with OpenAI models.

OpenAI provides an effort parameter to in-
fluence the reasoning effort. We utilized these
model-specific parameters accordingly in our tri-
als. We configured max_output_token to be 2064
for models with reasoning tokens and did not vary
this across the different effort settings. We set the
much lower 16 token setting for models without
test-time compute, such as GPT-4.1. We also addi-
tionally used temperature=0 for the models that
support it, namely 4.1 mini. Since we used Batch
API,12 we will also make the responses available
for reproducibility when publishing the code.

We use vllm (Kwon et al., 2023) to implement
our inference pipeline for open-weight models and
use the model implementations available on Hug-
gingface Model Hub.13 We utilized two Nvidia
GH200 GPUs for this inference.

D Likelihood Ratio Test Results

Significance results from the likelihood ratio tests
of regression model fit are shown below.

11https://pypi.org/project/openai/
12https://developers.openai.com/api/docs/

guides/batch
13https://huggingface.co/models

https://pypi.org/project/openai/
https://developers.openai.com/api/docs/guides/batch
https://developers.openai.com/api/docs/guides/batch
https://huggingface.co/models


Df Deviance Resid. Df Resid. Dev p

NULL 1727 2321.70
version 2 381.25 1725 1940.40 < .001 **
frame 1 2.35 1724 1938.00 .125
order 1 0.40 1723 1937.70 .528

Table 4: Likelihood ratio test results for coverage decisions made by human subjects recruited from Prolific. Results
show that only version significantly improved model fit. Signif. codes: ‘**’ < .001, ‘*’ < 0.05

Df Deviance Resid. Df Resid. Dev p

NULL 551 750.49
version 2 137.57 549 612.92 < .001 **
frame 1 141.75 548 471.17 < .001 **
order 1 6.98 547 464.19 .008 *

Table 5: Likelihood ratio test results for coverage decisions generated by Llama-70B. Results show that version,
frame, and order significantly improved model fit. Signif. codes: ‘**’ < .001, ‘*’ < 0.05

Df Deviance Resid. Df Resid. Dev p

NULL 551 759.94
version 2 302.10 549 457.84 < .001 **
frame 1 40.38 548 417.46 < .001 **
order 1 1.86 547 415.61 .173

Table 6: Likelihood ratio test results for coverage decisions generated by GPT-4.1. Results show that version and
frame significantly improved model fit. Signif. codes: ‘**’ < .001, ‘*’ < 0.05

Df Deviance Resid. Df Resid. Dev p

NULL 551 745.52
version 2 300.47 549 445.05 < .001 **
frame 1 23.64 548 421.41 < .001 **
order 1 1.52 547 419.89 .217

Table 7: Likelihood ratio test results for coverage decisions generated by GPT-5.2 without reasoning enabled.
Results show that version and frame significantly improved model fit. Signif. codes: ‘**’ < .001, ‘*’ < 0.05

Df Deviance Resid. Df Resid. Dev p

NULL 551 757.32
version 2 304.51 549 452.81 < .001 **
frame 1 0.35 548 452.46 .554
order 1 0.69 547 451.77 .407

Table 8: Likelihood ratio test results for coverage decisions generated by GPT-5 Mini, with medium effort
reasoning. Results show that only version significantly improved model fit. Signif. codes: ‘**’ < .001, ‘*’ < 0.05

Df Deviance Resid. Df Resid. Dev p

NULL 551 765.23
version 2 307.67 549 457.56 < .001 **
frame 1 1.38 548 456.18 .240
order 1 0.00 547 456.18 1.000

Table 9: Likelihood ratio test results for coverage decisions generated by GPT-5.2, with medium effort reasoning.
Results show that only version significantly improved model fit. Signif. codes: ‘**’ < .001, ‘*’ < 0.05
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