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Large language models (LLMs) are increasingly promoted as educational tu-

tors, yet most evaluations focus on domains with a single ground truth. Many disci-

plines, however, hinge on judgment: reasoning, weighing ambiguity, and reaching

defensible conclusions. Law provides a sharp test. We conducted a blinded evalua-

tion of short-answer tutoring in contracts courses with sixteen U.S. law professors.

Participants created 40 representative questions, wrote answers, and judged 2,918

anonymized comparisons between human and LLM responses. Professors rated

LLMs far higher than their peers (average win rate = 75.33%), with models per-

forming similarly to the best instructor. LLM responses were also rarely flagged
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as harmful (3.53%, vs 12.06% for professors). Preferences for LLM answers were

consistent across evaluators and reflected shared professional standards. Our

evaluation can be reliably extended to additional models by employing a separate

LLM as a judge, rendering expert agreement an effective, scalable method to

evaluate AI tutors in judgment-rich domains.

AI tutors have shown promise across a range of domains (1–9). In healthcare and STEM education,

for instance, students often prefer—and sometimes learn more from—AI explanations than from

human ones (9). In physics courses, AI tutors can match or even outperform peer instruction (2).

A common feature of these settings is that performance can be compared against a single correct,

“ground truth” answer, rendering evaluation relatively straightforward (2, 9–11).

But many important domains are not like this. In fields such as history, philosophy, and law,

correctness cannot be reduced to one solution (12). Instead, what matters is the exercise of judgment:

weighing competing reasons, grappling with ambiguity, and reaching a defensible conclusion (13,

14). These are domains where two opposing answers can both be of high quality if each reflects

underlying disciplinary standards rather than simple factual accuracy. Evaluating AI responses in

such settings therefore requires a different approach—one that asks whether model outputs align

with the latent professional standards that experts themselves endorse.

The legal domain provides a particularly clear test (14, 15). Some legal questions do admit un-

ambiguous answers, such as whether a statute exists or what a case held. But the central pedagogical

task in legal education is not just to convey facts, but to cultivate judgment. Students are trained to

argue both sides of a novel case, and professors evaluate them by whether their analysis displays

the qualities the discipline prizes. Prior studies of LLMs in law instead focused on contexts where

answers can be marked as either right or wrong, or did not include a human baseline (16–19).

While valuable, these approaches may not similarly capture whether AI responses can approximate

the professional standards of judgment that legal instruction is designed to instill. Moreover, prior

work has relied primarily on instruction-tuned models, without incorporating reasoning models.

Yet reasoning capabilities—contextualizing governing principles, integrating them with novel facts,

and deriving defensible conclusions—are central to legal problem-solving. This study is, to our

knowledge, the first to systematically evaluate reasoning models in that pedagogical context.

We design an evaluation of AI-generated short answers that applies the profession’s own internal
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standard of judgment. Fig. 1 illustrates our design. Sixteen contracts professors from fourteen

U.S. law schools—who all use the same casebook to teach the material—authored questions

representative of those asked during office hours. From this pool we curated 40 representative

questions (see Table S1 for complete list) spanning four instructional categories (Recall: Case or

Code, Recall: Doctrine, Hypotheticals, Policy). Recall questions—whether relating to a case, code or

doctrine—tend to be amenable to answers which can be evaluated against a ground truth, and where

argumentative strength is of little importance. In contrast, hypotheticals present a short set of facts

and ask how the law should be applied. Together with policy questions, which often center on legal

or policy design under heterogeneous preferences, providing a strong answer in this category often

relies on displaying careful reasoning, weighing competing arguments and other latent, professional

standards of quality—even if the relevant doctrine is now settled. In a second step, each professor

wrote short answers to a subset of the 40 questions. To ensure that comparisons are course-agnostic,

both the human and model answers were designed to avoid references to section-specific lecture

remarks or slides. Similarly, the LLMs were not grounded in course transcripts. In a third step,

we conducted blinded, forced-choice comparisons in which professors judged anonymized pairs of

answers written either by their colleagues or by two LLMs. Among the different model families,

we opted for Google’s models because at the time, Google made explicit efforts to optimize their

models for the educational context (20). Consequently, we included a stock version of Gemini 2.5

Pro and a retrieval-augmented NotebookLM with access to the casebook. Preference rankings have

been shown to be a particularly effective method in ranking unstructured, open text responses, thus

yielding advantages over more common, rubric-based evaluations especially where quality is a more

elusive concept (21–26). To our knowledge, this study is the first to implement said methodology

for evaluations in the educational sector (27–30). To probe whether any LLM advantage might be

driven by surface-level writing style rather than substantive content, we additionally engineered

a set of lexico-syntactic features—answer length, structural organization, reasoning nuance, legal

anchors, confidence tone, clarity, and pedagogical support—and tested how much of the preference

pattern they could explain. Each professor completed approximately 150–200 pairwise evaluations,

selected the better answer, and could flag any answer as pedagogically “harmful.”

We present four main findings. First, LLMs meet—and often exceed—the professional standard

as defined by expert preference. Gemini 2.5 Pro outperformed all but one instructor in head-to-head
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Figure 1: Overview of the evaluation process. In Stage 1 (Question Generation), instructors

provided questions on contract law. In Stage 2 (Answer Generation), responses were produced

either by those same instructors or by LLMs. In Stage 3 (Answer Battle), pairs of answers were

blindly evaluated by instructors as judges, who indicated which response they would prefer to

deliver to a student and whether any response was pedagogically harmful.
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comparisons (average win rate against all instructors = 75.92%), though the difference between

Gemini and the better-ranked instructor was not statistically significant. NotebookLM, by contrast,

outperformed every human instructor, with one tie (average win rate = 74.75%). Second, the LLM

advantage was similar across all question categories. Third, harmfulness rates for LLMs were

low (Gemini 3.41%, NotebookLM 3.64%), compared to the wider dispersion among professors

(1.00–39.75%), underscoring that the risk of pedagogically problematic responses is comparable

to that of the best human instructors. When evaluating peer-written answers, each professor on

average preferred LLM responses over responses generated by human instructors, suggesting that

model outputs were not merely appealing to a particular subset of evaluators. Fourth, the engineered

textual features explain only part of the LLM advantage: in calibration analyses, observed LLM

win rates systematically exceed the win rates predicted from lexico-syntactic differences alone,

indicating that the preference for LLM answers is not reducible to length, clarity, or other stylistic

markers.

To assess whether this performance reflects recovery of a shared professional standard rather

than idiosyncratic preferences, we measured agreement among professors on overlapping trials.

Observed agreement exceeded the level expected if judgments were entirely idiosyncratic, indicating

that the LLMs’ success reflects alignment with common disciplinary criteria. Complementary

analyses using rescaled inter-coder correlation lend additional support to that hypothesis.

Because expert judgment is costly, our human evaluation was necessarily limited to two model

variants (Gemini 2.5 Pro and NotebookLM). These models were frontier models when the human

evaluation was conducted (August 2025). To extend the comparison to a broader set of systems–

including models released after our human evaluation–we employ an “LLM-as-judge” framework,

an increasingly common methodology for scaling evaluation of open-ended generation (31–33). We

note that LLM judges have documented limitations—including position bias, verbosity bias, and a

tendency to favor outputs from models in their own family (34,35)—and we therefore first validate

our chosen judge (Llama-4 Maverick) against the leave-one-out majority of human evaluators before

deploying it. We then use it to rank Claude Opus 4.7, ChatGPT 5.4, Gemini 3.1 Pro, Claude Opus

4.1, ChatGPT 5, Gemini 2.5 Pro, Gemini 2.5 Flash (with and without thinking budget), Gemini

2.0 Flash, NotebookLM, and a commercial AI tutor. All models outperform human instructors.

Claude Opus 4.7 ranks highest, followed by the other newest-generation models, illustrating that
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the gap between the strongest LLMs and expert instructors has continued to widen since our human

evaluation was conducted.

Taken together, our findings suggest that LLMs can successfully capture latent professional

standards in domains without ground-truth answers, at least in the constrained setting of short,

office-hours-style responses. More broadly, we offer a method for evaluating AI tutors in such

settings: inter-evaluator agreement—typically used as a reliability check—can instead serve as

the basis for interpreting whether AI performance reflects mere personal preference or genuine

alignment with a shared standard of judgment.

Results

Sixteen U.S. contract law professors participated both as instructors and as judges. As instructors,

they answered questions typically asked by first-year students in office hours. In parallel, two LLMs

(Gemini 2.5 Pro; NotebookLM grounded in the relevant casebook) answered these questions. As

judges, the professors then completed 2,918 blinded, forced-choice comparisons (median per judge:

200), each time indicating which of the two anonymized responses, from the instructor or the LLM,

they would rather give to a student. Our primary metric is the win rate—the fraction of pairwise

trials in which a model’s or instructor’s response was preferred. Secondary metrics are (i) each

judge’s LLM-preference rate in human-vs-LLM trials (a baseline tendency to pick the LLM) and (ii)

the harmfulness rate, the share of answers flagged by judges as likely to mislead or hinder learning.

Full computational details and uncertainty estimates appear in the Supplementary Information.

LLM answers are preferred over instructor answers. Rather than grading correctness, judges

selected the response they would rather have a student be exposed to. When considering the average

win rate, LLMs far outperformed human instructors, with Gemini achieving 75.92% across all

trials against instructors, while NotebookLM won 74.75%, as shown in Fig. 2. Indeed, the LLMs

were on par with the best human instructors who participated in the study, with NotebookLM

outperforming every participant with one tie. Individual instructors’ average win rates against both

LLMs spanned 2.96–51.15%, with the pooled instructor average at 24.67%. Results are substantially

equivalent when removing answers to questions that instructors indicated limited familiarity with
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(see Fig. S1 in Supplementary Information). However, individual win rates alone do not make

efficient use of information in the pairwise preference ranks. Instead, it is common practice to

analyze the inherent strength through Bradley-Terry models (36). A Bradley-Terry model pools

information across all pairwise comparisons to infer a global ranking on a common scale, thus

allowing inference about participants even from pairs in which they do not directly face each other.

Doing so in this case reveals that Gemini is the best-performing model, and its difference with

NotebookLM is statistically significant, as shown in Fig. S2 in the Supplementary Information.

The best-performing human instructor was ranked second, while NotebookLM was ranked third.

When considering professors as judges, the median LLM-preference rate in human-vs-LLM trials

was 75.81%. All judges preferred LLMs over humans, with a minimum win rate at the judge-level

of 56% in favor of LLM-generated answers.

The LLM advantage persists across question-type categories. To contextualize domain varia-

tion, we group questions into one of four types: Recall: Case/Code, Recall: Doctrine, Hypotheticals,

and Policy (see the Materials and Methods section in the Supplementary Information for definitions).

Fig. S3 in the Supplementary Information disaggregates win rates by category. The LLM advantage

appears in each category, ranging from 74.24% for Hypotheticals to 77.17% for Recall-Case/Code

(Gemini), and from 72.69% for Hypotheticals to 76.80% for Recall-Case/Code (NotebookLM).

In the Supplementary Information, we further disaggregate responses according to whether the

question has a clear answer, is based on a false premise, is contained in the casebook, lacks a clear

answer due to the absence of a clear rule/precedent or because it requires the application of a

vague standard. Since instructors provided these labels, the number of judgments across them is

imbalanced and we present results using a win rate model only (Fig. S4). They show that LLMs

consistently outperform human instructors, with no significant differences across labels. When

comparing Gemini to NotebookLM, it is striking that there does not seem to be a meaningful

advantage of the latter for questions with an answer contained in the casebook (42.07% win rate

vs Gemini, compared to 40.36% in the broader set). This is despite the fact that NotebookLM’s

responses are grounded in the casebook through RAG. Together, the results indicate that LLMs

consistently provide highly rated answers even when quality is tethered to an implicit, professional

standard rather than to factual accuracy.
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Figure 2: Win rates of instructors compared to LLMs (Gemini and NotebookLM). Circles

indicate win rates with 95% Wilson score confidence intervals; diamonds and squares represent

win rates against NotebookLM and Gemini, respectively. Triangles indicate LLM-preference rates

at the judge level. Models are shown at the top, followed by individual instructors.
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Models rarely give harmful answers. Results vary for humans. The rate of harmful answers

captures how often judges identified a response as likely to hinder student learning. Aggregating

across responses, Gemini’s harmful rate was 3.41% and NotebookLM’s was 3.64% (LLMs pooled:

3.53%; 95% Confidence Interval: 2.44-4.61). Instructor responses encompass a broader range of

1.00–39.75% with an average harmfulness rate of 12.06% (95% Confidence Interval: 9.02–15.10),

significantly higher than the models’ (𝑝 = 4.7 × 10−7). Fig. S5 displays these rates; aggregation

details and interval construction are provided in the Materials and Methods in the Supplementary

Information.

Judge preferences converge beyond a mere preference for LLMs, indicating a shared profes-

sional standard. Next, we assess the extent to which preferences of our human judges converge.

Focusing only on comparisons of Gemini to human instructors where at least two judges saw the

same answer pair, we contrast the observed intercoder agreement for each question to the small-

est agreement rate that is consistent with observed LLM win rates. This minimum represents the

expected intercoder agreement if judges, aside from a shared preference for LLMs, were merely

following their own private leanings (details and the formal definition of this lower bound appear in

the Supplementary Information). Fig. S6 shows that, across questions, observed intercoder agree-

ment tends to be substantially higher than the LLM preference necessitates. Convergence is visible

in every category, and is strongest for Policy questions (observed mean ≈ 0.77), followed by Recall:

Case or Code (≈ 0.68), with Hypotheticals and Recall: Doctrine close behind (both ≈ 0.65). In

short, when judges chose between LLM and instructor answers, they tended to apply a tacit, but

common, evaluation rubric—rather than idiosyncratic tastes. This phenomenon is pronounced even

in settings without clearly defined, ground truth answers—consistent with the presence of a shared

professional standard.

All judges are similarly sensitive to answer quality. Fig. 2 suggests that all judges prefer

LLM responses over human instructor responses. However, it is possible that this aggregation

masks meaningful heterogeneity. In particular, it appears plausible that LLMs give “good enough”

answers that appeal to the median instructor, but that particularly talented instructors are able to

identify significant flaws in their responses. To investigate the relationship between the quality of
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the judge and their sensitivity to answer quality, we plot the quality of the human instructor answer

a judge sees against the quality of the judge, and assess the judge’s propensity to pick the instructor

answer as a function of these two factors. We proxy judge quality by the average win rate of the

answers they provided as instructors. To estimate the strength of human instructor answers seen by

a judge, we compute the instructor answer’s win rate, excluding the judge’s own vote (“Leave-One-

Judge-Out (LOJO) Win Rate”). Fig. S8 in the Supplementary Information displays our findings.

Unsurprisingly, for judges of any quality, the probability of preferring the human instructor answer

increases with the quality of the answer itself. But beyond that, we do not detect significant trends

across the horizontal axis. This assessment finds further support in Fig. S7, which directly assesses

the correlation along the horizontal axis. In effect, our results indicate that judges of all quality

tend to exhibit similar patterns in their preference for instructor answers, lending support to the

hypothesis that LLM responses have broad, general appeal. Additional details on the construction

of these metrics are provided in the Supplementary Information.

Textual features only partially account for the LLM advantage. Is the LLM advantage plau-

sibly driven by how the answer is written or by what the content of the answer is? To investigate

this question, we generate several textual features of answer quality informed by best practices

in the AI tutor and AI education literature (20, 27, 29, 37). In particular, we measure an answer’s

structural organization, reasoning nuance, legal anchors, confidence tone, clarity, pedagogical

support, and length. All of these features are based on lexical/syntactic information and do not take

into consideration semantic content. Fig. S9 and Table S2 in the Supplementary Information show

that only answer length is significantly positively correlated with a higher win rate, whereas clarity

(Flesch reading-ease score (38)) and pedagogical support (the sum of the rate of question marks

and the scaffolding rate per answer (39, 40)) are negatively correlated with answer win rate. We

note, however, that none of these estimates can be understood causally absent strong assumptions.

More importantly, Fig. 3 compares observed LLM win rates against predicted win rates estimated

purely from these textual features and shows that LLMs consistently perform better than expected,

based on their lexical/syntactic features only. The difference is particularly pronounced for the

decile with the lowest predicted win rate. These results suggest that the LLM advantage cannot

be fully explained by common textual features, lending support to the hypothesis that the answer
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Figure 3: Calibration of model-predicted win probabilities vs. observed win rates (LLM vs.

Instructors). Points show the observed win rate in each decile of the predicted probability (horizon-

tal axis uses the bin mean predicted win rate). Vertical bars are Wilson 95% confidence intervals.

The dotted line (𝑦 = 𝑥) indicates perfect calibration. Blue: Gemini vs. Instructor; orange: Note-

bookLM vs. Instructor. Predicted probabilities derived from a logit model regressing preferences

on Δ-features, i.e. the difference in responses with respect to legal anchors, reasoning nuance, struc-

tural organization, confident tone, clarity, length, and pedagogical support. Systematic elevation of

observed points above the diagonal implies that the included textual features do not fully explain

the LLM advantage.

quality is at least partly driven by the content of the answer.

Ranking additional models via an “LLM-as-judge” framework. Our participants were con-

strained in time and thus could only provide a limited number of judgments, cabining our main

analysis to two LLMs (Gemini 2.5 Pro and NotebookLM). To scale the evaluation across a broader

set of systems, we examined whether an LLM can stand in as a judge (“LLM-as-judge” framework).

To that end, we assess the capabilities of Llama-4 Maverick as a judge and find that it is able to

reliably recover the majority vote of our human judges. Indeed, in Fig. S10, we show that it is

about as reliable as the most aligned judge participating in our study (for details, see Fig. S10 in
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Figure 4: Bradley-Terry ranking of models with 95% confidence intervals, model strength

summing to zero. Judge: Llama-4 Maverick. Each point shows the estimated latent strength;

horizontal bars show maximum likelihood estimation confidence intervals from the observed Fisher

information.
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the Supplementary Information).

We therefore used Maverick as a judge to scale our evaluation across nine additional models,

including a model employed by a commercial online tutoring platform running on Gemini 2.5 Pro.

Together with NotebookLM, the commercial AI tutor is the only model grounded in the casebook.

Results are displayed in Fig. 4. Claude Opus 4.7 ranked highest, followed by ChatGPT 5.4 and

Gemini 2.5 Pro; ChatGPT 5, Claude Opus 4.1, and Gemini 3.1 Pro cluster next, with human

instructors ranked lowest. Every AI model evaluated outperformed human instructors, on average.

Three patterns stand out. First, Gemini 2.5 Flash Thinking was rated significantly stronger than

Gemini 2.5 Flash No Thinking (without a thinking budget), illustrating the importance of reasoning

capabilities in answering legal questions. Second, last generation’s Gemini 2.0 Flash ranked at

the bottom of the AI models—broadly consistent with rapid progress in capabilities over time.

That said, the relationship between model recency and performance is not monotonic: Gemini 3.1

Pro ranks below Gemini 2.5 Pro in our setting. We hypothesize that this result may stem from the

apparent discontinuation of explicit efforts in improving Google’s models for learning environments

after the release of Gemini 2.5 Pro. Third, both the Commercial AI Tutor and NotebookLM rank

well below the stock Gemini 2.5 Pro they are built on, despite being grounded in the casebook.

Discussion

We find that contemporary LLMs can already provide short-answer tutoring in first-year Contracts

courses that is rated as comparable in quality to those given by the strongest instructors who

participated in this study. This is despite the fact that high quality answers often require surfacing

a shared, professional standard rather than merely matching a fixed rubric. In blind, head-to-head

judgments, instructors consistently preferred the LLM answer. Conditioning on response length

and other surface markers shows that textual features do not fully explain these preferences; the

remaining advantage is plausibly driven by substantive content quality rather than stylistic markers

alone. Instructors also detected harmfulness at higher non-trivial rates for human answers as

opposed to LLMs’. Together, these results suggest that in domains like law, where ”quality” is

partly a matter of judgment, LLMs can converge on norms multiple experts recognize as better

answers–even when no explicit grading rubric is provided.
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In our model setup, we intentionally opted for default, platform-level settings to simulate how

students would likely use LLMs in practice; beyond a standard prompt asking the model to act

like an instructor and a target length range (derived from faculty example answers), we did not

tune decoding parameters or temperature. This design choice renders our estimates realistic, but

plausibly conservative: we show strong performance without optimization, implying that priors

useful in legal pedagogy are already encoded in the base models. In our blinded expert evaluation,

Gemini 2.5 Pro (stock version) outperformed NotebookLM, both under the win-rate outcome and

in pooled Bradley-Terry rankings, despite NotebookLM being grounded in the casebook. In our

complementary LLM-as-judge analysis, this same pattern extends to a commercial AI tutoring

product that is also built on Gemini 2.5 Pro and grounded in the casebook. We interpret LLM-as-

judge results with appropriate caution, as the methodology is known to exhibit biases such as those

involving position, verbosity, and in-family preference (34,35); here, however, the cross-developer

robustness of the LLM advantage and our validation of Llama-4 Maverick against the human leave-

one-out majority give us reasonable confidence in the broader pattern, if not in the precise ordering

of closely-ranked systems.

To us, it is unexpected that a stock model would outperform RAG-grounded variants, particularly

those optimized for an educational context. Although we cannot verify the training data composition,

we propose three non-exclusive explanations. First, if the base model already possesses strong

prior knowledge and adequately encodes the doctrinal structure for first-year Contracts, retrieval

may add little marginal benefit. Second, overloading the context with long documents can dilute

relevant material and introduce noise. This is a well-documented phenomenon–sometimes called

the ”lost in the middle” or ”distracting effect”–where LLMs underutilize mid-context information or

misweight weakly relevant paragraphs. Performance tends to degrade further when inputs approach

very long context windows (e.g., 64k tokens). In our setting, NotebookLM and the commercial

AI tutor were grounded in the full casebook (divided into chapters) rather than highly optimized

chunks of text, making context saturation and retrieval noise plausible contributors to the observed

outcomes (41–44). At the same time, we note that optimized, user-driven chunking would not reflect

a realistic use. Third, it is possible that additional platform layers like custom system prompts could

inadvertently counteract some of the pedagogically helpful features of Gemini 2.5 Pro, chief among

them LearnLM. We did not—and could not—control internal toggles. We emphasize that these
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are hypotheses generated by our design rather than definitive causal claims. They motivate follow-

up experiments that manipulate retrieval scope, chunking strategies, and optimization pipelines

to better measure when RAG and well-intended educational adjustments enhance legal tutoring

performance and when they hinder it, both in our domain and in the broader literature.

While LLM responses are generally preferred over those of human instructors, our evaluation

setting does not allow us to directly measure the extent to which instructor preferences are satisfied.

It is at least theoretically possible that LLMs, although generally delivering stronger responses, still

generate answers that are merely viewed as “good enough.” This would especially be the case if

instructors had idiosyncratic preferences over teaching that are satisfied neither by other instructors

nor LLMs. While our results do not lend support to this hypothesis, we note that our setting does

not allow for a direct test. At the same time, in real world deployments, LLMs can be grounded

in idiosyncratic, course-specific content, such as a lecture transcript or notes, offering a practical

way to address heterogeneous preferences of that kind. A separate scope question concerns the

sample of instructors itself. Of the sixty professors who taught from the relevant casebook in the

four years preceding the study, sixteen consented to participate. Comparing respondents to non-

respondents on a set of observable characteristics, the resulting sample over-represents professors

at T14 law schools (38% of respondents vs. 22% of the full pool) and, more modestly, under-

represents female professors (25% vs. 33%). Respondents are also more likely to be tenured (94%

vs. 83%), though their median time since tenure is somewhat shorter (16 vs. 19 years). We report

these imbalances for transparency, the ”shared professional standard” we estimate is the one held by

this particular subset of contracts instructors, and the extent to which it generalizes to the broader

population of legal educators is an empirical question we cannot resolve here. Table S3 in the

Supplementary Information reports the full distribution of these characteristics for respondents and

non-respondents.

Our findings complement—and in important respects diverge from—recent evaluations of AI

in legal and related domains (16, 45–49), many of which conclude that leading models are not yet

acceptable for engaging in legal analysis or for providing student advice. We read these results as

task- and evaluation-dependent rather than a global and definitive consensus. Three distinctions help

reconcile patterns across studies. First, our outcome is an expert preference between two plausible

answers under blinding, rather than accuracy against a single, prespecified rubric. That choice is
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deliberate: in many respects of legal pedagogy, “quality” reflects a shared but implicit professional

standard rather than one canonical solution. Second, our paired-comparison design anchors LLM

performance to a human baseline produced by the same instructor population, enabling direct

comparisons on questions actually relevant to their courses. Third, to our knowledge, our study

is the first in this space to explicitly evaluate reasoning-oriented models. Providing adequate

legal answers requires more than pure exposition; it often demands a substantial degree of legal

reasoning (50,51). This is especially true for hypotheticals, where established rules must be applied

to a novel fact pattern in order to derive a new conclusion. Because such hypotheticals are variations

on–but typically not directly represented in–the training data, high-quality answers cannot be

produced merely by retrieving memorized responses. Instead, LLMs must be able to contextualize

the governing legal principles, integrate them with the facts at hand, and work through their

implications to reach a defensible conclusion–a task reasoning models are particularly suited for.

Limited instructor availability in legal education is often rooted in capacity constraints and

professional demands, not a lack of willingness. Our results foreground a novel benefit for legal

education: an always-available, short-answer clarification channel. Where students currently rely

on peers or sporadic email exchanges with faculty, a reasonably reliable AI clarification channel

that reflects shared professional norms could, in principle, be accessible on demand. In our blinded

experiment, judges did not systematically prefer human-authored over model-generated answers,

suggesting that carefully constrained AI assistance does not degrade perceived answer quality. To

support reliability, implementations should establish clear scope limits, refusal policies when un-

certain, deterministic decoding, visible citations to course materials, and straightforward pathways

to escalate further questions and edge cases to instructors.

Our design evaluates answer quality—which response an expert would prefer to deliver un-

der blinding—rather than learning impact. We therefore treat our results as an encouraging first

indication that LLMs can reflect a shared professional standard in short-answer Contracts peda-

gogy—not as proof of improved student outcomes, and not as evidence regarding richer tutoring

interactions. The next steps could focus on the empirical and design choices of deployment. On the

empirical side, we suggest course-embedded randomized controlled trials (RCTs) that randomize

structured AI support (with logging) and evaluate using blinded methods (following (2)). On the

design side, an error-aware tutor would be ideal: refuse when premises look ill-posed; constrain
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scope to the casebook/syllabus; ground responses in citations; and use deterministic decoding with

explicit brevity limits (since, as shown, length does not fully explain the LLM advantage). Retrieval

implementation should include test chunking strategies and retrieval thresholds to minimize context

dilution and distraction, and report when RAG helps versus when the base model suffices. Because

our primary outcome is pairwise expert preference, departments can also fit lightweight preference

models to nudge tutors toward a local standard of judgment (per course, professor, unit) without

exposing student data–conceptually analogous to objectives in direct preference optimization /

reinforcement learning from human feedback (22, 24, 25), but grounded in faculty choices about

what best supports their students. In addition, randomization in answer styles could be used to

further investigate our finding that some textual features thought of as pedagogically useful (like

scaffolding) do not seem to predict higher quality ratings.

At the same time, emerging work suggests that LLM use may influence learning outcomes in

unexpected ways. For example, (52) find that exposure to LLM-generated summaries can have a

small but significant negative effect on retention compared to traditional internet searches. In the

legal domain, however, internet searches are unlikely to demonstrate an appropriate baseline. High-

quality legal answers depend on articulating a shared professional standard, yet existing search

engines rarely aim to provide such responses. In particular, open-ended web searches typically

do not yield much direct guidance that extends beyond mere exposition–that is, unless the user

is already an expert. Despite these differences, we emphasize that further research is needed to

rigorously assess the effects of LLM use on learning outcomes.
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Materials and Methods

Background

Law students in the U.S. have significant autonomy in how they design their curriculum. However,

at many law schools, the first year is dedicated to a set of classes that are not only designed

to teach students fundamental skills in legal reasoning and advocacy, but also cover topics that

appear on most bar exams. One of such courses is Contract Law (or Contracts), which covers

the law of voluntary exchanges and risk allocations, such as sales, insurance or lease agreements.

Because Contracts is usually a mandatory class, there is no self-selection of students into the course,

making it a particularly appropriate subdomain to study. When addressing questions in contract

law, instructors confront different types of inquiries, each varying in the extent to which they admit

of a ground-truth answer. To categorize these questions, we employ the following taxonomy:

• Recall–Case/Code: The question primarily asks for a summary of facts or law stated in a

particular case, statute or authoritative source of contract law.

• Recall–Doctrine: The question asks for an explanation of one or more doctrinal concepts.

• Hypotheticals: The question requires analysis of how the doctrine would apply to a novel set

of facts rather than a mere restatement of the relevant rules.

• Policy: The question asks about policy rationales or implications of a legal rule.

Although there is some discretion as to what aspects of a case or doctrine to emphasize,

answers to Recall questions lend themselves to determinations of accuracy. At the same time, they

are generally considered straightforward, as an accurate answer primarily rests on memorization.

In contrast, Hypotheticals explore a previously unseen set of facts. A good answer requires the

transfer of learned rules to new contexts and the ability to draw out parallels and differences to

previously seen case, a task commonly referred to as “legal reasoning” (50, 51). Hypotheticals

are a core instrument in legal education, as they allow the instructors and students to explore the

boundaries of doctrines and statutes for plausibility. They often make up the largest proportion of

questions on law school exams. At the same time, hypotheticals often do not admit of a single correct

answer. Different responses can be equally strong if they display careful reasoning, grapple with
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ambiguities, and reach defensible conclusions. This makes hypotheticals a paradigmatic example

of tasks where evaluation depends not only on ground truth, but also on whether an answer reflects

the latent professional standards that define sound legal judgment. Similarly, policy questions lack

determinate answers: they invite students to weigh competing considerations, articulate tradeoffs,

and defend normative positions. What distinguishes a strong response is not only correctness, but

also whether it reflects the discipline’s standards for framing arguments and exercising judgment.

In addition to these labels, instructors who submitted the questions had the opportunity to select

one of the following labels:

• Clear Answer: There is one clear answer or narrow set of non-conflicting possible answers

to a question.

• Vague Standard: The answer is unclear because the question raises an issue which is not

obviously resolved by the relevant legal standard.

• Absence of Clear Rule/Precedent: The answer is unclear because there is no or conflicting

authority on an issue necessary to resolve the question.

• In Casebook: The casebook (Ayres, Klass & Stone’s Studies in Contract Law) provides

sufficient basis for answering the question, though inference may be required and the answer

may not be complete.

• False Premise: The question reflects a clear misunderstanding of some aspect of contract

law which needs to be corrected.

Questions with clear answers admit a single correct response, whereas those employing a vague

standard or have absence of a clear rule or precedent rest only on the strength and thoroughness

of the argumentation, irrespective of which result is achieved. For questions with an answer in

the casebook, RAG might be of particular importance. Questions with a false premise, it may be

hypothesized, pose particular challenges for LLMs, which often shy away from disagreeing with

the user (53).
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Design

We ran a blinded, head-to-head evaluation of short-answer tutoring in first-year Contracts using a

national sample of instructors who teach from the same casebook (54). All sixty professors who

used the casebook to teach the class in the past four years were invited to participate. Sixteen of

them, representing fourteen U.S. law schools, consented and completed all phases under a Stanford

IRB Exempt, Non-Medical determination (Protocol #80628). To assess the representativeness of

the participating sample, we collected publicly available characteristics on respondents and non-

respondents along several dimensions, including gender, law school ranking, tenure status, and years

since tenure. The respondents over-represent professors at T14 law schools (38% of respondents

vs. 22% of the full pool) and, more modestly, under-represent female professors (25% vs. 33%);

respondents are also more likely to be tenured (94% vs. 83%), with a median time since tenure

of 16 years compared to 19 in the full pool. Table S3 in the Supplementary Information presents

the full comparison. Concretely, instructors first authored questions from the shared casebook and

wrote brief answers, while we generated matched LLM responses. We then anonymized and lightly

standardized all text, randomized pairings and left-right position, and, lastly, asked instructors to

choose which of two anonymized answers they would rather deliver to a student. Fig. 1 illustrates our

pipeline, which is further described below. Email instructions can be found in the Supplementary

Information.

In the first stage, instructors submitted a total of eight questions, two for each of the four

categories in our taxonomy. The submitted questions were intended to reflect inquiries students

make after class or during office hours, thus mimicking those that might be directed at a tutor. We

also asked for them to span subject matter and difficulty while avoiding niche topics. Instructors

further had the opportunity to indicate whether they viewed their question as admitting a clear

answer, whether the answer was in the casebook and whether the question was based on a false

premise. Each question included a model answer to signal scope and pedagogical intent; these were

not included in the evaluation subset, but were later used to guide the answer length of the LLMs (see

below). From this pool of questions, the research team curated forty representative questions (ten

per category). Table S1 in the Supplementary Information presents all selected questions from each

category. In a second stage, each instructor answered ten questions they did not author, simulating
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how they would respond in an office-hours setting. Instructions emphasized brevity (targeting ≤ 3

minutes of writing), could allow for uncertainty, and–to simulate realistic circumstances–instructors

were asked not to conduct additional research before answering. That said, they could indicate if

they were not familiar with the topic of a question and if they had to conduct research to produce

the answer.

We generated model answers to the same forty questions using LLMs. Because assessments

via pairwise preference ranks are relatively costly, rather than creating a holistic evaluation, we

opted to focus our human evaluation on a small number of the most promising models, while

later extending the analysis through an “LLM-as-judge” framework to additional LLMs. Among

the different developers, we chose LLM responses from Google’s Gemini family. This is because,

through LearnLM, Google has documented concrete efforts to optimize its models for an educational

context. We thus hypothesized that the Gemini family would likely yield the strongest results in our

context.

The first model we used to generate answers is a stock version of Gemini 2.5 Pro, which integrates

the LearnLM educational tuning in its architecture (20,55). The model was prompted to generate an

answer in the context of office hours without external materials. In addition, we generated answers

via Google’s NotebookLM (56). While NotebookLM largely relies on Gemini 2.5 Pro, unlike

the stock version, NotebookLM employs retrieval-augmented generation to ground its answer in

provided reference material. We used the relevant casebook–shared by all instructors–as a reference

source. Both models were further guided to behave like law professors through a standardized

system prompt. Based on the model answers provided in the first step by instructors, we further

guided the LLMs to limit the length of their answers to those given by humans (50–108 words,

ideally 90; up to 155 words if nuance required) 1. The complete system prompts for both models

can be found in the Supplementary Information. Before evaluation, all human and model answers

were lightly standardized for typography and formatting to reduce superficial cues; tone markers
1During the first stage of the study, instructors were asked not only to propose representative questions that students

might ask after class, but also to supply the answers they themselves would typically provide. We analyzed the word-

length distribution of these instructor-provided answers and used it to calibrate the model outputs. Specifically, the

interquartile range spanned 50–108 words, with a mean of approximately 90 words and an observed maximum of 155

words. These ranges informed the length constraints we applied when prompting the models.
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commonly associated with LLMs (e.g., words of encouragement or praise for insightfulness) were

retained, as they were often found in human answers as well.

In the last step, instructors in the role of judges completed individual evaluation sessions on

a custom web interface inspired by the Chatbot Arena framework (23). Each trial displayed a

Contracts question with two anonymized answers side-by-side. Pairs were either human-vs-LLM or

LLM-vs-LLM; instructors never judged their own answers. Judges indicated which response they

would prefer to give a student and could optionally (i) flag any answer–one or both in a pair–as

”Low Quality: Harms student learning,” and (ii) leave a short justification. To increase information

per judgment, we used a forced choice setup with no-tie option; when two answers felt equivalent,

instructors were asked to register their slight preference. Across the study, each instructor judged

150–200 comparisons yielding 2,918 total evaluations. Blinding and randomization governed source

identity and left/right answer positioning.

Metrics

Our primary outcome of interest is expressed preference during the pairwise matchups. Secondary

outcomes of interest focus on harmful responses, expressed either through the corresponding label

or qualitative comments. We summarize performance using win rates for each model and instructor,

computed over head-to-head comparisons with Wilson score intervals for uncertainty. We also com-

puted Bradley-Terry rankings (36), a standard approach for converting pairwise preferences into

overall rankings, with similar results reported in the Supplementary Information. Rates of harmful

answers are aggregated in three steps: (1) if a judge flagged an answer as harmful at least once, all

of that judge’s evaluations of that answer were treated as harmful; (2) an answer’s harmfulness rate

was computed by averaging this quantity across all judges; and (3) a model/instructor’s harmfulness

rate is the average of their answers’ harmfulness rates, with bootstrap resampling over answers for

inference. We also report each judge’s LLM-preference rate in human-vs-LLM pairwise compar-

isons. Complete descriptions of all statistical analyses, along with additional robustness checks, are

available in the Supplementary Information.

We also assessed whether judges applied a shared professional standard by studying agreement

on overlapping evaluations. The implicit null hypothesis is that, once we condition on judges’

shared tendency to prefer LLM answers, their choices on any given pair are otherwise uncoor-
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dinated—meaning residual agreement reflects only private taste rather than a shared evaluative

criterion. To test this hypothesis, we focused on Gemini-vs-professor comparisons that were seen

by at least two judges (we chose Gemini as the stronger-performing model, based on our Bradley-

Terry assessment). For each such pair, computed the observed dyadic agreement rate. We then

compared this rate to an arithmetic lower bound on agreement that is mechanically consistent

with the marginal LLM win rate for the same pair. If judges agreed only as much as their shared

LLM-preference necessitates, observed agreement should sit close to this bound; systematic excess

of observed agreement over the bound is consistent with judges applying a common evaluative

criterion beyond their shared LLM-preference. We then aggregated these quantities to the question

level, using weights proportional to the number of unique judge dyads encountering a given pair

of responses. Plotting observed agreement against this lower bound (Fig. S6) allows us to infer

whether judges’ quality standards converge beyond a mere preference for LLMs. This methodology

targets convergence toward a generic, course-agnostic professional standard; it is important to note

that it does not attempt to model or optimize for any one instructor’s distinctive preferences. Full

construction details and robustness checks are provided in the Supplementary Information.

To assess how the LLM preference interacts with the quality both of the human answer and

the judge, we compared judges’ choices in LLM-human matchups to two quantities: (i) a proxy for

each judge’s own quality as a writer—their average win rate when their answers were evaluated by

others—and (ii) the quality of the human answer they were judging, measured as that answer’s win

rate computed in a leave-one-judge-out (LOJO) manner that excludes that judge’s own decisions.

We then examined how often the judge chose the human answer as a function of these two

metrics (Fig. S8) and summarized judge-level calibration using within-judge Spearman correlations

between LOJO human answer strength and LLM wins plotted against each judge’s own win rate

as an instructor (details can be found in the Supplementary Information, and Fig. S7). This design

isolates whether better judges are more likely to favor stronger human answers without mechanically

inflating the strength metric with their own vote.

To assess whether the LLM advantage can be explained by markers of style vis-a-vis content, we

engineered lexico-syntactic features representing structural organization, reasoning nuance, legal

anchors, confidence tone, clarity, pedagogical support, and length— guided by the AI tutoring

literature (20, 27, 29, 37). We standardized features at the answer level, formed delta features
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(answer A minus answer B), and fit logistic models predicting which answer was preferred, using

two-way clustered standard errors at the judge and answer pair level (details on the Supplementary

Information, Fig. S9). To evaluate explanatory power, we derived predicted win probabilities from

the fitted model and compared the observed against the predicted win rates in deciles of predicted

probability, separately by matchup (each LLM vs. instructor; Fig. 3), with Wilson intervals for

uncertainty.

LLM-as-judge: validation and deployment

Using an LLM as a stand-in for human evaluators is now a common methodology for scaling

pairwise preference evaluation of open-ended generation (31–33). To evaluate Llama-4 Maverick

as a judge, we used a standardized prompt that instructs the model to act as an experienced U.S.

Contracts professor, weigh doctrinal accuracy, clarity, and pedagogical usefulness to approximate

the instructions provided to professors (see Supplementary Information for details).

The approach has documented limitations such as position and verbosity bias, as well as a

tendency to favor outputs from models in the judge’s own family (34, 35). We thus explicitly

validate our chosen judge against human evaluators before deploying it. In particular, to assess

Maverick aligned with human evaluators, we conducted a leave-one-out analysis across the 754

unique answer pairs seen by all 16 instructors. For each instructor, we removed their vote on every

pair they judged, computed the majority decision among the remaining instructors, and compared

both the instructor’s own decision and the LLM-as-judge decision to this leave-one-out majority.

Pairs with no remaining judges or with ties were excluded, typically removing about 14% of items

per instructor. Because the LLM-as-a-judge and each instructor were evaluated on exactly the same

set of pairs, this design provided a clean, pairwise comparison of human-to-LLM alignment. Across

instructors, the LLM-as-a-judge matched the leave-one-out majority as often as the most aligned

human judge and exceeded most others as shown in Fig. S10, with additional details provided in

the Supplementary Information.

After validation, we used the selected LLM judge to adjudicate 42,652 cross-model comparisons

generated by pairing four answer versions per question across our evaluated systems. We then fit a

Bradley–Terry (BT) model (36) to the derived winner–loser pairs to estimate latent strengths on a

common scale. Parameters are identified under the constraint that rankings sum to zero, and 95%
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confidence intervals result from the observed Fisher information as explained in the Supplementary

Information.

Supplementary Text

Design details

Prompts

System Prompt for NotebookLM: You are a Law School Contracts Professor. Your main

knowledge source is the provided textbook chapters. Do not cite cases that are not in the

source. Answer student questions as you would during office hours or after class: brief, direct,

and grounded in the text. Avoid bullet points, restating the question, or using fillers. Respond

naturally, not sounding like you conducted research. Keep answers between 50–108 words,

ideally around 90. You may go up to 155 words only if nuance requires it.

System Prompt for Gemini 2.5 Pro: You are a Law School Contracts Professor. Answer

student questions as you would during office hours or after class: brief and direct. Avoid

bullet points, restating the question, or using fillers. Respond naturally, not sounding like you

conducted research. Keep answers between 50–108 words, ideally around 90. You may go up

to 155 words only if nuance requires it.

Question Table Table S1 presents the questions catalog crafted by the participant instructors.
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Table S1: Selected Contracts Law Questions. Questions

derived from Instructors provided set.

Question

ID

Category Instructor Labels Question

1 Recall: Case or

Code

Clear Answer, In Case-

book

Could you summarize the facts in

Ever-Tite Roofing Corp. v. Green?

2 Recall: Case or

Code

Clear Answer In Lefkowitz v. Great Minneapo-

lis Surplus Store, why did the

court consider the second but not

the first advertisement an offer?

3 Recall: Case or

Code

Clear Answer, In Case-

book

When might a court award re-

liance damages instead of expec-

tation damages?

4 Recall: Case or

Code

Clear Answer, False

Premise

In Russell v Texas, since the

acceptance occurred by the of-

feree continuing to use the land,

shouldn’t that be considered an

offer for an acceptance by perfor-

mance (unilateral contract) rather

than an acceptance by a return

promise (bilateral contract)?

Continued on next page
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Question

ID

Category Instructor Labels Question

5 Recall: Case or

Code

In Casebook When you compare Kirksey

v. Kirksey, Hamer v. Sidway,

Langer v. Superior Steel Corp,

and Pennsy Supply Inc.v. Ameri-

can Ash Recycling Corp, how did

the consideration requirements

evolve?

6 Recall: Case or

Code

Clear Answer Why was there substantial re-

liance in Hamer v. Sidway if

it was not that difficult for the

nephew to give up tobacco and

alcohol?

7 Recall: Case or

Code

Clear Answer Which Restatement provision

discusses promissory estoppel,

and what does that provision re-

quire the plaintiff to prove to as-

sert promissory estoppel?

8 Recall: Case or

Code

Clear Answer, In Case-

book

In disputes about alleged ambigu-

ity of contractual language, does

it matter whether there is a con-

trolling meaning? If so, how?

Continued on next page

S11



Question

ID

Category Instructor Labels Question

9 Recall: Case or

Code

Clear Answer, In Case-

book

If no contract is formed under

UCC 2-207(1), but then the par-

ties behave like they have a deal,

does the UCC say they have a

contract or not?

10 Recall: Case or

Code

Clear Answer, In Case-

book

Can you explain UCC 2-207?

11 Recall: Doctrine Clear Answer, In Case-

book

If an offeree responds to the of-

fer with a counteroffer, does the

original offer expire?

12 Recall: Doctrine Absence of Clear

Rule/Precedent, In

Casebook

Can you please explain the dif-

ference between a conditional

gift promise (not legally binding)

and bargained for consideration

(legally binding)?

13 Recall: Doctrine Clear Answer, In Case-

book

I don’t understand mutual assent.

What do we mean by ”objective

intent to be bound”? What differ-

entiates it from subjective intent?

14 Recall: Doctrine Vague Standard, In

Casebook

Can you help me understand

when a promise made out of

”moral obligation” is enforceable

despite there being no considera-

tion?

Continued on next page
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Question

ID

Category Instructor Labels Question

15 Recall: Doctrine False Premise Can you explain when additional

terms knock each other out under

UCC 2-207(2)?

16 Recall: Doctrine In Casebook If a contract is void under the

statute of frauds, can a party still

seek to enforce it by claiming

promissory estoppel?

17 Recall: Doctrine Clear Answer, In Case-

book

When can parol evidence be used

to show there was a mutual mis-

take about the meaning of a term

in a fully integrated agreement?

18 Recall: Doctrine Clear Answer, In Case-

book

In what circumstances is an offer

irrevocable?

19 Recall: Doctrine Clear Answer, In Case-

book

What is the difference between

restitution, reliance and expecta-

tion damages?

20 Recall: Doctrine Clear Answer, In Case-

book

When can an agreement be en-

forced without consideration?

Continued on next page
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Question

ID

Category Instructor Labels Question

21 Hypotheticals Clear Answer Consider the following variation

on the facts of Ever-Tite Roof-

ing Corp. v. Green. After loading

the trucks, while on the way to

Owner’s house, Contractor gets a

call from Rich Client asking for

immediate roof-repair work, in

exchange for a hefty sum. Con-

tractor diverts the trucks to Rich

Client’s house. Owner who did

not hire a different contractor

is suing for breach of contract.

Will Owner prevail? Would your

answer change if the offer form

– Contractor’s form that speci-

fied Owner is offeror – allowed

only for acceptance by perfor-

mance, rather than for acceptance

by promise or performance (as in

the actual case)?

Continued on next page
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Question

ID

Category Instructor Labels Question

22 Hypotheticals Clear Answer, In Case-

book

A offers to sell B a valuable au-

tographed poster of Sabrina Car-

penter for just $20, but specifies

that B can only accept by having

the words ”Contracts Are Cool”

displayed in 100-foot sky-writing

letters over the center of their city.

B telegrams back, ”I accept your

offer.” Do A and B have a con-

tract?

Continued on next page
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Question

ID

Category Instructor Labels Question

23 Hypotheticals Clear Answer Alan contracts with Formula Two,

a car dealer in Toledo, Ohio to

purchase and import a Fiasco

sportscar for $35,000. Formula 2

locates the car in Italy and spends

$25,000 to acquire the car and

$5,000 in shipping and import

fees. After Formula 2 notifies

Alan that the car has arrived,

Alan says he could not get a

loan for the purchase and will no

longer pay for the car. Formula 2

lists the car for sale on an enthusi-

ast car auction website on which

rare and imported cars are regu-

larly sold. Formula 2 pays $500

to list the car on the site and sells

the car for $30,000 at the end of

the auction. Formula 2 then sues

Alan for damages. Assume that

Alan can introduce evidence that

the buyer of the Fiasco at the auc-

tion immediately resold it to a

car collector in Salem Oregon

for $40,000. What is Formula 2

entitled to recover?

Continued on next page
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Question

ID

Category Instructor Labels Question

24 Hypotheticals Vague Standard, In

Casebook

Concerned that Nephew has too

little time to study in college be-

cause he is also working a part-

time job, Aunt promises to pay

Nephew a monthly stipend equal

to his earnings from the part-time

job if he quits the job. If Nephew

quits his part-time job. Do Aunt

and Nephew have a contract that

is supported by consideration?

25 Hypotheticals Clear Answer, In Case-

book

Under the Uniform Commercial

Code, if two merchants exchange

term sheets that contain different

terms, with each sheet also con-

taining a clause stating that ac-

ceptance is expressly conditional

on the other party’s assent to their

terms, has a contract formed?

Continued on next page
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Question

ID

Category Instructor Labels Question

26 Hypotheticals Clear Answer, In Case-

book

I promise $10,000 to the winner

of a swim race to Alcatraz Island.

The swimmers dive off the dock

and are going strong toward the

island. When they’re about half

way, I stand up on Fisherman’s

Wharf with my bullhorn and yell

“I REVOKE!” Can the winner of

the race insist on the prize?

Continued on next page
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Question

ID

Category Instructor Labels Question

27 Hypotheticals Clear Answer, In Case-

book

Imagine a scenario similar to

Lucy v. Zehmer, except that

when the Zehmers were whis-

pering about the whole thing be-

ing a joke, Lucy overheard the

whispers. Then, Lucy goes to

his buddy and says, ”They think

they’re playing a joke on me, but

they haven’t told me they’re jok-

ing! I know contract law. And

I’m entitled to treat their state-

ments as a reasonable person

would hear them. Until they tell

me they’re joking, I can get them

into a contract on the Ferguson

Farm alright.” Would that change

the outcome of the case?

28 Hypotheticals Vague Standard If the company in Ever-Tite had

not hired workers and loaded the

trucks with materials but instead

made a list of materials that they

would take to the roofing supplier

would the court still have viewed

its action as acceptance?

Continued on next page
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Question

ID

Category Instructor Labels Question

29 Hypotheticals Clear Answer, In Case-

book

You contract with your stock bro-

ker to buy a share of Apple stock

for $500. When the price drops

to $400 the following month, can

you get out of the deal by saying,

“I made a mistake; I thought the

price was going to go up?”

30 Hypotheticals Clear Answer, In Case-

book

Biff agrees to sell a car to Allee

for $1,000. Allee wires Biff

$1,000. Meanwhile, Miguel gets

wind of the sale and offers Biff

$1,500 for the car. Biff sells the

car to Miguel. Allee sues for

breach of contract. Suppose the

judge finds for Allee and awards

restitution damages. What amount

would Biff have to pay Allee?

What if the judge awards dis-

gorgement?

31 Policy — Why are punitive damages disfa-

vored in contract law?

Continued on next page
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Question

ID

Category Instructor Labels Question

32 Policy Vague Standard, In

Casebook

Is there a principled rationale for

relaxing the requirement of con-

sideration for contract modifica-

tions?

33 Policy Vague Standard, In

Casebook

Why do we have the Statute of

Frauds, when it seems to let some

parties break an agreement that

the other party may have relied

on?

34 Policy Absence of Clear

Rule/Precedent

In Sullivan v. O’Connor, the court

says: “It has been suggested on

occasion that agreements between

patients and physicians by which

the physician undertakes to effect

a cure or to bring about a given

result should be declared unen-

forceable on grounds of public

policy.” What’s the public policy

argument?

35 Policy In Casebook How does Judge Posner under-

stand the doctrine of good faith

(see Market Street Associates v.

Frey)?

Continued on next page
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Question

ID

Category Instructor Labels Question

36 Policy In Casebook Why is quantity but not price an

essential term under the UCC?

37 Policy Vague Standard What is the justification for the

U.C.C. 2-207 approach of at-

tempting to find formation even

when an offer and acceptance

contain different terms?

38 Policy Clear Answer, In Case-

book

What are the policy consider-

ations behind the promissory

estoppel leading to a quasi con-

tract?

39 Policy Vague Standard, In

Casebook

An offeror is said to be ”master

of the offer,” yet an offeror cannot

stipulate that silence shall count

as acceptance. Why not?

40 Policy Absence of Clear

Rule/Precedent, In

Casebook

Why let parties specify their dam-

ages in a liquidated damages

clause? It seems like a natural

province of the court to decide

what it ought to order to resolve a

dispute.

Instructions to Instructors

Step 1 Instruction Question-Answer Submission

As a first step in this study, we would like to ask each of you to submit eight questions with
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model answers to us under this Google Form. We will draw on a subset of the questions you submit

for our evaluation exercise. The questions are divided across areas, and we ask that you provide two

questions for each of the four categories:

• Recall — Case or Code: The question primarily asks for a summary of facts or law stated in

a particular case or in the U.C.C. or Restatement.

• Recall — Doctrine: The question asks for an explanation of one or more doctrinal concepts.

• Hypos: The question requires analysis of how the doctrine would apply to a novel set of facts

rather than a mere restatement of the relevant rules.

• Policy: The question asks about policy rationales or implications of a legal rule.

A full taxonomy of our questions, including examples, can be found in the attached document.

Please note that the taxonomy you will see has been slightly updated in response to our statistical

power analysis.

As a reminder, we would like the questions to be reflective of the types of inquiries that students

commonly make after class or during office hours. Please also try to vary the subject, complexity,

and difficulty of the questions.

In addition to the question themselves, we would like you to submit short model answers for

each of your questions. The model answers should be representative of how you would answer

the question if it was asked in office hours or after class. Please do not conduct research or spend

significant time thinking about your answer. Please be concise. Perhaps it is helpful to envision

that you have a long line of students burning to ask their question after class and that you have an

important faculty meeting to attend, giving you only limited time for each individual answer.

Last but not least, for each of your questions, we would like you to assign all labels that

appropriately characterize the question / answer. Labels are not mutually exclusive. The options

are:

• Clear: There is one clear answer or narrow set of non-conflicting possible answers to a

question.

• Unclear: Standard: The answer is unclear because the question raises an issue which is not

obviously resolved by the relevant legal standard.
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• Unclear: No Clear Rule or Precedent: The answer is unclear because there is no or conflicting

authority on an issue necessary to resolve the question.

• Answer in Casebook: The casebook (Ayres, Klass & Stone’s Studies in Contract Law) provides

sufficient basis for answering the question, though inference may be required and the answer

may not be complete.

• False Premise: The question reflects a clear misunderstanding of some aspect of contract law

which needs to be corrected.

Step 2 Instruction During Step 1 of this study, many of you have submitted questions that

represent the types of inquiries students typically make after class or during office hours. We have

selected a subset of 40 of these questions for inclusion in our study. In selecting the questions, we

aimed to represent various levels of complexity, and sought to avoid niche subjects that may not be

covered in every contracts class.

In the current Step 2 of the study, each participant answers an even smaller subset of 10 questions

submitted by other faculty. We do not believe this is the case, but if we accidentally assigned a

question that you submitted yourself during Step 1, please contact us immediately. Looking ahead,

in Step 3, we will then blindly compare and score these answers against answers submitted by large

language models.

Instructions for writing an answer (also included in the survey):

• The answers should be representative of how you would answer the question if it was asked

in office hours or after class.

• Please be concise. We expect that each answer takes no more than 3 minutes to write down.

• It is ok for an answer to reflect uncertainty.

• Please do your best to avoid conducting any research or to spend significant time thinking

about your answer. That said, we understand this is not always possible. For instance, the

question may be about a case that you don’t typically cover in class, and thus will need to

look up in order to answer the question. For these types of scenarios, we have included two
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additional, self-explanatory labels that you can check if appropriate, in addition to providing

your answer. These labels are:

– “I don’t cover the subject of this question in my class”

– “To answer this question, I had to do research (e.g. look up case facts or relevant

doctrine)”

Step 3 Instruction During Step 1 of this study, we collected common contract law questions

from you. During Step 2, you have answered these questions. Simultaneously, we also generated

responses to these questions via LLMs. In Step 3, we will examine whether we as a contract law

teacher collective prefer answers generated by contract law teachers over answers generated by

LLMs.

We have created a website that will show you a contract law question and two possible answers.

You will not know which answer (if any) was generated by an LLM and which answer (if any)

was written by one of your colleagues. We ask that you state which answer you prefer. By that, we

mean: Which response would you rather give to a student who asks the question in office hours or

after your 1L contracts class? Consider clarity, doctrinal accuracy, and pedagogical usefulness—but

ultimately go with your holistic judgment.

You also have the option to indicate if any answer is of such poor quality that it would—in

your view—hinder student learning. You can select this option for any answer you see, including

both answers in a pair. We also give you the option to leave a comment explaining your decision,

although you are free to leave that box empty.

To ease the process as much as possible, we have organized the pairs we are showing to you by

the relevant question. This means that the first batch of answer pairs you see all relate to the same

question. You will then see another batch of paired answers, all belonging to a new question. And

so on.

Below, we list a few points that are important to keep in mind:

• The goal is for everyone to document 150 preferences. During testing, we found that, after

an initial period of familiarization, documenting a preference took an average of 45 seconds.

We thus hope you will be able to complete 150 answer pairs over the course of two hours or
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so.

• Each vote matters. In case you are willing to document more than 150 preferences, we would

certainly greatly appreciate it, as this will yield greater statistical reliability to the results. For

that purpose, each survey includes 50 additional bonus answer-pairs. Again, we don’t expect

you to indicate your preference for these, but would certainly appreciate it.

• It can be tempting to think that there are cues which clearly reveal the use of an LLM. For

instance, LLMs have been trained to be encouraging, and one might think that words of

encouragement or affirmation at the beginning of an answer (e.g. “This is a great question!”)

indicate an LLM response. But this is not the case. Perhaps motivated by our prompt to

envision you are answering questions in office hours, many human instructors adopted similar

practices in the written answers they provided to us. Indeed, because encouragement and

similar cues were so commonplace, we opted to make no changes in that regard to LLM or

instructor responses.

• There is no option to choose a tie. This can sometimes be frustrating (I certainly felt so

during our trial runs). But please know that this is by design. Setting the rankings up in that

way allows us to get more information from every single vote, which in turn means we can

lower the number of votes we require from each of you. If two answers truly feel equivalent

in quality, please make your best judgment and go with your slight preference–even if it

feels like a coin toss. You can rest assured that, when this happens across voters, it will

show up in the aggregate data as near-random, signaling that the two options are effectively

indistinguishable in quality.

• The position of each answer (A-left/B-right) is randomized and balanced across the study.

• To stay within the allotted 120 minutes, we encourage you to make use of the comment box

only sparingly.

Computational details of results

Win Rate Computation Win rates are computed from head-to-head comparisons where either

(i) a professor’s answer was evaluated against an LLM’s answer, or (ii) two LLMs were compared.
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Each instructor or model contributed multiple answers, and every answer could appear in several

comparisons. Judges were required to select a winner in each case (no ties). Formally, for a given

model or instructor 𝑚:

Win Rate𝑚 =

∑
𝑟∈𝑅𝑚

𝑊𝑟∑
𝑟∈𝑅𝑚

𝐶𝑟
(S1)

where 𝑅𝑚 is the set of all responses authored by 𝑚, 𝑊𝑟 is the number of wins for response 𝑟,

and 𝐶𝑟 is the total number of comparisons involving 𝑟.

Confidence intervals were estimated using the Wilson score interval:

𝑝 =
𝑤

𝑛
, CIWilson =

𝑝 + 𝑧2

2𝑛 ± 𝑧

√︃
𝑝(1−𝑝)
𝑛

+ 𝑧2

4𝑛2

1 + 𝑧2

𝑛

(S2)

where 𝑤 is the number of wins, 𝑛 is the total comparisons, and 𝑧 is the critical value from the

standard normal distribution for 95% confidence.

Judge Preference Computation To quantify individual instructors’ preferences as a judge, we

computed a judge-specific preference rate. For each instructor 𝑗 , we considered only LLM vs

Human matchups. Let𝑊 𝑗 denote the number of times instructor 𝑗 selected the LLM response, and

𝐶 𝑗 the total number of such comparisons they judged. The judge rate is defined as:

Judge Rate 𝑗 =
𝑊 𝑗

𝐶 𝑗
. (S3)

Wilson score intervals at the 95% confidence level were computed as described in Eq. S2.

Excluding Answers to Unfamiliar Questions

When instructors drafted answers to randomly selected questions, we asked them to be concise

(targeting ≤ 3 minutes per answer) and to avoid conducting outside research or spending substantial

time deliberating. We acknowledge that this would not always be feasible—for example, if a question

concerned a case not covered in their course—and provided two additional, self-explanatory labels

they could check alongside their answer when appropriate:

“I do not cover the subject of this question in my class“
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“To answer this question, I had to do research (e.g., look up case facts or relevant

doctrine)“

We recomputed win rates as described in the Supplementary Information, now excluding all

comparisons that include at least one instructor answer flagging either label. This isolates potential

uncertainty arising from questions outside an instructor’s syllabus coverage/expertise or requiring

ad hoc research. Only a small share of responses were flagged (14 of 153 unique instructor answers),

so the exclusion has marginal effect: the resulting pattern in Fig. S1 is virtually unchanged from the

overall results in Fig. 2.

Bradley-Terry Model

Our outcome is a set of pairwise preferences (”A” vs ”B”) collected under an incomplete and

unbalanced design (not all respondents face every other on every question, and some pairs appear

more often). Simple win rates combine strength with schedule imbalance and use incomparable

denominators. The Bradley-Terry (BT) model (36) addresses this potential shortcoming by assigning

each human/llm instructor 𝑚 a latent “strength” 𝜉𝑚, and by then modeling head-to-head win

probability as

Pr(𝑚 beats 𝑚′) =
1

1 + 𝑒 𝜉𝑚′−𝜉𝑚
.

BT and its extensions are commonly employed for pairwise data (e.g., sports ratings, consumer

choice, online A/B tests) because they recover a global scale even with sparse schedules. We follow

this practice, using an implementation inspired by (23).

Estimator. We collect all (winner, loser) pairs and maximize the BT log-likelihood. For identifia-

bility, one coefficient is fixed to zero and we report centered estimates (sum-to-zero) for readability.

Uncertainty. Following (23), we quantify uncertainty using the Huber-White’s “sandwich” co-

variance for Bradley-Terry maximum likelihood estimations, yielding robust standard errors under

mild conditions. From this covariance, we report two types of intervals: (i) ordinary per-parameter
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Figure S1: Win rates after excluding any pair that contains an instructor answer flagged.

Flags could be either “I do not cover the subject of this question in my class” or “To answer this

question, I had to do research (e.g., look up case facts or relevant doctrine).” Markers and 95%

Wilson score intervals follow the same conventions as Fig. 2

S29



Figure S2: Bradley–Terry (BT) log-odds strength estimates for Gemini, NotebookLM, and the

instructor average. Points represent centered BT coefficients, interpreted as latent performance

strengths in pairwise comparisons. Error bars show simultaneous multiplicity-corrected 95% in-

tervals derived from projecting the 𝜒2 confidence ellipsoid for the full coefficient vector. Higher

values indicate stronger estimated performance under the BT model.

Wald intervals, and (ii) multiplicity-corrected intervals obtained by projecting 𝜒2 confidence ellip-

soid for 𝝃 onto each coordinate. The latter provide simultaneous 95% coverage for all coefficients

and are the appropriate intervals for ranking claims.

Display and interpretation. We present the aggregated three-way comparison among Gemini,

NotebookLM, and the instructor average. Fig. S2 reports BT point estimates (centered log-odds

strengths) with simultaneous 95% confidence intervals.

Win Rates per Category- and Subgroup-Level

Win Rates per Category Fig. S3 displays win rates by question category for Gemini (red),

NotebookLM (blue), the aggregate of all instructors (green, bold), and each individual instructor

(green, anonymized as Instructor 1-16 in a fixed order based on the win rate performance from

Fig. 2. The four subplots correspond to the taxonomy used in the study: Recall-Case or Code,

Recall-Doctrine, Hypotheticals, and Policy.
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Figure S3: Category-level win rates with 95% Wilson intervals. Points: overall win rate;

squares/diamonds: head-to-head win rates vs Gemini and NotebookLM, respectively.
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For every row, the point represents the overall win rate against all opponents within that category.

If the row corresponds to an LLM, it represents the overall win rate against all instructors; if it

corresponds to an instructor, it is computed using all matchups against LLMs. Horizontal bars

denote 95% Wilson score intervals. Squares show head-to-head win rates vs Gemini and diamonds

indicate head-to-head win rates vs NotebookLM for the same row. Win rates and confidence

intervals were computed as shown in the Supplementary Information.

Win Rates by Question Subgroup During question creation, instructors assigned one or more

(non-mutually exclusive) subgroup labels to each question to characterize the question/answer.

These subgroups were:

• Clear Answer: There is one clear answer or narrow set of non-conflicting possible answers

to a question,

• Vague Standard: There is no clear answer because the question raises an issue which is not

obviously resolved by the relevant legal standard,

• Absence of Clear Rule/Precedent: There is no clear answer because there is no or conflicting

authority on an issue necessary to resolve the question,

• In Casebook: The casebook provides sufficient basis for answering the question, though

inference may be required and the answer may not be complete,

• False Premise: The question reflects a clear misunderstanding of some aspect of contract law

which needs to be corrected.

In total, 24 questions were labeled as Clear Answer, 2 as False Premise, 29 as In Casebook, 3

as Absence of Clear Rule/Precedent, and 7 as Vague Standard (counts do not sum to 40 because

labels were not mutually exclusive).

Fig. S4 reports subgroup-specific win rates for Gemini (red), NotebookLM (blue), and the

aggregate of all instructors (green). For each row, the point denotes the overall win rate against

all opponents within that subgroup (for LLM rows, against all instructors; for the Instructors row,

against all LLMs). Horizontal bars indicate 95% Wilson score intervals. Squares show head-to-head

S32



Figure S4: Subgroup-level win rates for aggregated respondents (Gemini, NotebookLM, and

Instructors) with 95% Wilson score intervals. Points mark the overall win rate within each

subgroup. Squares and diamonds show head-to-head win rates versus Gemini and NotebookLM.

win rates versus Gemini, and diamonds indicate head-to-head win rates vs NotebookLM. Win rates

and confidence intervals were computed as shown in the Supplementary Information.

Harmfulness Rate

Harmfulness rates were computed in three steps and shown in Fig. S5:

1. Judge-level marking: if a judge labeled a response 𝑟 as harmful at least once, then all

instances of that response for that judge were considered harmful. This is done under the

assumption that judges may find it superfluous to repeatedly label answers as harmful.

2. Response-level aggregation: for each response 𝑟, the harmfulness proportion was computed

as
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𝐻𝑟 =
Number of judges marking 𝑟 as harmful
Total number of judges who evaluated 𝑟

(S4)

3. Model-level averaging: the harmfulness rate for model/instructor 𝑚 represents the mean

across all responses:

Harmful Rate𝑚 =
1

|𝑅𝑚 |
∑︁
𝑟∈𝑅𝑚

𝐻𝑟 (S5)

where 𝑅𝑚 is again the set of responses authored by 𝑚.

Uncertainty in harmfulness rates was quantified using bootstrap resampling over responses,

producing non-parametric confidence intervals.

Intercoder Minimum

We quantify whether judges apply a shared standard by comparing observed dyadic agreement to

the minimum agreement mechanically possibly by the LLM win rate. We restrict answer-pairs to

those including responses from Gemini (as the stronger model) and instructors. For each answer

pair 𝑗 , let 𝐾 𝑗 be the number of judges who evaluated it and 𝑐 𝑗 the number who preferred the LLM;

define 𝑝 𝑗 = 𝑐 𝑗/𝐾 𝑗 . Observed agreement for pair 𝑗 is the fraction of agreeing judge dyads,

𝐴 𝑗 = 1 −
2 𝑐 𝑗 (𝐾 𝑗 − 𝑐 𝑗 )
𝐾 𝑗 (𝐾 𝑗 − 1) ,

and the pair-specific lower bound consistent with the marginal win rate is

𝐿 𝑗 =
��1 − 2𝑝 𝑗

�� ,
which is the smallest possible dyadic agreement if judges merely follow idiosyncratic LLM-

vs-human leanings with success probability 𝑝 𝑗 . We aggregate to the question level by weight-

ing each pair by its number of judge dyads 𝑤 𝑗 = 𝐾 𝑗 (𝐾 𝑗 − 1)/2, yielding the dyad-weighted

observed agreement 𝐴̄𝑞 =
∑
𝑗 𝑤 𝑗 𝐴 𝑗/

∑
𝑗 𝑤 𝑗 and the corresponding dyad-consistent minimum

𝐿̄𝑞 =
∑
𝑗 𝑤 𝑗𝐿 𝑗/

∑
𝑗 𝑤 𝑗 . Plotting 𝐴̄𝑞 against 𝐿̄𝑞 (Fig. S6) allows us to assess convergence beyond

what is arithmetically implied by LLM win rates alone. Systematic excess of 𝐴̄𝑞 over 𝐿̄𝑞 indicates

agreement consistent with a shared professional standard rather than purely private preferences.
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Figure S5: Harmfulness rates for instructors and LLMs. Points denote mean harmfulness

rates as defined in the Supplementary Information, with non-parametric 95% bootstrap confidence

intervals obtained by resampling responses.
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Figure S6: Observed intercoder agreement by question with the minimum agreement implied

by the LLM win rate. Each point shows the observed agreement rate for a question, computed on

the subset of Gemini-vs-Instructor dyads, with colors indicating question category. Crosses indicate

the smallest agreement rate considering the arithmetic constraints due to the observed LLM win

rate.

S36



Instructor Strength and LLM Preference

Are ’strong’ judges better at recognizing ’strong’ human answers?

Fig. S7 addresses whether “strong” judges, defined as those who themselves write answers with

higher win probabilities, are better at recognizing strong, human-author instructor answers when

deciding between a instructor and an LLM. The negative correlation values indicate that judges do

tend to select stronger instructors, aligning with those whom other judges also deem strong. On the

vertical axis, instructor strengths are computed using a leave-one-judge-out (LOJO) approach to

prevent a judge’s own ratings from inflating the metric of strength used to evaluate that same judge.

Overall, there is no strong correlation between instructor quality and ability to identify and prefer

other strong instructors.

Judge’s own instructor win rate For the horizontal axis, we measure each judge 𝑗’s strength as

an instructor using the same win-rate definition as Eq. S1, but restricted to responses authored by

𝑗 :

𝑋 𝑗 ≡ WinRatewriter
𝑗 =

∑
𝑟∈𝑅 𝑗

𝑊𝑟∑
𝑟∈𝑅 𝑗

𝐶𝑟
, (S6)

where 𝑅 𝑗 is the set of responses authored by judge 𝑗 ,𝑊𝑟 is the number of wins for response 𝑟,

and 𝐶𝑟 is the number of comparisons involving 𝑟.

Spearman 𝜌 LOJO For the vertical axis, we computed the LOJO instructor strength with the

following considerations in mind. As previously noted, we wanted to avoid circularity when ana-

lyzing judge 𝑗 . Thus, we score the instructor ℎ in a pair using a LOJO win rate that excludes all

decisions made by judge 𝑗 :

𝜃
(− 𝑗)
ℎ

=

∑
𝑟∈𝑅ℎ

(
𝑊𝑟 −𝑊𝑟 𝑗

)∑
𝑟∈𝑅ℎ

(
𝐶𝑟 − 𝐶𝑟 𝑗

) , (S7)

where 𝑅ℎ is the set of responses authored by human instructor ℎ, and 𝑊𝑟 𝑗 and 𝐶𝑟 𝑗 are, re-

spectively, the number of wins and comparisons for response 𝑟 specifically in decisions by judge

𝑗 .

Furthermore, let 𝐼 𝑗 be the set of LLM vs. instructor comparisons judged by j. For each 𝑖 ∈ I𝑗 ,

let ℎ(𝑖) denote the human instructor in that pair and define a binary indicator of whether the LLM

won:
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Figure S7: Cross-judge trend between judges’ own strength as an instructor and calibration

to human answer quality in LLM vs human matchups. Each point represents a judge. The

horizontal axis depicts the judge’s global win rate when their own answers were evaluated (instructor

strength). The vertical axis represents the within-judge Spearman correlation 𝜌 between the leave-

one-judge-out (LOJO) human-writer strength in each LLM vs human pair the judge rated and the

LLM preference (an indicator that the LLM won, 1=LLM, 0=human). Negative 𝜌 means the judge

prefers human instructor responses when the judge is a stronger instructor. Line shows an OLS fit;

shaded band is the 95% standard-error band for the mean trend.
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𝐿 𝑗𝑖 = ⊮{LLM wins in comparison 𝑖 judged by 𝑗} . (S8)

We then compute the within-judge Spearman correlation between the LOJO instructor strength

and LLM wins:

𝑌𝑘 ≡ 𝜌 𝑗 = Spearman
(
{𝜃 (− 𝑗)

ℎ(𝑖) : 𝑖 ∈ I𝑗 }, {𝐿 𝑗𝑖 : 𝑖 ∈ I𝑗 }
)
. (S9)

As previously stated, a 𝜌 < 0 indicates that the judge is less likely to select the LLM when

the instructor in a pair is stronger (as defined by the pool of judges), which we interpret as

consistent/coherent behavior across judges towards a group definition of instructor quality.

Fig. S8 shows the above-detailed instructor’s win rate on the horizontal axis and the aforemen-

tioned LOJO instructor win rate on the y-axis. We estimated the surface by aggregating identical

(𝑥, 𝑦) coordinates and computed the observed share of times the instructor was preferred. To sta-

bilize sparse cells, we applied Empirical-Bayes shrinkage toward the global mean, then produced

a continuous surface using count-weighted inverse distance weighting (IDW) on a grid, masking

regions too far from observed data.

Feature Importance Analysis

We modeled judges’ pairwise choices with a logistic regression using only Δ features—feature

differences between answer A and answer B. Specifically, our features consist of legal anchors,

reasoning nuance, clarity, confident tone, structural organization, pedagogical support, and log

length. The binary outcome was 𝑦 = 1 if A was preferred, 0 otherwise. We fit the logit without

fixed effects, although our results are not sensitive to their addition. We then computed two-way

cluster-robust standard errors by judge and by question-answer pair. Fig. S9 displays eachΔ feature’s

coefficient and 95% Confidence Interval on the log-odds scale. Positive coefficients indicate that

increasing a feature in A relative to B raises the odds that A is chosen; negative coefficients indicate

the opposite. These estimates both explain which textual attributes move judge preferences and

produce the predicted probabilities used for downstream evaluation (see below). Table S2 shows

the estimated coefficients, as well as indicating that features length, pedagogical support (the sum

of the rate of question marks and the scaffolding rate per answer (39, 40)), and clarity (Flesch

reading-ease score (38)) are statistically significant.
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Figure S8: Judge level sensitivity to human instructor vs. LLM answers. Heatmap shows the

estimated probability that a judge chooses the instructor over an LLM as a function of (hori-

zontal axis) the judge’s own strength as a writer (win rate) and (vertical axis) the human answer’s

strength measured as a leave-one-judge-out (LOJO) win rate for that human answer within the same

pair. Colors indicate the probability of preferring the human instructor answer; exact-match cells

use empirical values, and the surface elsewhere uses Empirical-Bayes-smoothed, count-weighted

inverse-distance interpolation.
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Table S2: Logit coefficients (Two-way clustered SEs). Coefficients on log-odds scale for each Δ

feature.
Term Coef SE p CI low CI high Sig

Length log 0.634 0.082 1.02 × 10−14 0.474 0.795 ***

Pedagogical Support -0.371 0.069 7.68 × 10−8 -0.506 -0.236 ***

Clarity -0.262 0.066 6.92 × 10−5 -0.391 -0.133 ***

Confidence Tone 0.060 0.045 0.186 -0.029 0.148

Legal Anchors -0.058 0.044 0.189 -0.145 0.029

Reasoning Nuance 0.018 0.040 0.650 -0.061 0.097

Structural Organization -0.006 0.055 0.911 -0.115 0.102

Figure S9: Estimated coefficients from a logistic regression of pairwise answer choices on

differences in textual and pedagogical features, with two-way clustered standard errors (by

judge and answer pair). Dots represent point estimates; horizontal lines show 95% confidence

intervals. Positive values indicate that higher feature values increase the likelihood of an answer

being preferred. Answer length emerges as the strongest predictor.
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We restricted the data to LLM vs. instructor comparisons. For each row, we aligned predictions

and outcomes to the focal LLM: if the model was on side A, we used its predicted win probability

as 𝑝𝐴; if on side B, then 1 − 𝑝𝐴. Within each matchup, we formed deciles and computed, per

decile, the mean predicted win rate, the observed win rate, and a 95% Wilson confidence interval.

Fig. 3 plots on the observed win rate—with errors bars against the binned mean predicted win rate

, overlaying the 𝑦 = 𝑥 line representing perfect calibration, and a 50% reference line. Points near

the diagonal indicate well-calibrated probabilities.

LLM-as-a-Judge

Prompt

System Prompt for LLM-as-a-Judge You are an experienced U.S. contract-law professor.

Your task is to read a law-school QUESTION plus two ANSWERS (”A” and ”B”) and decide

which answer you would prefer to give to a 1L student. Judge each answer on the following,

weighting them roughly equally unless one dimension is clearly decisive:

1. Doctrinal accuracy: correctness and completeness of the legal analysis.

2. Clarity: logical flow, plain language, and concision.

3. Pedagogical usefulness: capacity to help a novice understand and apply the doctrine.

Additional instructions:

• You do not know who authored either answer. Ignore stylistic cues that might reveal an

LLM or a human.

• No ties. If the answers feel identical, pick the slightly better one.

• Think through the criteria step-by-step privately. After you finish reasoning, output only

the JSON object shown below.

• Do not reveal or quote your private reasoning.

JSON example format: ”preferred”:”A”—”B”

#### BEGIN SCRATCHPAD (private)
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Choosing our LLM-as-a-judge: Leave-one-out agreement analysis between human instructors

and the LLM-as-a-judge To compare how closely each human instructor and the LLM-as-a-

judge align with the rest of the judges, we conducted a leave-one-out majority-vote analysis on the

pairwise comparison data. Let items 𝑖 = 1, . . . , 𝑁 index the 754 unique answer pairs seen by the

𝐽 = 16 instructors. Each human judge 𝑗 provides a label 𝑦𝑖 𝑗 ∈ {𝐴, 𝐵} the LLM judge produces

𝑦̂𝑖 ∈ {𝐴, 𝐵}. Naturally, the LLM decision is constant within each unique pair, whereas human

decisions vary across judges.

For each instructor 𝑗 , we restricted attention to the set of unique answer pairs for which the

human provided a judgment. For every such pair, we first removed 𝑗’s decision and computed a

leave-one-out consensus among the remaining human judges. Concretely, we counted how many of

the remaining judges chose said answer versus the remaining option; the one with the larger count

was treated as the majority winner for that pair. Pairs for which (i) no other judge was available

or (ii) there was an exact tie between the two options were excluded from the analysis for that

instructor (anecdotally, the average unique pairs dropped rate was 13.78% across instructors and it

was never higher than 17.20%.)

For the subset of pairs with a well-defined leave-one-out majority, we then computed two

agreement rates:

1. the proportion of pairs for which instructor 𝑗’s decision matches the leave-one-out majority;

and

2. the proportion of pairs for which the LLM-as-a-judge’s decision matches the same leave-one-

out majority.

These two quantities are computed on exactly the same set of pairs for each instructor, so that

the human and LLM are evaluated on an identical decision set.

For each proportion, we construct a 95% confidence interval using the Wilson score interval,

as calculated in the Supplementary Information.

To preserve anonymity and to ensure consistency across figures, we mapped each instructor

to their overall win rate ranking in the main pairwise-comparison experiment, with “Instructor 1”

having the highest win rate and “Instructor 16” the lowest.
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Fig. S10 shows that the selected LLM judge (Llama-4 Maverick) matches the alignment of

the top-performing human judge and, overall, exceeds the alignment of most human judges with

respect to the leave-one-out majority.

Scaling analysis with LLM-as-a-judge We generated four answers per question for each model,

created all cross-model pairings (totaling 42,652 unique pairs), and judged them with the validated

LLM. We aggregated at the base-model level and computed BT strengths and their confidence

intervals as shown in the Supplementary Information. Results can be found in Fig. 4.

Representativeness of the Instructor Sample

The sixteen instructors who participated in the study were drawn from a pool of sixty professors

who used the casebook (54) to teach first-year Contracts in the four years preceding the study.

To assess how the respondent sample compares to the full pool, we collected publicly available

characteristics on all sixty professors along four dimensions: gender, law school ranking (per the

US News 2026 rankings2), tenure status, and years since tenure. Law school rankings were retrieved

from the public US News listing; tenure status and years since tenure were determined from publicly

available faculty biographies and CVs. Where a tenure year could not be confidently established

from public sources, the professor is excluded from the years-since-tenure summary (but retained

for all other dimensions); the relevant denominators are reported in Table S3.

Table S3 reports the joint comparison. The respondent sample over-represents professors at T14

law schools (38% vs. 22% in the full pool) and, more modestly, under-represents female professors

(25% vs. 33%). Respondents are also somewhat more likely to be tenured (94% vs. 83%), though

their median time since tenure is shorter (16 vs. 19 years). We did not collect characteristics that

would have required private outreach to the non-respondent group (e.g., teaching experience specific

to Contracts, geographic background beyond institutional location), and we report the dimensions

for which we could obtain consistent public data on both respondents and non-respondents.

2US News 2026 rankings: https://www.usnews.com/best-graduate-schools/top-law-schools.
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Figure S10: Leave-one-out agreement with the human consensus for each instructor and the

LLM-as-a-judge. Blue circles show the proportion of times that the instructor’s decision agrees

with this leave-one-out majority, and orange squares show the corresponding agreement rate for

the LLM evaluated on the same set of pairs. Horizontal bars indicate 95% Wilson score confidence

intervals for each proportion. Instructors are anonymized as “Instructor 1”–“Instructor 16” based

on their overall win rate ranking in the main pairwise-comparison experiment, with 1 being best

and 16 worst.
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Table S3: Comparison of respondents (n=16) to non-respondents (n=44) and the full casebook-

adopter pool (n=60) along observable characteristics. Counts (and column percentages) shown

for each dimension; the row reporting years since tenure shows the median among those with a

confidently identifiable tenure year, with 𝑛 noted in parentheses.

Dimension Respondents (n=16) Non-respondents

(n=44)

Full pool (n=60)

Gender (% female) 4 (25%) 16 (36%) 20 (33%)

Law school rank (US News 2026)

T14 (1–14) 6 (38%) 7 (16%) 13 (22%)

T15–50 2 (13%) 5 (11%) 7 (12%)

T51–100 3 (19%) 13 (30%) 16 (27%)

T101+ 4 (25%) 17 (39%) 21 (35%)

Unranked / NA 1 (6%) 2 (5%) 3 (5%)

Tenured 15 (94%) 35 (80%) 50 (83%)

Years since tenure (median,

of those with a known tenure

year)

16 yrs (n=15) 20 yrs (n=35) 19 yrs (n=50)
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