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Abstract. Generative AI is improving rapidly, but evidence on whether these advances translate into broad productivity
gains across skill levels remains limited. We randomly assigned access to generative AI to 286 researchers, ranging from
undergraduates to senior academics, during a seven-hour research assignment spanning economics, political science, psychology,
and management. Participants reproduced published results, searched for errors, proposed additional analyses, and wrote referee
reports. AI assistance increased successful reproduction, the discovery of verified errors, the production of expert-approved
robustness checks, and the quality of referee reports. The gains span computational and written work. The results contrast sharply
with our experiment two years earlier, in which AI-assisted teams performed similarly to human-only teams on most outcomes.
Positive computational interactions suggest larger gains for graduate students and senior researchers than for undergraduates.
Generative AI assistance now appears capable of raising productivity across much of the expertise ladder and across multiple
dimensions of scientific work.
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Significance. Generative AI is advancing rapidly, raising the question of whether its productivity benefits now extend broadly across levels of
expertise. In a randomized experiment with researchers ranging from undergraduates to senior academics, AI assistance improved performance
across multiple dimensions of scientific work, including reproducing published results, detecting errors, proposing additional analyses, and
writing referee reports. Gains appear in both computational and written work, with suggestive evidence of larger computational gains among
more advanced researchers. Strikingly, these results contrast with our experiment two years earlier, when AI-assisted teams performed similarly
to human-only teams on most outcomes. The findings suggest that the productivity reach of generative AI has expanded rapidly across both
tasks and the expertise ladder.

Generative AI has improved rapidly, but evidence on
its effects on knowledge-worker productivity is necessarily
backward-looking. Experiments conducted only a few years
ago evaluated substantially less capable models and tools than
those available today. This creates an unusual challenge for
understanding the economic consequences of AI: conclusions
about where AI helps, which tasks it can perform, and which
workers benefit most may change on a much shorter timescale
than is typical for new technologies [1–3]. The central question
is therefore no longer simply whether generative AI can raise
productivity, but how broadly those gains now extend across
tasks and levels of expertise.

Existing experiments provide compelling evidence that gen-
erative AI can improve performance in writing, customer sup-
port, consulting, and software development [4–7]. Many of the
earliest studies also suggested that the largest gains accrued to
less experienced or initially lower-performing workers, raising
the possibility that generative AI could compress productivity
differences between workers [4, 5, 8]. Other evidence points
in the opposite direction. AI advice produced more favorable
effects among stronger-performing entrepreneurs in Kenya [9],
while recent experiments show that AI can help profession-
als perform unfamiliar technical tasks or combine expertise
across domains [10, 11]. These findings suggest that AI may
substitute for some forms of expertise while complementing
others [12–15].

An equally important possibility has received less attention:
the distribution of AI’s benefits may itself change rapidly as
the technology improves. Capabilities that once provided little
advantage in demanding analytical work may become useful as
models gain stronger reasoning, coding, file-handling, and tool-
use capabilities [16, 17]. Coding agents introduced in 2025, for
example, made it increasingly possible to delegate not only the
generation of code but also file editing, command execution,
debugging, and iterative implementation. If technological
progress expands the set of tasks on which AI is useful,
productivity gains may increasingly reach workers throughout
the expertise distribution rather than being concentrated among
particular groups.

We study this question in a randomized experiment with 286
participants across economics, political science, psychology,
and management. Each participant received a published study
and its research materials, then had seven hours to complete
four tasks. They tried to computationally reproduce a key
result, find coding errors in the authors’ code, propose two
robustness checks, and write a referee report explaining the
article’s strengths, weaknesses, and possible improvements. AI
access was randomly assigned. Participants with access could
decide when and how to use generative AI alongside standard

statistical software and other research tools. The design
therefore measures AI assistance across several components
of real analytical work, complementing software-engineering
benchmarks such as SWE-bench that evaluate language models
on resolving issues in existing codebases [18].

AI assistance improved performance across this broad set
of research activities. Participants with AI were more likely to
computationally reproduce the target result, identified more
coding errors, proposed more expert-approved robustness
checks, and wrote referee reports that received higher evalua-
tions. The gains therefore extend beyond code generation or
writing alone. They appear in executing an existing analysis,
diagnosing problems, developing new analyses, and commu-
nicating an assessment. AI-assisted participants also reached
key computational milestones earlier during the seven-hour
assignment.

The breadth of these gains is particularly notable when com-
pared with our earlier AI Replication Games experiment [19].
In events conducted in 2024, AI-assisted teams performed
similarly to human-only teams on most primary outcomes
and found fewer major errors. In the present experiment,
AI-assisted individuals improve on the same core tasks of
reproduction, error detection, and robustness analysis, as well
as on the newly added referee-report task. Participants, as-
signments, team structure, and some measurement procedures
differ across experiments, so the comparison does not isolate
model improvements. The change in the pattern of treatment
effects is nevertheless striking. In essentially the same class
of demanding scientific work where AI assistance provided
little measurable benefit two years earlier, access now produces
broad gains.

Our randomization also allows us to test whether the benefits
are broadly distributed across the expertise ladder. Gains are
not confined to junior or senior researchers, and the evidence
does not support widening the gap between assignments inside
and outside a participant’s discipline. There is suggestive
evidence that graduate students and senior researchers benefit
more than undergraduates on computational tasks.

Focus-group discussions provide a possible explanation:
participants often used AI to implement analyses they had
chosen, troubleshoot code, turn their own ideas into written
text, or obtain explanations, while retaining responsibility for
deciding which suggestions were useful and which should be
rejected. This pattern is consistent with observations of pro-
grammers using code-generating assistants both to accelerate
an established plan and to explore options when the next step
is unclear [20].

Our findings contribute to a broader literature on technolog-
ical change and the organization of skilled work [1–3, 21–26].
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Much of the debate has focused on whether AI substitutes for
expertise and therefore disproportionately benefits less-skilled
workers, or complements expertise and amplifies existing
advantages. Our results suggest that this framing may be in-
complete. As AI capabilities expand, the first-order effect may
increasingly be that more workers at many levels of expertise
can accomplish more. Whether particular groups gain more
remains important, especially for the organization of junior
work and training, but it is secondary to a broader shift in
the reach of AI assistance. In our setting, generative AI has
moved from providing limited measurable productivity gains
to improving output across multiple tasks and much of the
expertise ladder.

Procedures
We conducted five AI Replication Games: a pilot in Ottawa
in fall 2025, followed by events in Toronto, Cambridge, and
London in spring 2026. London hosted separate events at
University College London and King’s College London. The
analyzed sample contains 286 participants: 37 undergraduates,
117 master’s or PhD students, and 132 professors or doctorate-
holding researchers, including postdoctoral researchers. Par-
ticipants came from economics, political science, psychology,
and management and were randomly assigned one of 20 pub-
lished empirical studies from these fields. Each participant
received the article and its replication materials and worked
individually for seven hours.

The experiment varied two dimensions of the working
environment. First, we randomly assigned participants to work
either with or without generative AI. AI access was randomized
within event and academic tier. Second, for graduate students
and senior researchers, the protocol also assigned articles either
within or outside the participant’s self-reported discipline. An
economist, for example, could receive an economics article or
an article from political science, psychology, or management.
The undergraduate group included final-year students and
students about to complete, or who had just completed, their
penultimate year. All undergraduates were assigned a study
within their own discipline. The design therefore lets us
separately examine whether AI assistance raises output across
career stages and whether its usefulness depends on prior
disciplinary expertise.

Each participant completed four tasks. They first attempted
to computationally reproduce a designated result from the
study. They then searched the authors’ code and data for cod-
ing errors, proposed up to two robustness checks, and wrote
a referee report assessing the article’s strengths, weaknesses,
and possible improvements. These tasks span several forms
of scientific work: executing an existing analysis, diagnosing
problems, developing new analyses, and evaluating and com-
municating a scientific argument. Participants were instructed
to begin with reproduction, but performance on the tasks was
assessed separately. Failing to reproduce the target result, for
example, did not prevent a participant from identifying an
error, proposing a useful robustness check, or writing a strong
referee report.

Participation was voluntary and carried no performance-
based compensation. Participants were offered coauthorship to
the paper independently of assignment or success. A common
orientation introduced the tasks and reporting requirements,
and a standardized workbook recorded the resulting work (SI
Appendix).

The analysis includes 286 participants: 146 in the AI-
assisted group and 140 in the human-only group. AI-assisted
participants received provisioned ChatGPT Plus access and
could decide when and how to use generative AI alongside
the other tools available to them. They could read the article
themselves, inspect the code and data, run statistical software
locally, ask AI for assistance, evaluate its responses, and decide
what ultimately entered their submission. Such evaluation
can require substantial effort: an early Copilot usability study
documented obstacles to interpreting generated code, adapting
it, and diagnosing its faults [27]. Human-only participants had
access to the same ordinary research materials, documentation,
and statistical software but pledged not to use generative AI.

Exit responses show substantial separation between the
analyzed conditions. We matched exit-survey responses for
143 of the 146 AI-assisted participants; all reported using an AI
tool. All 140 analyzed human-only respondents identified their
condition as human without AI. Of the 143 treated respondents,
116 selected ChatGPT, including 44 who also selected another
tool. The remaining 27 reported other tools without selecting
ChatGPT. The intervention therefore measures access to AI
assistance in practice rather than the effect of one fixed model.

We organize the experiment into two overlapping studies of
expertise. The vertical study examines career stage among par-
ticipants working within their own discipline: undergraduates,
graduate students, and professors or other doctorate-holding
researchers. The undergraduates had already spent several
years studying their discipline and therefore represent an early
stage of professional formation rather than complete novices.
The horizontal study asks whether AI assistance works dif-
ferently when graduate and senior researchers are assigned
a study inside versus outside their own discipline. Because
undergraduates were always assigned within field, they do not
enter this second comparison.

This design also differs from our earlier AI Replication
Games experiment [19]. In 2024, the experiment used within-
field teams randomized among human-only, AI-assisted, and
AI-led conditions. Our cross-study comparison uses the human-
only and AI-assisted conditions. The Online Appendix docu-
ments the designs and measurement differences.

Finally, four recorded focus groups from the Ottawa pilot
event provide qualitative evidence on how participants actu-
ally worked with or without AI. The discussions included
participants from both treatment conditions and both within-
and outside-discipline assignments. We use these accounts
to illuminate choices that final submissions cannot reveal, in-
cluding how participants delegated implementation, sought
explanations, evaluated AI suggestions, and decided what to
retain or reject.
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Four tasks and seven measures
We measure productive output using seven outcomes from four
tasks. Participants were asked to computationally reproduce a
main result, detect coding errors or data irregularities, design
and implement robustness checks, and write an evaluation of
the study. Together, these tasks capture several components of
empirical research work. We distinguish outcomes related pri-
marily to computational work from those related to analytical
proposals and written assessment, while recognizing that the
activities overlap: for example, developing and implementing
a robustness check can itself require substantial coding.

1. Computational reproducibility

Participants first attempted to computationally reproduce a
designated result from the assigned article using the authors’
replication materials. They reported whether their output
matched the designated numerical result or figure. This task
captures completion of an existing analysis and does not
require identifying a problem in it. The binary outcome
records participant-reported reproduction.

2. Detect coding errors or data irregularities

Participants inspected the supplied code and materials for
coding errors and data irregularities, recorded candidate errors,
and explained the evidence for each claim. Reviewers assessed
those claims against the code, data, and output. Only accepted
claims enter the discovery counts; unsupported claims do not.

Four reviewers (lead authors: J.P.A., D.V., D.M. and L.F.)
classified accepted errors as minor or major according to their
potential importance for the study’s results. A major error was
one judged capable of affecting the sign, statistical significance,
or substantive interpretation of a result. This task therefore
yields two outcomes: the number of accepted minor errors
and the number of accepted major errors identified by each
participant.

Counts are based on accepted error reports rather than
distinct underlying error groups, so multiple accepted reports
associated with the same underlying problem remain separate
observations. The measures capture successful diagnosis
rather than the number of suspicions raised or the amount of
code inspected. In supplementary analyses, we also examine
claims that reviewers rejected and known error groups that
participants failed to identify, helping distinguish successful
error detection from simply submitting more candidate errors.

3. Propose and implement robustness checks

Participants next proposed up to two robustness checks intended
to assess whether the study’s conclusions survived reasonable
sensitivity analysis. Examples include using an alternative
set of control variables or measuring a variable differently.
Participants described the motivation for each proposal, the
analytical change, and any numerical results.

Twenty designated expert graders, five in each discipline,
evaluated proposals and reports about studies in their field. The

graders included professors and doctorate-holding researchers.
They served as field specialists, assessing submissions against
the published study and explicit criteria. They only graded
articles from their own discipline. An approved proposal had
to satisfy all four criteria: a clear motivation, a test not already
performed in the paper, feasible implementation, and relevance
to the empirical strategy. Approval thus means that an expert
grader in the same field judged the proposed analysis useful
and sufficiently specified. It is neither the participant’s own
assessment nor a reward for proposing a test that overturns the
original result.

We record whether participants produced two approved
proposals and whether both included numerical results. The
second measure captures numerical reporting, not indepen-
dently verified implementation or correctness. The Online
Appendix also reports results using a threshold of at least one
approved proposal.

4. Write a report

Finally, participants wrote a report akin to a referee report.
They were asked to explain the study’s contribution, iden-
tify weaknesses in its argument or evidence, and recommend
improvements. The task therefore required more than summa-
rizing the article: reports had to connect its assessment to the
study’s actual analysis and provide recommendations that an
author could act on.

The same twenty designated expert graders assigned each
report an overall score from zero to five and separately evaluated
summary accuracy, placement in the literature, diagnosis of
weaknesses, actionable recommendations, and clarity. We use
two main outcomes: the overall score and an indicator for
whether every component received a score of at least three,
which we call an appropriate report. Requiring all components
to meet this threshold prevents strong presentation alone from
compensating for weak substantive evaluation, while the overall
score provides a complementary holistic assessment.

The four tasks are related but not interchangeable. Finding
an error may motivate a robustness check, and a robustness
check may become part of the report. Measuring each product
separately allows us to observe how AI assistance affects
different contributions made by the same researcher.

We retain all outcomes in their original units. This keeps
the treatment effects directly interpretable for each type of
output without imposing a common scale on reproduction
success, error discoveries, robustness proposals, and expert
assessments.

Results
We examine average output gains first, then ask who gains
more. Table 1 presents the vertical study of academic rank;
Table 2 presents the horizontal study of disciplinary match. In
each table, Panel A estimates a common AI effect, while Panel
B allows gains to differ across expertise groups. Both tables
retain all main outcomes in their original units. AI assistance
significantly improves every outcome.
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Table 1: Vertical study: AI access and academic rank.

Computational work Proposals and reports

(1) (2) (3) (4) (5) (6) (7)

Reproduction
(pp)

Minor errors
(count)

Major errors
(count)

Approved
proposals
≥ 2 (pp)

Approved +
numerical result

≥ 2 (pp)
Appropriate
report (pp)

Overall score
(0–5)

A. Without interactions
AI-assisted 13.7∗∗ 0.57∗∗∗ 0.14∗∗ 15.6∗∗∗ 12.4∗∗ 19.1∗∗∗ 0.92∗∗∗

(5.7) (0.22) (0.07) (5.2) (5.1) (5.1) (0.22)

Graduate 24.4∗∗ 0.20 0.10 16.1∗∗ 12.5∗ −5.7 0.75∗∗
(9.6) (0.22) (0.08) (7.0) (6.6) (7.7) (0.30)

Professor/researcher 24.1∗∗ −0.07 0.20∗∗ 20.4∗∗∗ 18.1∗∗∗ −2.4 0.77∗∗
(9.7) (0.21) (0.09) (7.0) (6.9) (8.2) (0.31)

Sample mean 0.708 0.500 0.109 0.224 0.199 0.183 2.50
Control-group mean 0.643 0.265 0.051 0.153 0.143 0.102 2.08
Observations 202 202 202 201 201 202 202

B. With interactions
Graduate 9.3 −0.15 −0.00 16.8∗∗ 12.5 −4.7 0.77∗

(12.9) (0.32) (0.06) (8.4) (7.8) (9.8) (0.46)

Professor/researcher 10.1 −0.19 0.06 23.6∗∗∗ 23.0∗∗∗ −1.1 0.68
(12.9) (0.30) (0.08) (8.2) (8.1) (10.7) (0.46)

AI-assisted −8.7 0.21 −0.05 18.6∗∗ 16.1∗ 20.9 0.86
(16.3) (0.35) (0.10) (9.3) (8.7) (13.1) (0.54)

AI × graduate 27.2 0.65 0.19 −1.1 0.3 −1.7 −0.03
(17.6) (0.53) (0.14) (12.4) (11.6) (14.7) (0.62)

AI × professor/researcher 27.0 0.21 0.28∗ −6.3 −9.6 −2.6 0.18
(18.5) (0.41) (0.16) (13.3) (12.8) (16.1) (0.62)

Sample mean 0.708 0.500 0.109 0.224 0.199 0.183 2.50
Control-group mean 0.643 0.265 0.051 0.153 0.143 0.102 2.08
Observations 202 202 202 201 201 202 202

Notes: OLS; robust standard errors in parentheses. Binary coefficients are percentage points (pp); sample and control-group means retain original units
and use each column’s estimation sample. All models include event, paper, and participant-discipline fixed effects. Both panels use within-discipline
assignments and separate graduate and professor/researcher indicators, with undergraduates as the reference. Graduates include master’s and doctoral
students; senior researchers are professors or doctorate-holding researchers. Panel A estimates a common AI effect. In Panel B, the AI row gives the
undergraduate gain; adding the relevant interaction gives that career group’s gain. Rank rows in Panel B describe human-only gaps. Stars denote unadjusted
∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

AI Assistance raises productivity in technical execution
and diagnosis
AI assistance improved performance on both computational
reproduction and error detection. In the within-discipline
sample, access to AI increased the probability of successfully
reproducing the assigned result by 13.7 percentage points.
Across both treatment arms, 70.8% of participants in this
sample reproduced the focal result, so assistance increased
completion even when successful reproduction was already
relatively common.

AI-assisted participants also identified more verified cod-
ing errors. On average, assistance increased the number of
accepted minor errors by 0.57 and major errors by 0.14 per
participant. These measures include only error claims that
were subsequently verified against the original code, data, and
output. Major errors were uncommon: at least one accepted
major error was identified in 13 of the 202 within-discipline
reports. Taken together, the results show that AI improved
both the execution of a script and the diagnosis of problems
within it.

Gains extend to analytical proposals and written work
The productivity gains were not confined to computational
tasks. AI assistance also improved participants’ ability to
propose additional analyses and evaluate the assigned arti-
cle. In the within-discipline sample, access to AI increased
the probability of proposing two expert-approved robustness
checks by 15.6 percentage points. The probability of produc-
ing two approved checks with numerical results increased by
12.4 percentage points. The latter outcome combines expert
approval with numerical reporting; it does not independently
verify that the proposed analysis was implemented correctly.

These results are not specific to the relatively demanding
threshold of two approved proposals. In supplementary within-
discipline models, AI increased the probability of producing
at least one approved robustness check by 21.9 percentage
points and at least one approved check with numerical results
by 17.1 percentage points (SI Table S23). AI assistance
therefore increased both the probability of producing some
useful additional analysis and the probability of reaching the
more demanding two-proposal threshold.
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Participants with AI access also produced reports that re-
ceived higher ratings from human experts. The average overall
score increased by 0.92 points on the zero-to-five scale, while
the probability of producing an appropriate report increased
by 19.1 percentage points. An appropriate report had to meet
the minimum standard on every assessed dimension, including
diagnosis of weaknesses and actionable recommendations as
well as clarity. The increase therefore cannot be explained by
improvements in writing quality alone.

The same broad pattern appears in the sample used to study
disciplinary match. Among graduate and senior researchers
who could be assigned either within or outside their field, AI
increased successful reproduction by 21.1 percentage points
and raised the average referee-report score by 0.93 points. The
other five outcomes also significantly move in the favorable
direction. Because the vertical and horizontal studies share
participants, these are not independent replications of the
treatment effect. Rather, they show that the broad productivity
gains remain visible in the samples used to examine both
dimensions of expertise.

Little evidence that AI assistance benefits specific career
stages
We next ask whether the gains from AI differ across career
stages. Table 1, Panel B, compares graduate students and
senior researchers separately with undergraduates, restricting
attention to participants working within their own discipline.
Each interaction measures whether AI changes the performance
gap between the indicated group and undergraduates relative
to the gap observed without AI.

The computational outcomes show a consistent descriptive
pattern. All six interactions are positive, indicating larger
estimated AI gains for graduate students and senior researchers
than for undergraduates. For reproduction, the estimated gain
from AI is 27.2 percentage points larger for graduate students
and 27.0 points larger for senior researchers. The estimated
interactions for minor- and major-error discoveries point in the
same direction.

We interpret this pattern cautiously. The individual interac-
tion estimates are imprecise, and the results do not establish
that senior researchers benefit more than graduate students.
Table S6 directly compares AI gains between these two groups.
They instead provide suggestive evidence that more advanced
training or experience may complement AI on computational
tasks. This possibility is consistent with a setting in which
users must not only obtain AI-generated code or suggestions
but also direct the work, recognize useful outputs, and evaluate
whether the resulting analysis is correct.

The pattern is less systematic for robustness proposals and
referee reports. Interaction estimates vary in sign, providing
little evidence that AI systematically benefits one career stage
more than another on these outcomes. Other measures of
expertise likewise do not reveal a common gradient: in supple-
mentary models, gains in approved and qualifying proposals
decline with years of coding experience, while computational
outcomes show no consistent relationship with coding years (SI
Table S8). The main conclusion is therefore broad productivity

improvement across career stages, accompanied by (weak)
suggestive evidence that graduate and senior researchers may
gain more on some computational work. SI Table S2 reports
the estimated AI effect separately for each academic tier.

The reproduction interactions are also consistently positive
when individual papers or events are omitted. The correspond-
ing interactions for error counts are less stable, particularly in
more restrictive samples, and some change sign. SI Figure A3
reports the full set of component-level estimates across the
defined specification families, both including and excluding
master’s students. Online Appendix Section SI3 provides
the corresponding model definitions and participant-influence
checks.

No evidence that AI gains differ across field assignments
The horizontal study asks whether AI gains differ between as-
signments inside and outside a researcher’s discipline. Table 2,
Panel B, restricts attention to graduate and senior researchers,
who were eligible for both. The model includes variables
for AI assistance and whether the participant is working with
an article within or outside their field, while the interaction
term gives the additional gain outside field. We find that the
interaction estimates vary in sign and show no clear pattern of
larger gains inside or outside field.

We find no evidence that AI widens the performance gap
between assignments within and outside a participant’s field.
This comparison concerns the reach of expertise across spe-
cializations, and complements the career-stage comparison
within a common disciplinary setting.

The focus groups help clarify what “outside field” means in
practice. Participants working on studies from another disci-
pline sometimes encountered unfamiliar substantive questions
while still recognizing familiar statistical methods, coding
structures, or empirical techniques. One outside-field partic-
ipant described little need for AI to bridge the disciplinary
boundary, whereas others reported using AI to better under-
stand the article or to help develop the report. Disciplinary
match therefore captures only one dimension of familiarity with
the assigned work: researchers may lack substantive expertise
in a field while still bringing transferable methodological or
technical knowledge to the task.

Computational progress during the assignment
The timing records show both whether participants reached
computational milestones and when they reached them. Fig-
ure 1 follows three milestones: successful reproduction, the
first verified coding error of either severity, and the first verified
major coding error. Across both treatments, by the end of
the day, 18 of 93 eligible AI-assisted participants had found a
major error, compared with 6 of 84 human-only participants.
The curves also show earlier progress in reproduction and
finding an error of either severity. Each milestone has its own
eligible sample, as reported in the figure.

We summarize timing by using the recorded milestone time
for participants who reach it and 420 minutes for those who do
not. In the unadjusted comparisons, AI assistance lowers this
measure by 61.7 minutes for reproduction, 47.1 minutes for the
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Table 2: Horizontal study: AI access and disciplinary match.

Computational work Proposals and reports

(1) (2) (3) (4) (5) (6) (7)

Reproduction
(pp)

Minor errors
(count)

Major errors
(count)

Approved
proposals
≥ 2 (pp)

Approved +
numerical result

≥ 2 (pp)
Appropriate
report (pp)

Overall score
(0–5)

A. Without interactions
AI-assisted 21.1∗∗∗ 0.58∗∗∗ 0.16∗∗ 14.2∗∗ 15.1∗∗∗ 20.1∗∗∗ 0.93∗∗∗

(4.9) (0.18) (0.07) (5.6) (5.4) (4.6) (0.19)

Outside discipline −6.9 −0.42∗∗ −0.08 4.6 2.4 −7.5 −0.08
(6.9) (0.17) (0.14) (7.2) (7.3) (7.1) (0.29)

Sample mean 0.767 0.422 0.169 0.270 0.234 0.173 2.65
Control-group mean 0.669 0.194 0.065 0.202 0.161 0.089 2.23
Observations 249 249 249 248 248 249 249

B. With interactions
Outside discipline −11.0 −0.28∗ −0.08 4.3 −3.8 −8.7 −0.07

(8.3) (0.17) (0.11) (8.9) (8.6) (7.4) (0.36)

AI-assisted 18.4∗∗∗ 0.67∗∗∗ 0.17∗ 14.0∗∗ 11.0∗ 19.3∗∗∗ 0.93∗∗∗
(5.6) (0.25) (0.09) (6.5) (6.2) (5.6) (0.23)

AI × outside discipline 8.9 −0.30 −0.02 0.7 13.5 2.7 −0.01
(10.8) (0.28) (0.20) (12.5) (12.1) (9.8) (0.40)

Sample mean 0.767 0.422 0.169 0.270 0.234 0.173 2.65
Control-group mean 0.669 0.194 0.065 0.202 0.161 0.089 2.23
Observations 249 249 249 248 248 249 249

Notes: OLS; robust standard errors in parentheses. Binary coefficients are percentage points (pp); sample and control-group means retain original units
and use each column’s estimation sample. All models include event, paper, and participant-discipline fixed effects. Both panels include graduate and
senior researchers assigned within or outside their discipline, controlling for rank, coding years, a missing-coding-experience indicator, and prior GPT
familiarity. Panel A estimates a common AI effect. In Panel B, the AI row gives the within-field gain; adding the interaction gives the outside-field gain. The
outside-discipline row in Panel B describes the human-only gap. Stars denote unadjusted ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01.

first verified error, and 30.0 minutes for the first verified major
error. The adjusted comparisons have the same direction (SI
Table A1). These differences combine earlier progress with
a greater likelihood of reaching the milestone; they are not
estimates of labor time saved.

All three timing estimates retain their direction when indi-
vidual papers or events are omitted, although their precision
varies (SI Table S24).

Comparison to 2024 AI games
Our results differ from the first waves of AI Replication Games
experiment [19]. In the 2024 events, AI-assisted teams per-
formed similarly to human-only teams on most primary out-
comes and found fewer major errors. Here, assisted participants
improve across all outcomes, including the new set of report
outcomes. Both experiments used published studies and a
seven-hour window. The contrast therefore extends beyond the
task that we added.

We directly compare the two experiments in Figure 2. This
figure compares AI-assisted and human-only reproduction
progress after accounting for papers, events, and participant
composition within each study. In the current within-field
sample, AI reduces time without completion by about 51
minutes over the seven-hour window, assigning the full 420
minutes to noncompleters. This combines earlier completion
with a greater chance of completing. Excluding undergraduates
preserves the pattern. The earlier experiment shows no clear

reduction on this measure. AI assistance’s advantage now
persists through much of the day.

Several explanations are plausible. First, the two studies
differ along several dimensions, including team structure (SI
Appendix Section SI2).

The available tools changed as well. Coding agents released
in 2025 broadened opportunities to delegate file editing, com-
mand execution, and iterative work [28, 29]. While the 2024
experiment already allowed file uploads, Python execution,
and internet access, changes in models and tools are plausible
contributors to the improved performance of AI-assistance
treatment arm. Neither experiment, however, isolates the
contribution of a particular capability or interface.

Tools and the people using them can improve together [30].
In a retrospective discussion of the earlier experiment, one
participant described both greater personal skill with AI and
a more capable model [19]. The current debriefs likewise
describe participants choosing what to delegate, providing con-
text, and revising requests after inspecting the output. These
accounts suggest that useful assistance depends on how people
organize work around the available technology [20]. The
experiments measure assistance in successive working environ-
ments; they do not separate user learning from technological
progress. SI Appendix Section SI6 documents the source
accounts.
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Figure 1: Computational progress during the seven-hour assignment. Share of eligible participants reaching each milestone over time. A
true error is a claim accepted by the error reviewers; the middle panel includes minor and major errors, and the right panel includes major errors
only. Labels show discoveries or completions relative to each sample size. Error samples require a paper with at least one accepted error of the
relevant severity in the pooled adjudication record, plus usable timing records. Participants who do not reach the milestone remain in the
sample through 420 minutes. The curves describe the eligible samples. SI Table A1 reports timing estimates, SI Table S24 checks individual
paper and event exclusions, and SI Figure S2 separates field assignments.

Focus groups reveal the work around AI assistance
The focus groups conducted right after the conclusion of the AI
pilot games in Ottawa provide a closer view of how participants
incorporated AI into their work. They do not establish how
common particular views were. Instead, they illustrate where
AI entered the research workflow: implementing participant-
chosen analyses, troubleshooting technical problems, evalu-
ating candidate errors, developing written assessments, and
filling gaps in knowledge. SI Table A3 provides more detail
on the sessions and timestamps.

Several accounts describe selective delegation rather than
wholesale transfer of the task to AI. One participant chose
a robustness check, supplied the relevant data and existing
code, and asked AI to write and revise the implementation
until the code ran. Another received an AI-suggested check
but did not implement it. This distinction echoes an account
from our earlier experiment, in which an AI-assisted partici-
pant described receiving generic robustness suggestions and
returning to the paper to develop the actual checks. Across
these examples, AI could help translate an analytical decision
into executable work, but deciding what analysis was useful
remained a separate step.

AI was also used to overcome concrete technical obstacles.
One participant reported that code failed because required
software packages were missing; AI identified the dependencies
and supplied installation commands. Another viewed similar
installation advice as excessive for a simple request, while a
third found AI more useful when presented with a specific
error message than when asked broadly to search for errors.

These accounts suggest that assistance was often most useful
when participants could formulate a well-defined problem for
the tool.

Verification remained distinct from generation. Participants
described checking suspected errors against the original code
and rejecting AI suggestions that did not survive their own
inspection. One participant spent substantial time investigating
suggestions that were ultimately discarded, leaving less time
for robustness analysis. AI could therefore expand the set of
candidate problems a researcher considered without eliminat-
ing the need to determine whether a problem was real. The
path from an AI response to a submitted finding continued to
involve human judgment.

The same pattern appeared in writing. One outside-field
participant performed familiar computational work without
AI but used it to turn personal notes into referee-report prose.
Others described using AI to restructure ideas they already
knew how to express substantively, then revising generated
language when it did not preserve the intended meaning. By
contrast, another participant found that an AI-generated report
merely summarized the article without identifying useful
criticisms or recommendations. This distinction mirrors our
outcome measures: clearer prose can improve communication,
but a strong report also requires diagnosis and actionable
recommendations.

Participants also used AI to compensate for gaps in familiar-
ity. A self-described earlier-stage student sought explanations
of methodological concepts and help evaluating a proposed
robustness check, while an outside-field participant asked why
an unfamiliar article used particular methods. AI assistance
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Figure 2: The AI advantage across the workday. Lines show adjusted differences in the probability of reproducing the assigned result by
each elapsed minute, comparing AI-assisted with human-only participants. Separate regressions include paper and event fixed effects. The
2024 sample contains 68 teams and controls for team size, maximum and minimum academic position, and attendance. The current sample
contains 200 within-field individuals with usable timing records and controls for academic rank. Shading gives pointwise 95% robust
confidence intervals, not a simultaneous band. The dotted line excludes the 37 undergraduates, leaving 163 participants; its interval is omitted
for readability. The timing sample differs from the 202-observation main-regression sample because it requires usable timing records.
Noncompletion contributes 420 minutes to the restricted-time summary. SI Figures A1 and A2 report observed progress and final-output
comparisons.

therefore entered both the application of existing expertise and
the acquisition of information that participants lacked.

Human-only participants, meanwhile, were not necessarily
working without assistance of any kind. One described dis-
abling an AI coding assistant embedded in an editor, while
others sought help from the internet. The comparison condi-
tion therefore reflects conventional access to documentation,
whereas the treatment added an immediately available source
of implementation, explanation, and feedback.

Taken together, the debriefs portray AI less as a substitute
for the researcher than as an additional layer in the workflow.
Participants could delegate execution, troubleshooting, expla-
nation, or drafting, but they still had to decide what to ask,
determine whether an answer was useful, and choose what
ultimately entered their analysis or report. These accounts do
not identify the mechanism behind the treatment effects, but
they illustrate how broad productivity gains can arise while
researcher expertise and judgment remain consequential.

Discussion
Generative AI assistance increased what participants accom-
plished during a common working day across several dimen-

sions of scientific work. These gains were visible across career
stages. The breadth of the effects is especially notable in light
of our 2024 experiment, in which AI-assisted teams performed
similarly to human-only teams on most outcomes. The two
experiments differ in participants, articles, team structure, and
available tools, so the contrast cannot be attributed to model
progress alone. Nevertheless, in a closely related class of
demanding analytical tasks, AI assistance now contributes to
substantially more of the work.

AI assistance also changed participants’ experience of the
work. Assisted participants reported greater enjoyment of the
event and each task, and rated their expected performance
more highly. Coding and proposing robustness checks showed
the largest enjoyment differences, about 20 points each. These
responses cover the four spring events and complement the
measured output gains: participants accomplished more and
experienced the work more positively (SI Table S27).

The results also speak to an ongoing question about who
benefits most from generative AI. Several early experiments
in writing, customer support, and consulting found larger
gains among workers with lower initial performance or less
experience [4–6]. Other evidence points to complementarity
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between AI and stronger prior performance or expertise [9,
31]. Our results do not reveal a single expertise gradient.
Average gains are broad, while the computational outcomes
provide weak suggestive evidence that graduate students and
senior researchers may benefit more than undergraduates.
Broad productivity gains and convergence in performance
are therefore distinct possibilities: AI assistance can raise
output throughout the expertise distribution without necessarily
reducing differences between workers.

Even within computational work, existing evidence does not
imply a universal relationship between AI and expertise [32].
AI has accelerated bounded programming tasks and increased
output among professional developers, whereas experienced
open-source developers working on familiar repositories were
slower with early-2025 tools [7, 33, 34]. Our assignment
combines several activities that are difficult to separate: under-
standing an empirical study, navigating an existing codebase,
executing and modifying analyses, and deciding whether a
suspected problem is substantively important.

The focus groups help illustrate how those activities inter-
acted with AI assistance. Participants often delegated im-
plementation, troubleshooting, explanation, or drafting while
retaining control over what to pursue and what to accept. A
participant could choose a robustness check and use AI to im-
plement it, or arrive with an assessment and use AI to express
it more clearly. At the same time, participants rejected pro-
posed errors, discarded unhelpful suggestions, and described
generated referee reports that summarized an article without
offering useful criticism. AI could therefore reduce the cost
of turning an idea into code or prose without eliminating the
need to decide whether the resulting work was useful [35].

This distinction between generation and evaluation is consis-
tent with a broader literature on human–AI complementarity.
Strong AI performance does not automatically translate into
strong combined human–AI performance [36–39], and evalu-
ating an AI response can itself require knowledge and effort
[40–43]. Our qualitative evidence does not identify a causal
mechanism, and cannot be reliably linked to career stage or
individual outcomes. Participants also used AI to learn unfa-
miliar concepts and methods, showing that assistance can help
acquire missing knowledge as well as apply existing expertise.

These findings raise questions about how junior work and
training may change as AI becomes more capable. Tasks
traditionally assigned to junior researchers often serve two
purposes: they contribute to production and they provide
opportunities to acquire skills. If AI reduces the cost of
execution for experienced workers, the productive role of
some junior tasks may change even when their training value
remains [44–47]. Our experiment does not measure hiring,
wages, career progression, or learning over time. It therefore
motivates studying how entry-level work and training adapt
rather than predicting a particular labor-market response.

Several limitations qualify the results. The experiment
covers a single seven-hour assignment among volunteers in
four academic disciplines. We measure completed and as-
sessed output within that window, not output per hour of effort,

monetary returns, repeated use, later learning, or the down-
stream scientific value of the work. Finally, the comparison
with our 2024 experiment is informative but not longitudinal:
participants, papers, team structure, and some measurement
procedures differ across studies.

Within these limits, the main result is broad. 2026 genera-
tive AI improves performance across several components of
demanding analytical work and across much of the expertise
ladder. As the technology changes, understanding its produc-
tivity effects will therefore require tracking not only whether
AI works, but also how the range of tasks and workers for
which it is useful continues to expand.

Materials and Methods
Participants, assignment, and analysis samples
The experiment compares AI-assisted and human-only work
across academic ranks and fields. Participants completed the
same four tasks described above during a seven-hour session.
The pre-analysis plan and its amendment are available in the
GitHub repository; the SI documents the deposit history and
departures from the planned procedures.

AI access was randomly assigned under a protocol specify-
ing assignment within event and academic tier. The analysis
includes 286 participants across five events: Ottawa (43),
Toronto (63), Cambridge (87), University College London
(40), and King’s College London (53). There are 37 un-
dergraduates, 117 graduate students, and 132 professors or
doctorate-holding researchers. The undergraduate group in-
cluded final-year students and students about to complete, or
who had just completed, their penultimate year. Graduate
students include master’s and PhD students; the senior cat-
egory includes postdoctoral researchers, faculty, and other
doctorate-holding researchers. Each participant worked on
one of 20 articles, five from each of four journals: American
Economic Journal: Applied Economics, American Journal
of Political Science, Psychological Science, and Management
Science.

The vertical and horizontal studies use overlapping samples.
The vertical study (Table 1) compares academic ranks among
the 203 participants working within their discipline. After
dropping one participant who is alone in a fixed-effect category,
these models contain 202 observations for computational and
referee-report outcomes and 201 for robustness outcomes. The
horizontal study (Table 2) compares within-field and outside-
field assignments among 249 graduate and senior researchers,
including 83 assigned outside their field. Only these ranks
were eligible for randomized outside-field assignment; under-
graduates always received an inside-field article. These models
contain 249 observations for computational and referee-report
outcomes and 248 for robustness outcomes.

Disciplinary match compares the participant’s self-reported
primary discipline with the assigned article’s field. The proto-
col specified random allocation of articles and outside-field
assignments among graduate and senior participants. Panel
B therefore tests whether the gain from AI differs across field
assignments; it does not estimate the causal effect of moving a
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participant to another field.
The main analysis follows communicated AI access. One

participant received AI-assisted instructions from an organizer
despite a human-only entry in the saved randomization sheet.
We classify that participant with the AI-assisted group. The
original-record and leave-one-out sensitivity checks appear
in SI Table S7; the vertical sample is unaffected because this
participant worked outside their discipline.

Outcome assessment
Participants reported whether their output reproduced the
designated numerical result or figure from the assigned article.
This measure records their assessment of the match, rather
than an independent expert audit.

Four reviewers (lead authors J.P.A., D.V., D.M., and L.F.)
assessed candidate coding errors and data irregularities against
the cited code, data, and output. Unsupported claims were
classified as false positives. Accepted errors were classified
as major or minor according to their importance for the focal
result. The review guide permits a major classification when
correcting the problem could change the result’s sign, statistical
significance, or substantive interpretation. The SI explains
how this rule differs from the analysis plan’s requirement for
demonstrated impact. Main counts sum accepted error records;
counting distinct underlying defects preserves the direction of
the average effects and career-stage interactions (SI Table S20).
False negatives count known error groups that the participant
did not identify.

Twenty designated expert graders, including professors and
doctorate-holding researchers, were assigned one article each
within their field, with five graders per field. Each assessed
proposals and reports about that article using the grading
rubric. The retained sample contains 442 check reviews and
275 referee-report reviews, all matched to the grader’s paper
and field. The SI documents the materials supplied to graders
and the separate reproduction and error-review procedures.
The current review cards omit explicit treatment and participant
identifiers. The SI distinguishes the current interface from
what can be established about historical blinding.

Expert-approved robustness checks meet four criteria: clear
motivation, feasibility, novelty relative to the original article,
and relevance to the validity of its empirical strategy. Approved
checks with numerical results additionally require a digit in a
result or coefficient field, screened for explicit nonexecution or
year-only entries. We therefore measure numerical reporting
rather than independently verified execution or correctness.

Experts graded the report along several dimensions: sum-
mary accuracy, literature placement, weakness diagnosis, rec-
ommendations, and clarity, plus an overall score. Appropri-
ateness requires every component to score at least three. This
constructed outcome differs from the direct binary judgment
specified in the pre-analysis plan. Each item has one final
expert assessment in the analysis. The archive does not contain
repeated independent ratings, so it cannot be used to measure
agreement between graders.

All submitted reports have expert grades. Eleven partici-
pants submitted no referee text and receive zeros; these are

distinct from expert-assigned scores. One participant’s retained
file contains only the report sheet, leaving their robustness
outcomes unknown. We exclude that observation only from
robustness models. Assigning the unknown binary outcomes
either zero or one leaves the AI assistance effects positive (SI
Table S17).

Estimation and expertise comparisons
Main estimates use ordinary least squares with robust standard
errors. Models include separate event, article, and participant-
discipline fixed effects. The vertical study models (Table 1)
use within-discipline assignments and separate graduate and
senior indicators, with undergraduates as the reference group.
The interacted models include an AI assistance interaction
for each of these two groups. Horizontal study models (Ta-
ble 2) use eligible graduate and senior researchers and include
rank, coding years, an indicator for missing coding-experience
responses, and prior GPT familiarity. Full specifications, al-
ternative estimators, and multiplicity sensitivity for the seven
outcomes appear in the SI.

For participant 𝑖, the vertical model is

𝑌𝑖 = 𝛼 + 𝛽𝐴𝑖 + 𝛾𝐺𝐺𝑖 + 𝛾𝑅𝑅𝑖

+ 𝛿𝐺𝐴𝑖𝐺𝑖 + 𝛿𝑅𝐴𝑖𝑅𝑖

+ 𝜆𝑒 (𝑖) + 𝜇𝑝 (𝑖) + 𝜈𝑑 (𝑖) + 𝜀𝑖 .

Here 𝐴𝑖 indicates AI access, 𝐺𝑖 graduate status, and 𝑅𝑖 senior-
researcher status. Undergraduates are the reference group. The
model uses within-field assignments. The fixed effects capture
event 𝑒, assigned article 𝑝, and home discipline 𝑑.

Among graduate and senior researchers, the horizontal
model is

𝑌𝑖 = 𝛼 + 𝛽𝐴𝑖 + 𝜃𝑂𝑖 + 𝛿𝐴𝑖𝑂𝑖

+ 𝑋 ′
𝑖 𝜂 + 𝜆𝑒 (𝑖) + 𝜇𝑝 (𝑖) + 𝜈𝑑 (𝑖) + 𝜀𝑖 ,

where 𝑂𝑖 indicates an outside-field assignment. The controls
𝑋𝑖 contain rank, coding experience, an indicator for missing
coding-experience responses, and prior GPT familiarity. In
each main table, Panel A omits the AI interactions and Panel
B includes them.

The planned event-by-article fixed effects created singleton
cells and reduced sample retention. Separate fixed effects
retain more participants. Some binary-response models also
exhibited separation, and some count models had unstable
estimates. We therefore use OLS for the main comparisons
and report the alternative specifications and model diagnostics
in the Online Appendix.

Interactions compare treatment gains across academic tiers
and field assignments. Sixteen reports lack coding years;
horizontal models use event-by-tier medians with an overall
fallback, plus a missingness indicator. Complete-case checks
instead omit participants without recorded coding years and
re-estimate the same models. Coding experience is measured
before the task. Supplementary pooled coding-experience
analyses and their complete-case checks are presented in the
SI.
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Component interactions and sensitivity analysis
The pre-analysis plan specified the vertical and horizontal
expertise questions. The main tables report seven outcomes
separately, with graduate students and senior researchers each
compared with undergraduates. Main-table tests are two-sided
and unadjusted for multiple comparisons. The SI reports
component-only adjustments across the fourteen vertical in-
teractions and seven horizontal interactions, separately and
together.

The component specification curves are supplementary
analyses informed by the baseline results. They vary article
and event inclusion, overlap restrictions, fixed effects, treatment
slopes, and baseline covariates. Each family is estimated with
and without master’s students. The analysis record lists every
attempted model. Participant-deletion checks are reported
separately. These exercises describe sensitivity to analytical
choices rather than the frequency of independent replications.

Timing and the analysis record
Timing uses elapsed minutes from event-specific scheduled
starts. Restricted time equals the observed milestone time or
420 minutes for a non-event. We examine the first accepted
error of either severity and the first accepted major error
separately. An error sample includes participants. The SI
reports sample rules, timing estimates, and article and event
exclusions.

Recorded focus groups
Four recorded small-group debriefs from Ottawa document
how participants approached the work. Recorded introductions
describe twelve participants across sessions totaling approxi-
mately 129 minutes. We coded timestamped passages around
how participants directed work, used assistance, and checked
answers. We added themes that emerged from the discussions,
retained contrary accounts, and distinguished the day’s experi-
ence from prior practice and speculation. The analysis used AI
assistance and was informed by the quantitative results. The
recordings include participant introductions, but the transcripts
do not reliably identify the speaker of every later contribu-
tion. We therefore do not link individual passages to academic
rank or experimental outcomes. These accounts develop hy-
potheses about AI-assisted work without estimating thematic
prevalence or causal mediation. The SI documents sources,
coding, and the outstanding consent and human source-review
requirements.

Data and materials
The pre-analysis plan and amendment are available in the
GitHub repository. A selected Appendix follows the references,
containing the central supporting figures and tables. A separate
SI contains detailed methods, further robustness checks, full
model variants, grading instructions, and the protocol record.
The public data and code release remains to be completed.
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Appendix
This appendix collects the evidence closest to the main findings. Figures A1 and A2 develop the comparison
with the earlier experiment. Figure A3 shows the computational interactions across specifications. Tables A1,
A2, and A3 report timing, sample balance, and participant accounts. Detailed methods and further checks
follow in the Online Appendix.
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Figure A1: Observed reproduction progress in the two experiments. Curves show the share completing reproduction by each
elapsed time. Shading marks the difference between arms. The samples match Figure 2; the curves are unadjusted. Participants who
do not complete remain in the denominator throughout the seven-hour window.

Table A1: Timing of three computational milestones.

Milestone Comparison 𝑁 AI effect (min) 95% CI

Reproduction Unadjusted 282 −61.7 [−95.4, −27.9]
Reproduction Within discipline 199 −50.0 [−85.1, −14.9]
Reproduction Graduate and senior 245 −78.3 [−109.4, −47.3]
First true error Unadjusted 257 −47.1 [−77.4, −16.8]
First true error Within discipline 189 −57.9 [−90.0, −25.8]
First true error Graduate and senior 224 −63.7 [−97.4, −30.1]
First true major error Unadjusted 177 −30.0 [−57.2, −2.7]
First true major error Within discipline 125 −33.2 [−64.6, −1.7]
First true major error Graduate and senior 154 −39.6 [−76.3, −3.0]

Notes: Participants who do not reach the milestone receive 420 minutes; others receive their recorded time. Negative estimates combine earlier
progress with a greater chance of reaching the milestone, rather than measuring labor time saved. Within-discipline models adjust for academic
rank. Graduate and senior models adjust for field assignment, rank, coding years, missing coding years, and prior GPT familiarity. Both adjusted
comparisons include event, paper, and participant-discipline fixed effects. Intervals use robust standard errors. The first true error includes either
severity; the first true major error uses major errors only. Error samples require an adjudicated opportunity and usable timing records.
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Each arrow connects the two study estimates under the same adjustment.

Did AI's contribution grow on both tasks?

Up and right: a larger AI advantage on both tasks in the later study.
Bold arrow: event × paper effects + composition. Faint arrows: five alternatives. Crosshairs: 95% intervals.

Figure A2: Did AI's contribution grow on both tasks? The horizontal axis gives the AI effect on reproduction and the vertical axis
the effect on two approved proposals, both in percentage points. An arrow moving up and right means that assistance added more on
both tasks in the later study. Each arrow connects two study estimates under one adjustment set, not the same people over time. The
bold path uses event-by-paper fixed effects and study-specific composition controls; crosshairs show marginal 95% confidence
intervals for that specification. Faint paths use no covariates, paper effects, event effects, paper plus event effects, or event-by-paper
effects. All fits use the two relevant treatment arms. The earlier sample contains 68 teams; current within-field samples contain 202
observations for reproduction and 201 for proposals. These final-output samples differ from the timing samples. Proposal grading
and team structure differ across experiments. Paths are dependent sensitivity checks, not independent replications.
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Figure A3: Do computational expertise gaps survive alternative specifications? The six panels show the additional AI gain for
graduates and professors/researchers relative to undergraduates, separately for reproduction and discoveries of minor and major
errors. A point above zero means a larger AI gain than for undergraduates. Blue includes master’s students; orange excludes them.
Squares mark the main specification. Vertical lines are pointwise 95% intervals; crosses at the bottom identify contrasts that cannot
be estimated and are not zero estimates. Labeled blocks separate the specification families; dotted lines mark their boundaries. The
order is fixed across panels: baseline (1), paper exclusions (2–20), event exclusions (21–25), common-support restrictions (26–29),
assignment-specific AI slopes (30–35), event-by-rank fixed effects (36), and baseline-covariate or complete-case alternatives (37–43).
All 507 identified structural contrasts from 516 attempts are shown. Nine contrasts are unidentifiable. Reproduction is more
directionally stable than the error-count outcomes. These checks preserve separate career groups and use the original component
outcomes.
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Table A2: Sample balance, missingness, and assignment-to-report coverage

Panel A. Observed pretreatment characteristics
Variable Human N Mean (SD) AI N Mean (SD) AI − H Welch 𝑝

Years coding 129 8.12 (5.77) 141 7.91 (6.48) -0.20 0.787
Prior AI frequency (0-100) 135 62.53 (25.61) 144 67.17 (24.09) 4.64 0.121
Undergrad share 140 0.11 (0.32) 146 0.14 (0.35) 0.03 0.457
Grad share 140 0.41 (0.49) 146 0.41 (0.49) 0.00 0.948
Researcher share 140 0.48 (0.50) 146 0.45 (0.50) -0.03 0.573
Field: Economics 140 0.56 (0.50) 146 0.68 (0.47) 0.13 0.026
Field: Management 140 0.06 (0.25) 146 0.07 (0.25) 0.00 0.887
Field: Political Science 140 0.13 (0.34) 146 0.05 (0.23) -0.07 0.032
Field: Psychology 140 0.25 (0.43) 146 0.19 (0.40) -0.06 0.237
GPT: Some share 137 0.72 (0.45) 143 0.62 (0.49) -0.09 0.099
GPT: Heavy share 137 0.28 (0.45) 143 0.38 (0.49) 0.09 0.099

Panel B. Missing outcomes and covariates
Measure Human missing / 140 AI missing / 146
Coding outcomes (each) 0 (0.0%) 0 (0.0%)
Robustness outcomes (each) 0 (0.0%) 1 (0.7%)
Human referee outcomes (each) 0 (0.0%) 0 (0.0%)
AI referee outcomes (each) 0 (0.0%) 0 (0.0%)
Coding years 11 (7.9%) 5 (3.4%)
GPT familiarity 3 (2.1%) 3 (2.1%)
Prior AI frequency 5 (3.6%) 2 (1.4%)
Exit-survey linkage 0 (0.0%) 3 (2.1%)

Panel C. Saved assignments, analyzed reports, and survey linkage
Event Arm Saved Linked Reports Intake Exit Overrides
Ottawa Human 46 16 20 19 20 5
Ottawa AI 47 22 23 23 20 6
Toronto Human 49 32 33 32 33 9
Toronto AI 48 30 30 30 30 7
Cambridge Human 60 39 40 40 40 3
Cambridge AI 62 44 47 47 47 4
UCL Human 48 21 22 22 22 5
UCL AI 48 16 18 18 18 2
KCL Human 38 25 25 25 25 2
KCL AI 41 28 28 28 28 2

Panel D. Human referee content and grading
Arm Report / grade N Unknown grade

Human No text; rubric assigns zero 7 0
Human Text and expert review 133 0
AI No text; rubric assigns zero 4 0
AI Text and expert review 142 0

Notes: Panel A reports observed means/SDs in the analyzed sample; categorical means are shares and Welch tests are unadjusted for strata/multiplicity. No
respondent reports None for GPT familiarity. Panel B leaves unknown grades missing; missingness rates do not establish missing-at-random. Baseline software
preference is unverified. Saved assignments comprise 487 participant-event rows and 474 distinct emails, with no within-event email duplicates. Exact event/email
matching links 274 of 286 reports; one saved arm differs from the communicated assignment described in Section SI1. The 213 saved rows without a retained
analyzed report are not automatically dropouts: eligibility, attendance, late changes, and submissions remain unreconciled. Three linked rows lack paper titles,
rather than establishing paper switches. Eleven Toronto Other/Unsupported discipline entries were recoded through author-provided corrections recorded on May
19, 2026; independent source verification remains undocumented. Overrides are reconciliation flags, not necessarily reassignments. Human grading covers all
275 submitted referee reports; 11 participants submitted no text and receive rubric zeros. One robustness outcome remains unavailable because the retained
participant file contains only the referee-report sheet. Survey linkage does not objectively measure compliance.
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Table A3: Participant debriefs: implementation, judgment, and verification

These accounts illustrate how participants used and evaluated AI during the assignment. They provide context for
the quantitative findings rather than estimates of how common each experience was.
Panel A. Recorded corpus: Ottawa, October 16, 2025

Session Recorded assignment Participants; duration
FG01 Human-only; within discipline 3; 30:46
FG02 AI-assisted; outside discipline 2; 30:45
FG03 Human-only; outside discipline 3; 44:07
FG04 AI-assisted; mixed discipline 4 (3 within, 1 outside); 23:29

Panel B. Reported experiences and contrasting accounts

Theme / sources Reported experience Counterexample or interpretive limit

Selective delegation
E14, E19, E20, E53,
E54, E60

AI turned human notes into prose, helped restructure
intended points, and wrote code for participant-chosen
robustness checks.

An AI-generated check remained unimplemented; one
generated report offered summary without useful
critique. Running code is not expert approval.

Verification
E43, E44, E45, E46,
E52

Participants rejected suspected errors after code inspection.
One described less time left for robustness work.

Actual error messages or missing dependencies
elicited useful repairs; another account judged
installation suggestions excessive. Rejected
suggestions are not submitted false positives; perceived
time costs are not causal estimates.

Practical familiarity
E11, E15, E55, E57,
E58

Familiar software and methods could transfer across fields,
while scientific interpretation still required additional
understanding.

Broad field match did not guarantee topic familiarity.
A student also reported help with concepts. These
accounts do not establish an expertise interaction.

Human substitutes
E03, E07, E26, E39,
E65

Controls described removing usual AI tools and seeking
manual or peer assistance, sometimes without the needed
expertise nearby.

Peer help could be useful or unavailable. Some valued
unaided work and regarded randomization as fair.
These accounts establish neither universal reliance nor
compliance.

Task allocation
E04, E28, E47, E51,
E66

Downloads, reading, and reporting-template uncertainty
consumed attention before or alongside analytical work.

Other packages were small, clearly documented, and
easy to run. Recalled time and complaints do not
replace recorded outcomes or establish protocol
breaches.

Notes: All entries are paraphrased accounts, not verified performance outcomes. Participant counts and assignments follow introductions and discussion; the
roster remains unverified. Source IDs resolve to recording times and stable transcript-segment ranges in the archived coding workbook. Key passages: E14,
FG02 04:21–05:31; E19–E20, FG02 14:26–16:47; E45–E46, FG04 05:22–06:42; E43–E44, FG04 03:57–05:21; E52–E54, FG04 11:16–13:05; E57, FG04
13:47–15:24; E60, FG04 19:11–19:36; E65, FG03 22:25–23:50; E66, FG03 12:21–13:03. E56 is excluded because its transcription is ambiguous. The
analysis does not estimate thematic prevalence or treatment effects. The thematic review is described in Online Appendix Section SI6.
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Online Appendix
The appendix brings together the experimental materials, comparisons across studies, additional analyses,
participant debriefs, and protocol record.
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SI1. Experimental design and outcome measurement
This section describes the assignments, participants, and expert assessments underlying the seven outcomes.

Research questions and hypotheses

The pre-analysis plan (PAP) lists three research questions and the following hypotheses: (i) H1 posits that
access to AI increases research and coding skills—raising the probability of a successful reproduction while
lowering major and minor coding errors; (ii) H2 mirrors this logic across disciplines, anticipating that AI
shrinks the outside-of-discipline penalty for all outcome variables; H3 posits that AI assistance improves
coding and research performance.

The main tables retain seven outcomes; Table S22 reports AI-referee outcomes and Table S23 reports the
one-check thresholds. Continuous coding-years moderation was planned as supplementary analysis. Its
pooled, tier-adjusted implementation was selected after examining results and is retained here as supplementary
evidence. Timing and component decompositions are additional analyses.

Recruitment and exclusions

The Institute for Replication advertised the events through Bluesky, X, direct email, and its event webpage
(https://www.i4replication.org/games. Participants included final-year undergraduates (or about
to complete penultimate year), graduate students (master and PhD), and professors or doctorate-holding
researchers. The analysis includes reports with at least one usable outcome. Missing outcomes are not
imputed. Missing coding years use event-by-tier medians, with the overall median as fallback, and an additive
missingness indicator. Panel B of both main tables controls for prior GPT familiarity using indicators for
heavy familiarity and missing responses, with some familiarity as the reference category.

Event schedule

The five events took place in four cities, with separate London events at University College London (UCL)
and King’s College London (KCL). Their seven-hour windows were Ottawa, October 16, 2025, 09:00–16:00
Eastern; Toronto, April 29, 2026, 09:00–16:00 Eastern; Cambridge, May 11, 2026, 10:00–17:00 London time;
UCL, May 13, 2026, 09:00–16:00 London time; and KCL, May 14, 2026, 09:00–16:00 London time. Timing
outcomes were converted to elapsed minutes from each event’s local start and censored at 420 minutes.

Participant documents and survey

Each participant completed a standardized workbook. Its main sheet recorded identifiers, event, assignment,
software, and discipline match. Separate sheets captured coding errors, reproduction status and time, up to
two robustness checks, and the referee report. Coding-error entries included the time identified, affected
element, explanation, and the participant’s proposed severity. The post-event survey recorded treatment
confirmation, AI tools used, self-reported AI-use intensity, perceived performance effects, useful or missing
features, and open comments.

Assignment and reported AI use

The analysis contains 146 AI-assisted and 140 human-only participants. Matched exit responses are available
for 143 and 140, respectively. The assignment classification follows the instructions participants received. One
participant was told to use AI by an organizer working from an older sheet, although the saved randomization
record listed human-only. Their exit answers consistently describe AI-assisted work. We retain this participant
in the AI-assisted group and preserve the original recorded assignment for the sensitivity analysis in Table S7.
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Orientation and AI access

The one-hour orientation covered event logistics, the workbook, deliverables, documentation, timestamps,
and report expectations. Participants saw an overview of the ChatGPT Plus tools available to the treated arm.
AI-assisted participants received provisioned ChatGPT Plus access; human-only participants pledged not to
use generative AI. Exact model availability varied with the product interface and date and is not used as an
analytical variable.

Coding-error adjudication

Errors and data irregularities reported by participants were reviewed by the lead authors. Reviewers inspected
the cited code, data, and output and classified individual candidate-error records. Main counts sum the records
retained as true discoveries, rather than counting distinct underlying error groups. Group identifiers are used
separately when constructing false negatives. Unsupported claims are classified as false positives. Major
and minor labels are the final reviewers’ classifications of the defects’ importance for the focal result. The
reviewer guide permits a major classification when a correction could change its sign, statistical significance,
or substantive interpretation. The pre-analysis plan’s narrower operational definition required demonstrated
impact. The retained labels do not uniformly document a rerun establishing that impact. Explicit group
adjudications and the final cleaning rules determine the analysis counts. False negatives count distinct known
true-error groups in the assigned article that a participant did not identify.

Expert assignment and assessment materials

Twenty designated expert graders were assigned one paper each within their registered discipline, five per
field. Every canonical proposal and referee review matches the grader’s assigned paper and field. Fourteen of
the expert graders also participated in the experiment, all in the professor/researcher category. A comparison
of grader and participant records found no cases of graders assessing their own work. Each proposal and
report has one final expert assessment; items were not independently scored by multiple graders.

Proposal cards supply the paper and its PDF, the participant’s motivation, targeted element, specification
and sample changes, numerical fields, and a matched exhibit image when available. Referee cards supply the
paper and submitted report. The twenty graders’ role differs from reproduction auditing and the coding-error
review workflow. The latter includes candidate claims, evidence pointers, reviewer classifications, and
subsequent explicit adjudications. Auxiliary AI assessments in the review workflow are not counted as
independent human raters.

Robustness-check adjudication

Expert graders scored each proposed check on four binary criteria: clear motivation, feasibility, novelty
relative to the original article, and relevance to the validity of the empirical strategy. A proposal was
expert-approved only when it satisfied all four criteria. A qualifying check additionally required numeric
content in the result field; successful execution was not independently established by that rule. Main outcomes
use the at-least-two thresholds; the individual criteria and other secondary measures appear in Table S21.

Report grading

Expert graders scored summary accuracy, literature placement, weakness diagnosis, actionable recom-
mendations, clarity and style, and an overall assessment on zero-to-five scales. The expert guide defines
literature placement as situating the article in relevant research, theory, debate, or contribution. It emphasizes
accuracy but does not require a reference-by-reference existence check. The recorded scores therefore
measure expert-assessed literature placement, not a systematic citation audit. The binary appropriateness
outcome equals one only when each of the five component scores is at least three. This constructed rule
prevents a strong average from masking a deficient component. It differs from the PAP’s planned direct
binary judgment, which was not collected as such. The local AI grader applied the archived rubric once
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to redacted narrative fields. Its estimates provide an alternative assessment of report quality in Table S22.
Agreement with human-score treatment effects does not independently validate either grading procedure.
Sample balance and coverage appear in SI Table A2.

Study inventory

The 20 articles were:
Economics, American Economic Journal: Applied Economics

1. What Impacts Can We Expect from School Spending Policy? Evidence from Evaluations in the United States
https://doi.org/10.1257/app.20220279.

2. The Evolution of Local Labor Markets After Recessions
https://doi.org/10.1257/app.20220132.

3. Expected Returns to Crime and Crime Location
https://doi.org/10.1257/app.20220585.

4. The Willingness to Pay for a Cooler Day: Evidence from 50 Years of Major League Baseball Games
https://doi.org/10.1257/app.20220606.

5. Better Alone? Evidence on the Costs of Intermunicipal Cooperation
https://doi.org/10.1257/app.20230344.

Political science, American Journal of Political Science

1. Public Participation and Constitutional Compliance
https://doi.org/10.1111/ajps.70000.

2. Austerity, Economic Vulnerability, and Populism
https://doi.org/10.1111/ajps.12865.

3. A Spatial Rogowski Theory of America’s 19th-Century Protectionism
https://doi.org/10.1111/ajps.12870.

4. Biased Bureaucrats and the Policies of International Organizations
https://doi.org/10.1111/ajps.12921.

5. Expertise Acquisition in Congress
https://doi.org/10.1111/ajps.12848.

Psychology, Psychological Science

1. Universal Constraints on Linguistic Event Categories: A Cross-Cultural Study of Child Homesign
https://doi.org/10.1177/09567976221140328.

2. The Development of Spatial Cognition and Its Malleability Assessed in Mass Population via a Mobile Game
https://doi.org/10.1177/09567976221137313.

3. Contactless Real-Time Heart Rate Predicts the Performance of Elite Athletes
https://doi.org/10.1177/09567976221143127.

4. Impaired and Spared Auditory Category Learning in Developmental Dyslexia
https://doi.org/10.1177/09567976231151581.

5. The Impact of Implicit-Bias-Oriented Diversity Training on Police Officers’ Beliefs, Motivations, and Actions
https://doi.org/10.1177/09567976221150617.

Management, Management Science

1. Attention Constraints and Learning in Categories
https://doi.org/10.1287/mnsc.2023.4803.

2. Does Decision Making for Others Close the Gender Gap in Competition?
https://doi.org/10.1287/mnsc.2023.4861.

3. Learning in Networks: An Experiment on Large Networks with Real-World Features
https://doi.org/10.1287/mnsc.2023.4680.
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4. Strategic Inattention in Product Search
https://doi.org/10.1287/mnsc.2022.03413.

5. The Risk of Caution: Evidence from an Experiment
https://doi.org/10.1287/mnsc.2021.4292.
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SI2. AI assistance across successive experiments
The comparison traces changes in the value of AI assistance across two generations of the experiment. The
designs share core tasks and a seven-hour work window.

Lineage from the first AI Replication Games experiment

The tasks build on Brodeur et al. [19], which studied 288 participants working in 103 teams during seven
events in 2024. Its seven-hour assignment required reproduction, error finding, and robustness proposals.
The current experiment retains those task families, examines individuals across academic and disciplinary
expertise, and adds referee reports. The seven main outcomes are therefore not identical across papers. Both
include reproduction and minor and major discoveries; the earlier tables additionally emphasize one- and
two-check proposals and reported implementation. Here the main proposal measures use two-check thresholds,
qualification records numerical documentation, and the one-check thresholds remain supplementary.

The four conceptual proposal criteria descend from the first study, while their operational grading differs.
The earlier study also accepted correction of a major error followed by rerunning the corrected code as a
good check; the present approval rule requires all four criteria for each proposal. The earlier implementation
outcomes relied on participant reports, whereas the present qualifying indicator requires numerical content in
a result field. Referee components and the holistic report score are additional outcomes. These distinctions
preserve the task lineage without treating the two tables as identical measures.

The 2024 events provided GPT-4 and, from June onward, GPT-4o; later events also offered o1-preview and
o1-mini without file processing. Current events ran from October 2025 through May 2026, with ChatGPT
Plus provisioned and broader tool use reported. Neither round fixes a universally used model version. The
earlier human-only reproduction rate was 31 of 33 teams, and every human-only team proposed at least
one good check. Different ceilings, participant inputs, studies, and measurement prevent interpreting the
cross-round contrast as the isolated effect of replacing one model. The comparison documents performance
in successive AI-assisted work settings.

Comparative timing and final-output models

The timing comparison uses only human-only and AI-assisted observations from the earlier experiment
[19]. Its 68 teams comprise 33 human-only and 35 AI-assisted teams. The current comparison uses 200
within-field participants with usable timing records; the undergraduate-exclusion sample contains 163. The
outcome at each elapsed time is an indicator that the assigned result has been reproduced by that time.
Separate ordinary least-squares models include paper and event fixed effects. Earlier-study controls are team
size, maximum and minimum academic position, and attendance. Current-study controls are the separate
graduate and senior indicators. The confidence intervals are pointwise and use robust covariance estimates
with the full model’s degrees of freedom.

For the workday summary, the dependent variable is elapsed time to reproduction, capped at 420 minutes,
with noncompletion assigned 420. Integrating the adjusted completion gap over the window reproduces the
adjusted reduction in this measure. The current estimate is 50.6 minutes, with a 95% interval from 15.7 to
85.6; excluding undergraduates gives 64.4 minutes, with an interval from 28.0 to 100.7. The earlier estimate
is a reduction of −22.5 minutes, with an interval from −58.6 to 13.6. These quantities combine completion
and speed; they are not estimates of labor time saved. This exploratory comparison does not identify which
changes in people, assignments, tools, or work organization account for the cross-study pattern.

The observed curves and final-output adjustment map appear in Appendix Figures A1 and A2.
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Table S1: Design and measurement in successive AI experiments

Feature Earlier experiment Current experiment

Events Seven events in 2024 Five events, October 2025–May 2026

Working unit Teams Individuals

Timing comparison 33 human-only and 35 AI-assisted teams 200 within-field individuals; 163 excluding undergraduates

Shared tasks Reproduction, error discovery, robustness proposals Same task families; referee reports added

Reproduction target Assigned published result Assigned published result

Approved proposals Earlier rubric also accepted major-error correction and
rerunning

All four proposal criteria required

Implementation measure Participant-reported implementation Approved check with numerical documentation

Tools available GPT-4, GPT-4o; later o1-preview/o1-mini with restricted
file processing

ChatGPT Plus provisioned; broader tools reported

Composition controls Team size, minimum and maximum academic position,
attendance

Separate graduate and senior indicators

Restricted-time AI effect Reduction of −22.5 minutes; 95% CI [−58.6, 13.6] Reduction of 50.6 minutes; 95% CI [15.7, 85.6]

Notes: Sources: Brodeur et al. [19], the current study records, and Section SI2. Comparison samples include only human-only and AI-assisted
arms. Restricted time assigns 420 minutes to noncompletion; a positive reduction favors assistance. Main Figure 2 uses separate paper and
event fixed effects within each study. These are study-specific effects, not a test isolating changes in model capability. Proposal criteria and team
structure differ; neither experiment fixes one universally used model version.
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SI3. Expertise and treatment heterogeneity
These analyses examine whether AI gains differ across academic ranks, coding experience, and events.
Component-specific sensitivity checks retain separate graduate and professor/researcher comparisons with
undergraduates.

Statistical models

Primary and secondary outcome estimates use OLS with heteroskedasticity-robust standard errors. The
main specifications absorb separate event, assigned-paper, and participant-discipline fixed effects. Appendix
alternatives change the controls or fixed effects as indicated in each table. The count-model diagnostics in
Table S14 and binary-link checks in Tables S15–S16 are kept separate from the common OLS estimates.
The supplementary vertical sample is restricted to inside-discipline assignments and includes separate
academic-rank indicators and the stated fixed effects, without additional baseline covariates. Main Tables 1
and 2 use the same separate graduate and senior indicators for the seven individual outcomes. The horizontal
sample contains graduate students and professor/researchers and controls for tier, years of coding experience,
an indicator for missing coding-experience responses, and prior GPT familiarity. Software is not included as
a control.

The additive models estimate treatment, expertise, and discipline-match associations without treatment inter-
actions. The interacted vertical model includes treatment-by-graduate and treatment-by-professor/researcher
terms. The interacted horizontal model includes treatment-by-outside-discipline. The supplementary
coding-experience specification pools all assignments and uses coding years centered at seven and scaled in
five-year units. It controls for tier, discipline match, and an indicator for missing coding-experience responses.
Table S8 adds AI-by-coding-years, so its AI coefficient refers to seven coding years and its experience
coefficient describes human-only participants. These are treatment-effect gradients, not causal effects of
accumulating experience. Table S2 reports the AI effect within each academic tier, combining the main
treatment coefficient and the corresponding interaction. The confidence intervals account for their covariance.
These effects describe each group’s gain; Table 1, Panel B, tests differences between academic ranks.

Component specification curves

The computational sensitivity analysis estimates each original outcome separately, retaining separate graduate
and professor/researcher interactions relative to undergraduates. We specify 43 model and sample checks
for each outcome, both including and excluding master’s students. These comprise the main model; each
single-paper and single-event exclusion; four restrictions based on representation of career groups and
treatment arms; six models allowing AI effects to vary by paper, event, or both; event-by-rank fixed effects;
and seven adjustments for coding experience, prior AI familiarity, and complete-case samples. Support
restrictions use group and treatment counts rather than outcome values. We additionally omit each participant
in turn. Outcomes retain their original units. Pointwise 95% intervals use the same robust variance convention
as the main tables. All identified contrasts are displayed, including negative estimates; unidentifiable contrasts
are marked. These related specifications are sensitivity checks, not independent replications or a global test
of widening. Appendix Figure A3 displays these structural checks. The participant-influence checks follow
separately.
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Figure S1: Participant influence. Each curve orders the interaction estimates from every leave-one-participant-out model within its
outcome, career comparison, and sample variant. Each contains 202 fits including master’s students and 183 excluding them.
Shading denotes pointwise 95% intervals. Percentile positions need not correspond to the same participant across curves. All 2,310
identified contrasts are shown.

28



Online Appendix: Generative AI boosts productivity across the expertise ladder Aparicio et al.

Table S2: AI effects within each academic tier

Outcome Undergraduate Graduate Professor/researcher

Reproduction (pp)

−8.7
(16.3)

[−40.9, 23.6]

18.6∗∗
(8.1)

[2.7, 34.5]

18.3∗∗
(8.6)

[1.3, 35.3]
Human / AI observations 16 / 21 40 / 47 42 / 36

Minor errors

0.21
(0.35)

[−0.47, 0.90]

0.86∗∗
(0.42)

[0.04, 1.68]

0.43∗
(0.23)

[−0.03, 0.89]
Human / AI observations 16 / 21 40 / 47 42 / 36

Major errors

−0.05
(0.10)

[−0.24, 0.14]

0.14∗∗
(0.07)

[0.01, 0.28]

0.23
(0.15)

[−0.07, 0.52]
Human / AI observations 16 / 21 40 / 47 42 / 36

Two approved proposals (pp)

18.6∗∗
(9.3)

[0.3, 36.9]

17.4∗
(9.1)

[−0.6, 35.5]

12.3
(8.9)

[−5.2, 29.8]
Human / AI observations 16 / 21 40 / 47 42 / 35

Two qualifying checks (pp)

16.1∗
(8.7)

[−1.1, 33.3]

16.4∗
(8.8)

[−0.8, 33.7]

6.5
(8.7)

[−10.7, 23.7]
Human / AI observations 16 / 21 40 / 47 42 / 35

Appropriate report (pp)

20.9
(13.1)

[−5.0, 46.7]

19.2∗∗∗
(7.1)

[5.1, 33.3]

18.2∗∗
(9.0)

[0.4, 36.0]
Human / AI observations 16 / 21 40 / 47 42 / 36

Overall report score

0.86
(0.54)

[−0.20, 1.92]

0.83∗∗
(0.33)

[0.17, 1.49]

1.05∗∗∗
(0.34)

[0.38, 1.72]
Human / AI observations 16 / 21 40 / 47 42 / 36

Notes: Within-discipline sample and the interacted model in main Table 1, Panel B. Each entry adds the AI coefficient to the relevant tier
interaction; standard errors use their full covariance. Parentheses contain robust standard errors; brackets contain 95% intervals. Counts below
each outcome are the model-retained human-only and AI-assisted observations in that tier. Binary effects are percentage points; counts and the
overall score retain their units. Stars are unadjusted: ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Within-tier effects and between-tier differences answer
distinct questions.
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Table S3 examines coding experience rather than academic rank. Panel A uses within-field assignments and
imputes missing coding years; Panel B retains complete cases; Panel C pools field assignments. Interactions
measure the change in the AI gain per five additional coding years. The AI effect is evaluated at seven years
of coding experience.
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Table S3: Coding experience replacing academic tier: sample comparisons

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel A. Within discipline: imputed coding years
Coding years (per 5) 6.84 0.05 0.00 11.30∗∗ 9.55∗∗∗ 11.83∗∗∗ 9.35∗∗∗ 6.17∗ 0.44∗∗∗ 10.87∗∗∗ 0.34∗∗∗

(4.36) (0.07) (0.02) (4.58) (3.19) (4.01) (3.19) (3.30) (0.12) (4.16) (0.10)
[−1.76, 15.43] [−0.09, 0.18] [−0.04, 0.04] [2.26, 20.33] [3.25, 15.85] [3.92, 19.74] [3.06, 15.64] [−0.34, 12.69] [0.21, 0.67] [2.66, 19.08] [0.15, 0.53]

AI-assisted 14.07∗∗ 0.62∗∗∗ 0.13∗ 22.60∗∗∗ 15.99∗∗∗ 17.50∗∗∗ 12.62∗∗ 19.24∗∗∗ 0.97∗∗∗ 23.90∗∗∗ 0.93∗∗∗
(5.83) (0.22) (0.07) (6.47) (5.30) (6.49) (5.12) (5.08) (0.23) (6.53) (0.19)

[2.57, 25.57] [0.18, 1.06] [−0.01, 0.27] [9.82, 35.38] [5.53, 26.46] [4.68, 30.32] [2.51, 22.74] [9.22, 29.26] [0.53, 1.42] [11.00, 36.79] [0.56, 1.29]

AI × coding years −6.70 −0.09 0.01 −12.91∗∗ −10.69∗∗ −17.94∗∗∗ −12.09∗∗∗ −9.14∗∗ −0.35∗∗ −12.88∗∗ −0.38∗∗
(5.93) (0.13) (0.03) (6.08) (4.57) (4.99) (4.11) (4.48) (0.15) (6.22) (0.19)

[−18.41, 5.01] [−0.34, 0.16] [−0.05, 0.07] [−24.91, −0.90] [−19.70, −1.67] [−27.79, −8.10] [−20.20, −3.99] [−17.99, −0.29] [−0.65, −0.04] [−25.16, −0.60] [−0.76, 0.00]

Observations 202 202 202 201 201 201 201 202 202 202 202
Mean outcome 70.79 0.50 0.11 47.76 22.39 39.80 19.90 18.32 2.50 57.92 2.76
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B. Within discipline: observed coding years
Coding years (per 5) 7.56∗ 0.01 0.00 12.05∗∗ 9.94∗∗∗ 11.94∗∗∗ 9.69∗∗∗ 5.86∗ 0.39∗∗∗ 10.92∗∗ 0.35∗∗∗

(4.28) (0.07) (0.02) (4.79) (3.27) (4.12) (3.25) (3.41) (0.12) (4.33) (0.10)
[−0.89, 16.01] [−0.13, 0.15] [−0.04, 0.05] [2.59, 21.51] [3.49, 16.40] [3.81, 20.07] [3.26, 16.11] [−0.88, 12.60] [0.15, 0.62] [2.37, 19.46] [0.15, 0.55]

AI-assisted 17.37∗∗∗ 0.67∗∗∗ 0.14∗ 22.05∗∗∗ 16.31∗∗∗ 15.31∗∗ 12.88∗∗ 18.95∗∗∗ 1.02∗∗∗ 26.27∗∗∗ 0.99∗∗∗
(5.99) (0.22) (0.08) (6.68) (5.67) (6.79) (5.51) (5.27) (0.23) (6.77) (0.19)

[5.55, 29.20] [0.22, 1.11] [−0.01, 0.29] [8.85, 35.24] [5.12, 27.50] [1.91, 28.72] [1.99, 23.77] [8.55, 29.35] [0.57, 1.47] [12.90, 39.63] [0.62, 1.37]

AI × coding years −8.58 −0.07 0.01 −13.60∗∗ −11.18∗∗ −17.41∗∗∗ −12.51∗∗∗ −8.67∗ −0.32∗∗ −13.59∗∗ −0.41∗∗
(5.67) (0.13) (0.03) (6.28) (4.66) (5.15) (4.21) (4.59) (0.15) (6.41) (0.19)

[−19.77, 2.61] [−0.32, 0.17] [−0.05, 0.06] [−26.00, −1.19] [−20.37, −1.98] [−27.58, −7.24] [−20.82, −4.21] [−17.73, 0.38] [−0.62, −0.02] [−26.25, −0.93] [−0.79, −0.03]

Observations 188 188 188 187 187 187 187 188 188 188 188
Mean outcome 71.28 0.47 0.12 49.20 23.53 41.18 20.86 18.62 2.52 58.51 2.79
Additional controls — — — — — — — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Years are centered at seven and divided by five. AI-assisted is evaluated at seven coding years.
Coding years replaces tier. Panel A adds only a missing-years indicator; Panel B excludes missing years. Neither adds GPT or software controls. Missing years use event-by-tier medians, with the overall median as
fallback; outcomes are not imputed.
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Table S3: Coding experience replacing academic tier: sample comparisons (continued)

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel C. Pooled assignments: tier replaced by coding years
Coding years (per 5) 1.51 0.01 0.01 10.69∗∗∗ 8.03∗∗∗ 9.66∗∗∗ 7.31∗∗∗ 1.96 0.29∗∗∗ 8.58∗∗ 0.29∗∗∗

(3.55) (0.05) (0.02) (3.90) (2.85) (3.48) (2.67) (2.71) (0.11) (3.81) (0.09)
[−5.48, 8.49] [−0.09, 0.10] [−0.02, 0.05] [3.00, 18.38] [2.42, 13.64] [2.81, 16.51] [2.05, 12.58] [−3.38, 7.31] [0.07, 0.50] [1.07, 16.08] [0.11, 0.47]

AI-assisted 16.43∗∗∗ 0.52∗∗∗ 0.15∗∗ 19.99∗∗∗ 16.44∗∗∗ 20.29∗∗∗ 17.35∗∗∗ 19.15∗∗∗ 0.94∗∗∗ 23.62∗∗∗ 0.91∗∗∗
(5.05) (0.15) (0.06) (5.67) (4.77) (5.59) (4.57) (4.28) (0.19) (5.52) (0.16)

[6.49, 26.36] [0.22, 0.82] [0.03, 0.27] [8.82, 31.16] [7.05, 25.83] [9.29, 31.29] [8.36, 26.34] [10.72, 27.57] [0.58, 1.31] [12.74, 34.50] [0.59, 1.22]

AI × coding years 0.87 −0.05 0.01 −10.08∗ −9.21∗∗ −11.08∗∗ −9.33∗∗ −5.39 −0.22∗ −8.29 −0.26∗
(4.79) (0.09) (0.04) (5.19) (3.98) (4.65) (3.64) (3.53) (0.14) (5.15) (0.15)

[−8.56, 10.30] [−0.22, 0.12] [−0.06, 0.08] [−20.30, 0.14] [−17.05, −1.37] [−20.24, −1.91] [−16.49, −2.17] [−12.34, 1.56] [−0.49, 0.04] [−18.43, 1.84] [−0.56, 0.04]

Outside discipline −5.40 −0.38∗∗ −0.03 −6.52 6.85 −8.33 4.81 −6.38 −0.24 −13.74 −0.35
(7.17) (0.15) (0.12) (8.50) (7.13) (8.24) (7.13) (6.80) (0.29) (8.35) (0.23)

[−19.51, 8.71] [−0.69, −0.08] [−0.26, 0.19] [−23.26, 10.21] [−7.20, 20.90] [−24.56, 7.89] [−9.24, 18.85] [−19.78, 7.02] [−0.81, 0.33] [−30.18, 2.70] [−0.81, 0.10]

Observations 286 286 286 285 285 285 285 286 286 286 286
Mean outcome 73.08 0.42 0.15 50.18 24.56 41.05 21.40 17.48 2.57 59.44 2.76
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Years are centered at seven and divided by five. AI-assisted is evaluated at seven coding years.
The pooled model adds discipline match and a missing-years indicator, but no tier, GPT, or software controls. It differs from the tier-adjusted supplementary coding-experience specification. Missing years use
event-by-tier medians, with the overall median as fallback; outcomes are not imputed.

32



O
nline

A
ppendix:G

enerative
A

Iboostsproductivity
acrossthe

expertise
ladder

A
paricio

etal.

Table S4: Treatment heterogeneity across events

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel A. Planned linear event-order interaction
Event order (absorbed) — — — — — — — — — — —

AI-assisted at Ottawa 10.63 0.55∗ 0.22∗∗ 18.62∗ 4.43 9.01 7.90 28.26∗∗∗ 0.95∗∗ 20.51∗∗ 0.80∗∗∗
(8.27) (0.28) (0.11) (10.46) (9.22) (10.43) (8.57) (8.27) (0.37) (10.34) (0.27)

[−5.65, 26.92] [0.00, 1.11] [0.01, 0.44] [−1.97, 39.22] [−13.72, 22.59] [−11.53, 29.55] [−8.97, 24.78] [11.98, 44.54] [0.22, 1.69] [0.15, 40.86] [0.28, 1.33]

AI × event order 2.88 −0.02 −0.04 −0.15 5.07 4.63 3.66 −5.47 −0.02 1.21 0.05
(3.62) (0.09) (0.04) (4.54) (3.80) (4.51) (3.58) (3.41) (0.15) (4.19) (0.10)

[−4.24, 10.01] [−0.21, 0.16] [−0.12, 0.05] [−9.09, 8.78] [−2.42, 12.55] [−4.25, 13.51] [−3.38, 10.71] [−12.19, 1.26] [−0.30, 0.27] [−7.04, 9.47] [−0.15, 0.26]

Observations 286 286 286 285 285 285 285 286 286 286 286
Mean outcome 73.08 0.42 0.15 50.18 24.56 41.05 21.40 17.48 2.57 59.44 2.76
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B. Unrestricted event interactions
AI-assisted at Ottawa −4.32 0.09 0.11 14.64 −1.55 2.95 5.35 22.83∗∗ 0.52 11.28 0.44

(11.40) (0.22) (0.09) (14.58) (12.21) (13.72) (10.55) (10.26) (0.57) (15.16) (0.33)
[−26.77, 18.14] [−0.33, 0.52] [−0.06, 0.29] [−14.07, 43.36] [−25.60, 22.51] [−24.07, 29.98] [−15.43, 26.14] [2.61, 43.05] [−0.61, 1.64] [−18.57, 41.13] [−0.21, 1.10]

AI × Toronto 25.51∗ 1.07 0.17 11.39 13.15 18.77 5.31 12.79 0.66 22.93 0.64
(14.62) (0.69) (0.19) (19.19) (16.58) (18.58) (15.11) (14.42) (0.68) (19.03) (0.50)

[−3.29, 54.30] [−0.28, 2.43] [−0.22, 0.55] [−26.41, 49.18] [−19.52, 45.81] [−17.82, 55.36] [−24.45, 35.08] [−15.60, 41.19] [−0.68, 2.01] [−14.56, 60.41] [−0.34, 1.61]

AI × Cambridge 26.20∗ 0.10 0.06 −1.95 20.46 11.26 13.26 −12.91 0.65 12.84 0.83∗∗
(14.75) (0.27) (0.14) (18.33) (14.61) (17.38) (13.53) (13.08) (0.64) (17.91) (0.41)

[−2.85, 55.26] [−0.44, 0.64] [−0.21, 0.33] [−38.06, 34.17] [−8.31, 49.23] [−22.97, 45.49] [−13.39, 39.90] [−38.67, 12.85] [−0.62, 1.91] [−22.44, 48.12] [0.01, 1.65]

AI × UCL 31.73∗ 0.73 −0.02 9.05 20.41 25.89 15.14 −15.42 0.19 −7.37 −0.41
(17.53) (0.49) (0.22) (22.22) (18.28) (21.46) (17.17) (15.14) (0.74) (20.41) (0.62)

[−2.79, 66.25] [−0.24, 1.70] [−0.44, 0.41] [−34.72, 52.82] [−15.60, 56.41] [−16.37, 68.15] [−18.68, 48.96] [−45.25, 14.40] [−1.27, 1.66] [−47.57, 32.83] [−1.63, 0.80]

AI × KCL 16.23 0.31 −0.06 3.46 22.73 23.06 13.76 −10.62 0.23 21.52 0.72∗
(16.22) (0.33) (0.16) (20.26) (16.71) (19.77) (15.41) (14.94) (0.69) (19.49) (0.43)

[−15.72, 48.18] [−0.35, 0.97] [−0.38, 0.27] [−36.45, 43.38] [−10.18, 55.64] [−15.88, 62.00] [−16.59, 44.11] [−40.04, 18.80] [−1.13, 1.59] [−16.86, 59.91] [−0.12, 1.56]

Observations 286 286 286 285 285 285 285 286 286 286 286
Mean outcome 73.08 0.42 0.15 50.18 24.56 41.05 21.40 17.48 2.57 59.44 2.76
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Controls: tier, discipline match, coding years, missing years, and GPT familiarity. Event order
is Ottawa=0, Toronto=1, Cambridge=2, UCL=3, KCL=4. It compares different cohorts/sites, not individual learning. Panel B is an additional functional-form check. Missing years use event-by-tier medians, with the
overall median as fallback; outcomes are not imputed.
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Table S5: Five-category expertise: amended secondary specification

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel A. Vertical: within-discipline assignments
Master’s (vs undergrad) −18.18 −0.44 −0.09 −16.23 21.67 −14.29 19.93 −13.68 0.45 1.07 0.07

(18.75) (0.40) (0.12) (17.05) (14.61) (17.92) (14.24) (12.77) (0.53) (22.07) (0.54)
[−55.20, 18.83] [−1.24, 0.35] [−0.32, 0.14] [−49.89, 17.42] [−7.18, 50.53] [−49.68, 21.09] [−8.19, 48.05] [−38.89, 11.52] [−0.59, 1.50] [−42.51, 44.65] [−0.99, 1.13]

PhD student (vs undergrad) 14.98 −0.02 0.03 22.87∗ 15.41∗ 11.29 10.20 −3.25 0.81 15.33 0.83∗
(13.31) (0.33) (0.06) (13.50) (8.94) (14.19) (8.21) (9.95) (0.49) (15.65) (0.46)

[−11.30, 41.26] [−0.68, 0.64] [−0.09, 0.14] [−3.78, 49.52] [−2.23, 33.05] [−16.72, 39.30] [−6.01, 26.41] [−22.90, 16.39] [−0.16, 1.78] [−15.56, 46.22] [−0.09, 1.74]

Postdoc (vs undergrad) 5.30 0.18 0.37 16.16 14.84 13.82 13.07 −27.68∗∗ −0.22 11.70 0.58
(15.06) (0.43) (0.31) (16.34) (12.61) (16.78) (12.88) (13.19) (0.59) (19.31) (0.55)

[−24.43, 35.03] [−0.66, 1.03] [−0.24, 0.98] [−16.11, 48.43] [−10.05, 39.73] [−19.30, 46.94] [−12.36, 38.51] [−53.71, −1.64] [−1.39, 0.94] [−26.42, 49.82] [−0.49, 1.66]

PhD researcher (vs undergrad) 11.09 −0.25 −0.01 31.80∗∗ 25.67∗∗∗ 26.12∗ 25.11∗∗∗ 5.64 0.89∗ 27.09∗ 0.86∗
(13.69) (0.30) (0.07) (14.78) (9.15) (14.64) (9.06) (10.82) (0.48) (15.16) (0.46)

[−15.93, 38.12] [−0.84, 0.35] [−0.16, 0.13] [2.62, 60.98] [7.60, 43.74] [−2.79, 55.03] [7.22, 43.00] [−15.73, 27.01] [−0.05, 1.84] [−2.83, 57.01] [−0.05, 1.77]

AI-assisted −8.92 0.26 −0.05 26.71∗ 18.39∗ 27.03∗ 15.81∗ 20.02 0.84 26.09 0.97∗
(16.61) (0.36) (0.09) (16.00) (9.36) (15.80) (8.83) (13.19) (0.54) (17.10) (0.56)

[−41.72, 23.88] [−0.45, 0.98] [−0.23, 0.14] [−4.88, 58.30] [−0.09, 36.88] [−4.17, 58.23] [−1.61, 33.24] [−6.02, 46.06] [−0.23, 1.92] [−7.67, 59.85] [−0.13, 2.06]

AI × master’s 58.57∗∗ 0.36 0.25 24.95 −7.48 24.42 −3.49 −2.90 0.16 8.86 0.38
(24.74) (0.53) (0.18) (23.93) (21.54) (25.09) (21.19) (19.00) (0.78) (29.19) (0.74)

[9.73, 107.41] [−0.69, 1.40] [−0.09, 0.60] [−22.30, 72.20] [−50.01, 35.06] [−25.13, 73.96] [−45.34, 38.35] [−40.40, 34.60] [−1.39, 1.70] [−48.77, 66.50] [−1.08, 1.84]

AI × PhD student 20.44 0.70 0.17 0.20 0.76 −5.19 1.26 1.32 −0.02 −2.44 −0.29
(17.91) (0.59) (0.15) (18.66) (13.29) (19.00) (12.42) (15.30) (0.65) (21.00) (0.62)

[−14.92, 55.80] [−0.47, 1.87] [−0.12, 0.47] [−36.65, 37.05] [−25.47, 26.99] [−42.71, 32.33] [−23.26, 25.79] [−28.87, 31.52] [−1.30, 1.26] [−43.90, 39.03] [−1.51, 0.94]

AI × postdoc 49.88∗∗ 0.18 −0.09 −9.75 −3.53 −6.44 −0.06 −2.11 0.88 14.79 0.46
(21.80) (0.61) (0.37) (28.91) (22.13) (28.56) (21.75) (17.35) (0.80) (26.24) (0.73)

[6.85, 92.91] [−1.03, 1.40] [−0.82, 0.64] [−66.83, 47.33] [−47.23, 40.17] [−62.84, 49.96] [−43.00, 42.88] [−36.37, 32.14] [−0.71, 2.46] [−37.02, 66.59] [−0.97, 1.90]

AI × PhD researcher 20.25 0.13 0.38∗∗ −17.00 −6.40 −30.82 −11.73 −0.20 0.04 −10.40 −0.02
(19.65) (0.45) (0.18) (20.95) (13.99) (19.82) (13.55) (17.04) (0.65) (20.91) (0.66)

[−18.54, 59.05] [−0.76, 1.02] [0.02, 0.73] [−58.37, 24.37] [−34.03, 21.23] [−69.96, 8.31] [−38.49, 15.02] [−33.84, 33.44] [−1.25, 1.33] [−51.68, 30.89] [−1.33, 1.29]

Observations 202 202 202 201 201 201 201 202 202 202 202
Mean outcome 70.79 0.50 0.11 47.76 22.39 39.80 19.90 18.32 2.50 57.92 2.76
Additional controls — — — — — — — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. No additional controls. Before outcome/FE exclusions, human/AI counts are: undergrad
16/21, master’s 8/12, PhD 33/35, postdoc 9/9, PhD researcher 33/27. The April 16 amendment specifies these categories; public deposit timing is disclosed in Materials and Methods.
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Table S6: Formal treatment-heterogeneity tests and multiplicity checks

Panel A. Equality and ordered treatment-effect tests
Outcome Grad − UG Res. − grad Equal 𝑝 Decr. 𝑝 Incr. 𝑝 AI × out.
Comp. rep. 27.21 -0.26 0.283 0.938 0.509 8.90

(17.62) (11.98) (10.80)
Minor errors 0.65 -0.43 0.476 0.886 0.821 -0.30

(0.53) (0.47) (0.28)
Major errors 0.19 0.09 0.172 0.920 0.296 -0.02

(0.14) (0.16) (0.20)
1+ appr. checks 3.08 -19.28 0.443 0.568 0.896 -0.85

(17.94) (15.24) (13.69)
2+ appr. checks -1.15 -5.16 0.884 0.463 0.651 0.73

(12.43) (13.30) (12.51)
1+ qual. checks -0.30 -25.47 0.209 0.493 0.950 16.89

(17.95) (15.38) (13.65)
2+ qual. checks 0.31 -9.94 0.694 0.511 0.780 13.53

(11.62) (12.85) (12.05)
Human approp. -1.65 -0.97 0.987 0.467 0.545 2.65

(14.74) (11.84) (9.82)
Human overall -0.03 0.22 0.894 0.675 0.522 -0.01

(0.62) (0.48) (0.40)
AI approp. -0.87 -3.99 0.953 0.483 0.603 5.62

(20.15) (15.32) (11.90)
AI overall -0.18 0.26 0.804 0.742 0.620 0.02

(0.60) (0.40) (0.32)

Panel B. Coding-years moderation: complete cases and BH adjustment
Outcome Full Complete Full 𝑝 CC 𝑝 BH full BH CC
Comp. rep. 0.49 −1.44 0.917 0.753 0.917 0.816

(4.72) (4.58)
Minor errors −0.06 −0.05 0.485 0.541 0.593 0.661

(0.09) (0.09)
Major errors 0.02 0.01 0.606 0.816 0.667 0.816

(0.03) (0.04)
1+ appr. checks −10.49∗∗ −11.41∗∗ 0.042 0.031 0.116 0.084

(5.14) (5.25)
2+ appr. checks −9.32∗∗ −9.48∗∗ 0.017 0.018 0.063 0.070

(3.89) (3.97)
1+ qual. checks −11.23∗∗ −11.20∗∗ 0.017 0.019 0.063 0.070

(4.66) (4.75)
2+ qual. checks −9.36∗∗∗ −9.44∗∗ 0.009 0.010 0.063 0.070

(3.56) (3.64)
Human approp. −5.37 −5.63 0.133 0.121 0.183 0.166

(3.56) (3.61)
Human overall −0.24∗ −0.24∗ 0.069 0.078 0.132 0.143

(0.13) (0.13)
AI approp. −8.31∗ −8.31∗ 0.093 0.100 0.147 0.156

(4.93) (5.03)
AI overall −0.27∗ −0.29∗ 0.072 0.052 0.132 0.114

(0.15) (0.15)

Notes: Binary effects are percentage points; parentheses contain robust SEs. Panel A compares treatment effects, not outcome levels. Equality is a two-restriction
Wald F test. Decreasing/increasing tests take the maximum of two one-sided component 𝑝-values using the fitted covariance; ordered effects alone do not
establish gap closure. Panel B reports AI-by-years effects per five years; full hierarchies appear in Table S8. BH adjusts eleven outcomes separately within each
sample, not all appendix tests. It is exploratory. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01 are unadjusted. Fixed effects: event, assigned paper, and participant home
discipline, entered separately. Vertical has no controls; Horizontal controls: academic tier, coding years, an indicator for missing coding-experience responses,
and GPT familiarity (None/Some, Heavy, Missing). Panel B retains tier, discipline match, and missing years where varying.
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SI4. Robustness of the quantitative findings
The following checks vary the sample, controls, fixed effects, functional form, and treatment of the unavailable
robustness submission. Table S12 compares the main estimates with models controlling for baseline proficiency in R,
Stata, Python, and Matlab. The comparison holds each estimation sample fixed.

Prespecified analyses and sensitivity checks

The appendix groups all eleven outcome constructs within the same specification tables. The non-coding analyses
planned in PAP Tables 9 and 10 appear in the last four columns of main Tables 1 and 2, with one-check thresholds
in Table S23 and individual human and AI report assessments in Table S22. Table S23 places one- and two-check
robustness thresholds side by side. Tables S3–S6 report the planned experience, event-order, five-category, and
formal compression analyses. Event order compares different cohorts rather than individual learning.

Tables S8–S11 combine related complete-case, population, assignment-link, covariate, and fixed-effect checks
without changing their distinct samples. The pooled coding-experience complete-case checks retain tier controls
and seven-year centering. Tables A2–S26 report balance, missingness, grading coverage, and survey descriptions.
Table S28 records unresolved measurement and implementation departures. These disclosures distinguish estimated
analyses from verified protocol adherence. Table S7 compares the main classification with the saved randomization
record and with omitting the corrected observation. Average AI effects remain positive across all seven outcomes.
The participant worked outside their field, so the vertical estimates are identical.
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Table S7: Sensitivity to the assignment-record correction

A. All assignments: adjusted average effects
Outcome Communicated access Recorded assignment Omit corrected record

Reproduction (pp)
16.3∗∗∗
(4.9)

16.0∗∗∗
(4.9)

16.1∗∗∗
(4.9)

Minor errors
0.51∗∗∗
(0.15)

0.51∗∗∗
(0.16)

0.51∗∗∗
(0.16)

Major errors
0.15∗∗
(0.06)

0.15∗∗
(0.06)

0.15∗∗
(0.06)

Two approved proposals (pp)
14.4∗∗∗
(4.9)

14.7∗∗∗
(5.0)

14.6∗∗∗
(5.0)

Two qualifying checks (pp)
15.1∗∗∗
(4.7)

15.4∗∗∗
(4.7)

15.3∗∗∗
(4.7)

Appropriate report (pp)
17.5∗∗∗
(4.3)

17.4∗∗∗
(4.3)

17.5∗∗∗
(4.3)

Overall report score
0.92∗∗∗
(0.18)

0.91∗∗∗
(0.18)

0.92∗∗∗
(0.18)

Observations (computational / proposals) 286 / 285 286 / 285 285 / 284

B. Horizontal study: average effects
Outcome Communicated access Recorded assignment Omit corrected record

Reproduction (pp)
21.1∗∗∗
(4.9)

20.7∗∗∗
(4.9)

20.9∗∗∗
(4.9)

Minor errors
0.58∗∗∗
(0.18)

0.59∗∗∗
(0.19)

0.59∗∗∗
(0.19)

Major errors
0.16∗∗
(0.07)

0.16∗∗
(0.07)

0.16∗∗
(0.07)

Two approved proposals (pp)
14.2∗∗
(5.6)

14.5∗∗
(5.7)

14.5∗∗
(5.7)

Two qualifying checks (pp)
15.1∗∗∗
(5.4)

15.5∗∗∗
(5.4)

15.4∗∗∗
(5.4)

Appropriate report (pp)
20.1∗∗∗
(4.6)

20.0∗∗∗
(4.6)

20.1∗∗∗
(4.6)

Overall report score
0.93∗∗∗
(0.19)

0.92∗∗∗
(0.19)

0.93∗∗∗
(0.19)

Observations (computational / proposals) 249 / 248 249 / 248 248 / 247

C. Horizontal study: outside-field interactions
Outcome Communicated access Recorded assignment Omit corrected record

Reproduction (pp)
8.9

(10.8)
7.9

(10.9)
8.4

(11.0)

Minor errors
−0.30
(0.28)

−0.29
(0.29)

−0.29
(0.29)

Major errors
−0.02
(0.20)

−0.01
(0.20)

−0.01
(0.20)

Two approved proposals (pp)
0.7

(12.5)
1.9

(12.8)
1.8

(12.8)

Two qualifying checks (pp)
13.5
(12.1)

15.1
(12.3)

15.0
(12.3)

Appropriate report (pp)
2.7
(9.8)

2.5
(10.0)

2.7
(10.0)

Overall report score
−0.01
(0.40)

−0.03
(0.40)

−0.02
(0.41)

Observations (computational / proposals) 249 / 248 249 / 248 248 / 247

Notes: The main analysis follows the AI-assisted instructions received by one participant whose saved randomization entry was human-only. Alternatives use
the saved assignment or omit that record. This participant worked outside field, so vertical estimates are unchanged. Panels A and B report average AI effects;
Panel C reports the AI-by-outside-field interaction. Binary effects are percentage points. Parentheses contain robust standard errors; stars use unadjusted
conventional thresholds. Sample-specific coding-year imputation is recomputed. Referee-outcome sample sizes equal computational sample sizes.
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Table S8: Supplementary coding-years specification: complete-case and assignment-link checks

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel A. Additive: current imputation
Coding years (per 5) 0.64 −0.01 −0.03 4.69 1.33 3.40 0.36 −1.31 0.17∗∗ 0.99 0.07

(2.84) (0.06) (0.04) (3.51) (2.36) (3.32) (2.19) (2.54) (0.08) (3.21) (0.11)
[−4.95, 6.24] [−0.13, 0.10] [−0.10, 0.04] [−2.23, 11.60] [−3.33, 5.98] [−3.15, 9.94] [−3.95, 4.67] [−6.31, 3.69] [0.01, 0.32] [−5.33, 7.31] [−0.14, 0.29]

AI-assisted 17.08∗∗∗ 0.51∗∗∗ 0.16∗∗∗ 18.50∗∗∗ 15.25∗∗∗ 18.44∗∗∗ 16.15∗∗∗ 18.26∗∗∗ 0.91∗∗∗ 22.89∗∗∗ 0.88∗∗∗
(4.83) (0.15) (0.06) (5.70) (4.85) (5.64) (4.62) (4.22) (0.18) (5.49) (0.15)

[7.57, 26.59] [0.22, 0.81] [0.04, 0.28] [7.27, 29.74] [5.71, 24.80] [7.32, 29.55] [7.05, 25.25] [9.96, 26.56] [0.56, 1.27] [12.07, 33.70] [0.58, 1.19]

Observations 286 286 286 285 285 285 285 286 286 286 286
Mean outcome 73.08 0.42 0.15 50.18 24.56 41.05 21.40 17.48 2.57 59.44 2.76
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B. Additive: observed coding years
Coding years (per 5) 0.35 −0.03 −0.03 4.64 1.22 3.35 0.21 −1.53 0.15∗ 0.81 0.06

(2.79) (0.06) (0.04) (3.54) (2.38) (3.35) (2.20) (2.58) (0.08) (3.24) (0.11)
[−5.14, 5.84] [−0.15, 0.09] [−0.10, 0.04] [−2.33, 11.61] [−3.47, 5.91] [−3.24, 9.94] [−4.13, 4.55] [−6.61, 3.55] [−0.01, 0.31] [−5.57, 7.18] [−0.15, 0.28]

AI-assisted 19.52∗∗∗ 0.52∗∗∗ 0.17∗∗∗ 18.04∗∗∗ 14.87∗∗∗ 17.26∗∗∗ 15.91∗∗∗ 19.00∗∗∗ 0.95∗∗∗ 24.81∗∗∗ 0.93∗∗∗
(4.96) (0.15) (0.06) (5.87) (5.11) (5.82) (4.89) (4.34) (0.18) (5.64) (0.16)

[9.76, 29.28] [0.22, 0.82] [0.05, 0.29] [6.48, 29.61] [4.80, 24.94] [5.79, 28.73] [6.27, 25.55] [10.45, 27.54] [0.59, 1.31] [13.69, 35.93] [0.63, 1.24]

Observations 270 270 270 269 269 269 269 270 270 270 270
Mean outcome 73.70 0.39 0.15 51.67 25.65 42.38 22.30 17.78 2.59 60.00 2.78
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel C. Additive: linked assignment record
Coding years (per 5) 0.69 0.00 −0.02 — 1.43 — 0.46 −1.26 0.16∗∗ — —

(2.85) (0.06) (0.04) (2.38) (2.22) (2.65) (0.08)
[−4.92, 6.29] [−0.12, 0.12] [−0.09, 0.05] [−3.26, 6.11] [−3.91, 4.84] [−6.48, 3.95] [0.00, 0.32]

AI-assisted 17.56∗∗∗ 0.55∗∗∗ 0.18∗∗∗ — 15.82∗∗∗ — 15.85∗∗∗ 18.24∗∗∗ 0.99∗∗∗ — —
(5.06) (0.16) (0.06) (5.11) (4.93) (4.35) (0.18)

[7.60, 27.52] [0.25, 0.86] [0.05, 0.31] [5.77, 25.88] [6.14, 25.56] [9.67, 26.82] [0.63, 1.35]

Observations 273 273 273 — 272 — 272 273 273 — —
Additional controls ✓ ✓ ✓ — ✓ — ✓ ✓ ✓ — —
Fixed effects ✓ ✓ ✓ — ✓ — ✓ ✓ ✓ — —

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Years are centered at seven and divided by five. AI-assisted is evaluated at seven coding years.
Controls: tier, discipline match, and additive missing years where varying; no GPT or software. Years use event-by-tier/global medians. Complete cases exclude missing years. Linked models cover seven main
outcomes only; dashes mark unestimated outcomes. Exact assignment matches and their limitations are documented in Table A2.
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Table S8: Supplementary coding-years specification: complete-case and assignment-link checks (continued)

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel D. Interacted: current imputation
Coding years (per 5) 0.35 0.02 −0.04 10.87∗∗ 6.82∗∗ 10.01∗∗ 5.88∗∗ 1.87 0.31∗∗∗ 5.92 0.23∗∗

(4.03) (0.05) (0.03) (4.38) (3.03) (3.95) (2.84) (3.10) (0.12) (4.11) (0.10)
[−7.59, 8.29] [−0.08, 0.13] [−0.10, 0.02] [2.24, 19.49] [0.86, 12.78] [2.22, 17.80] [0.28, 11.48] [−4.23, 7.97] [0.08, 0.54] [−2.17, 14.01] [0.03, 0.43]

AI-assisted 17.00∗∗∗ 0.52∗∗∗ 0.16∗∗ 20.27∗∗∗ 16.82∗∗∗ 20.32∗∗∗ 17.72∗∗∗ 19.15∗∗∗ 0.95∗∗∗ 24.27∗∗∗ 0.93∗∗∗
(4.93) (0.16) (0.06) (5.67) (4.78) (5.63) (4.57) (4.32) (0.18) (5.50) (0.16)

[7.30, 26.70] [0.22, 0.83] [0.04, 0.28] [9.09, 31.44] [7.40, 26.23] [9.23, 31.41] [8.72, 26.73] [10.65, 27.66] [0.59, 1.31] [13.43, 35.11] [0.62, 1.23]
AI × coding years 0.49 −0.06 0.02 −10.49∗∗ −9.32∗∗ −11.23∗∗ −9.36∗∗∗ −5.37 −0.24∗ −8.31∗ −0.27∗

(4.72) (0.09) (0.03) (5.14) (3.89) (4.66) (3.56) (3.56) (0.13) (4.93) (0.15)
[−8.80, 9.78] [−0.23, 0.11] [−0.05, 0.08] [−20.61, −0.37] [−16.98, −1.66] [−20.40, −2.06] [−16.38, −2.35] [−12.38, 1.64] [−0.51, 0.02] [−18.02, 1.40] [−0.56, 0.02]

Observations 286 286 286 285 285 285 285 286 286 286 286
Mean outcome 73.08 0.42 0.15 50.18 24.56 41.05 21.40 17.48 2.57 59.44 2.76
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel E. Interacted: observed coding years
Coding years (per 5) 1.21 0.00 −0.04 11.35∗∗ 6.80∗∗ 9.94∗∗ 5.76∗∗ 1.79 0.29∗∗ 5.72 0.24∗∗

(4.00) (0.05) (0.03) (4.44) (3.04) (3.94) (2.86) (3.15) (0.12) (4.11) (0.10)
[−6.67, 9.08] [−0.11, 0.11] [−0.10, 0.03] [2.61, 20.09] [0.80, 12.79] [2.18, 17.70] [0.13, 11.39] [−4.41, 8.00] [0.06, 0.52] [−2.37, 13.81] [0.03, 0.44]

AI-assisted 19.80∗∗∗ 0.53∗∗∗ 0.17∗∗∗ 20.30∗∗∗ 16.75∗∗∗ 19.48∗∗∗ 17.78∗∗∗ 20.10∗∗∗ 1.00∗∗∗ 26.44∗∗∗ 0.99∗∗∗
(5.10) (0.16) (0.06) (5.87) (5.07) (5.84) (4.87) (4.46) (0.19) (5.67) (0.16)

[9.75, 29.86] [0.22, 0.85] [0.04, 0.29] [8.75, 31.86] [6.76, 26.73] [7.98, 30.98] [8.17, 27.38] [11.31, 28.89] [0.63, 1.37] [15.27, 37.61] [0.68, 1.31]
AI × coding years −1.44 −0.05 0.01 −11.41∗∗ −9.48∗∗ −11.20∗∗ −9.44∗∗ −5.63 −0.24∗ −8.31∗ −0.29∗

(4.58) (0.09) (0.04) (5.25) (3.97) (4.75) (3.64) (3.61) (0.13) (5.03) (0.15)
[−10.47, 7.58] [−0.23, 0.12] [−0.06, 0.08] [−21.75, −1.07] [−17.30, −1.66] [−20.56, −1.84] [−16.62, −2.26] [−12.74, 1.49] [−0.50, 0.03] [−18.21, 1.59] [−0.59, 0.00]

Observations 270 270 270 269 269 269 269 270 270 270 270
Mean outcome 73.70 0.39 0.15 51.67 25.65 42.38 22.30 17.78 2.59 60.00 2.78
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel F. Interacted: linked assignment record
Coding years (per 5) 1.74 0.02 −0.03 — 6.56∗∗ — 6.20∗∗ 1.41 0.32∗∗∗ — —

(3.99) (0.05) (0.03) (3.07) (2.96) (3.21) (0.12)
[−6.13, 9.60] [−0.08, 0.13] [−0.10, 0.03] [0.51, 12.61] [0.37, 12.02] [−4.91, 7.74] [0.08, 0.55]

AI-assisted 17.86∗∗∗ 0.56∗∗∗ 0.18∗∗∗ — 17.32∗∗∗ — 17.52∗∗∗ 19.01∗∗∗ 1.03∗∗∗ — —
(5.17) (0.16) (0.06) (5.04) (4.86) (4.44) (0.18)

[7.68, 28.04] [0.24, 0.88] [0.05, 0.30] [7.39, 27.25] [7.95, 27.10] [10.26, 27.76] [0.67, 1.40]
AI × coding years −1.79 −0.04 0.01 — −8.78∗∗ — −9.82∗∗∗ −4.56 −0.26∗ — —

(4.70) (0.09) (0.04) (3.96) (3.70) (3.74) (0.14)
[−11.05, 7.47] [−0.22, 0.15] [−0.06, 0.09] [−16.58, −0.98] [−17.11, −2.52] [−11.93, 2.81] [−0.53, 0.00]

Observations 273 273 273 — 272 — 272 273 273 — —
Additional controls ✓ ✓ ✓ — ✓ — ✓ ✓ ✓ — —
Fixed effects ✓ ✓ ✓ — ✓ — ✓ ✓ ✓ — —

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Years are centered at seven and divided by five. AI-assisted is evaluated at seven coding years.
Controls: tier, discipline match, and additive missing years where varying; no GPT or software. Years use event-by-tier/global medians. Complete cases exclude missing years. Linked models cover seven main
outcomes only; dashes mark unestimated outcomes. Exact assignment matches and their limitations are documented in Table A2.
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Table S9: Vertical specifications: covariates, population, and assignment linkage

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel A. Within discipline: available covariates
Grad (vs undergrad) 8.68 −0.14 0.02 12.89 14.77∗ 4.20 10.96 −6.95 0.66 11.63 0.65

(12.60) (0.30) (0.06) (13.28) (8.26) (13.51) (7.67) (10.04) (0.47) (15.14) (0.46)
[−16.21, 33.56] [−0.74, 0.46] [−0.11, 0.14] [−13.33, 39.12] [−1.54, 31.08] [−22.47, 30.87] [−4.19, 26.11] [−26.76, 12.87] [−0.27, 1.59] [−18.26, 41.52] [−0.25, 1.55]

Researcher (vs undergrad) 7.85 −0.24 0.13 22.32 18.29∗∗ 18.86 19.65∗∗ −6.79 0.31 23.47 0.80
(13.35) (0.32) (0.10) (15.58) (9.14) (15.24) (8.92) (11.73) (0.51) (16.10) (0.52)

[−18.50, 34.21] [−0.87, 0.39] [−0.07, 0.33] [−8.45, 53.09] [0.24, 36.34] [−11.23, 48.96] [2.05, 37.26] [−29.95, 16.37] [−0.69, 1.32] [−8.33, 55.26] [−0.22, 1.82]

AI-assisted −9.50 0.26 −0.07 28.53∗ 19.33∗∗ 27.68∗ 16.32∗ 20.33 0.93∗ 26.71 0.98∗
(16.07) (0.32) (0.10) (15.87) (9.18) (15.49) (8.61) (13.07) (0.55) (16.71) (0.54)

[−41.22, 22.22] [−0.38, 0.90] [−0.26, 0.12] [−2.80, 59.86] [1.19, 37.46] [−2.90, 58.26] [−0.67, 33.32] [−5.47, 46.13] [−0.14, 2.01] [−6.27, 59.69] [−0.08, 2.04]

AI × grad 27.14 0.60 0.20 2.58 −2.36 −0.40 −0.58 −2.31 −0.06 −0.08 −0.15
(17.27) (0.53) (0.13) (17.96) (12.52) (17.96) (11.68) (14.88) (0.63) (20.09) (0.59)

[−6.95, 61.23] [−0.44, 1.65] [−0.07, 0.46] [−32.89, 38.05] [−27.08, 22.35] [−35.87, 35.07] [−23.63, 22.48] [−31.69, 27.08] [−1.30, 1.18] [−39.74, 39.58] [−1.31, 1.02]

AI × researcher 27.90 0.14 0.30∗ −20.45 −10.11 −28.77 −12.48 −3.80 0.07 −6.10 0.05
(18.56) (0.40) (0.16) (20.04) (13.25) (18.93) (12.93) (16.29) (0.62) (19.24) (0.60)

[−8.74, 64.55] [−0.64, 0.92] [−0.02, 0.62] [−60.01, 19.11] [−36.27, 16.04] [−66.14, 8.60] [−38.02, 13.06] [−35.96, 28.36] [−1.15, 1.28] [−44.09, 31.89] [−1.13, 1.24]

Observations 202 202 202 201 201 201 201 202 202 202 202
Mean outcome 70.79 0.50 0.11 47.76 22.39 39.80 19.90 18.32 2.50 57.92 2.76
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B. Within discipline: complete covariate cases
Grad (vs undergrad) 9.88 0.08 0.03 12.08 17.22∗ 4.97 12.67 −6.59 0.77 14.19 0.61

(14.10) (0.28) (0.07) (15.41) (9.42) (15.58) (8.72) (11.72) (0.54) (16.23) (0.50)
[−17.97, 37.72] [−0.47, 0.64] [−0.11, 0.17] [−18.36, 42.52] [−1.38, 35.82] [−25.82, 35.75] [−4.55, 29.89] [−29.74, 16.56] [−0.29, 1.83] [−17.86, 46.25] [−0.38, 1.60]

Researcher (vs undergrad) 10.85 −0.15 0.13 22.54 20.93∗∗ 18.60 21.81∗∗ −7.44 0.29 26.50 0.81
(14.47) (0.28) (0.11) (17.62) (9.59) (17.02) (9.37) (12.83) (0.56) (16.81) (0.56)

[−17.73, 39.42] [−0.69, 0.40] [−0.07, 0.34] [−12.27, 57.36] [1.98, 39.88] [−15.01, 52.22] [3.30, 40.31] [−32.78, 17.91] [−0.83, 1.40] [−6.70, 59.70] [−0.30, 1.93]

AI-assisted 0.36 0.38 −0.08 27.22 20.66∗ 24.04 17.23 18.87 0.96 31.11∗ 1.02∗
(18.33) (0.33) (0.12) (18.95) (11.10) (18.41) (10.43) (15.24) (0.59) (18.73) (0.61)

[−35.84, 36.57] [−0.26, 1.02] [−0.31, 0.16] [−10.22, 64.65] [−1.26, 42.58] [−12.32, 60.39] [−3.39, 37.84] [−11.24, 48.98] [−0.21, 2.13] [−5.89, 68.11] [−0.18, 2.22]

AI × grad 19.07 0.42 0.21 2.67 −4.15 −0.48 −1.82 −1.80 −0.16 −3.32 −0.12
(19.50) (0.58) (0.16) (20.89) (14.36) (20.65) (13.38) (17.14) (0.68) (21.93) (0.65)

[−19.45, 57.60] [−0.74, 1.57] [−0.11, 0.52] [−38.61, 43.94] [−32.51, 24.21] [−41.27, 40.32] [−28.25, 24.62] [−35.66, 32.06] [−1.51, 1.20] [−46.64, 39.99] [−1.41, 1.17]

AI × researcher 18.51 0.14 0.31∗ −20.19 −12.47 −26.21 −14.34 −1.85 0.19 −9.61 0.03
(20.83) (0.41) (0.17) (23.03) (14.78) (21.68) (14.42) (18.17) (0.66) (21.40) (0.67)

[−22.63, 59.64] [−0.68, 0.95] [−0.03, 0.65] [−65.68, 25.31] [−41.66, 16.72] [−69.02, 16.61] [−42.82, 14.15] [−37.74, 34.04] [−1.11, 1.50] [−51.89, 32.66] [−1.29, 1.35]

Observations 188 188 188 187 187 187 187 188 188 188 188
Mean outcome 71.28 0.47 0.12 49.20 23.53 41.18 20.86 18.62 2.52 58.51 2.79
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Controls: coding years, missing years, and original GPT categories (Some, Heavy, Missing).
Panel B drops missing years or familiarity. Preferred software is unavailable. Missing years use event-by-tier medians, with the overall median as fallback; outcomes are not imputed.
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Table S9: Vertical specifications: covariates, population, and assignment linkage (continued)

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel C. All assignments: controlling discipline match
Grad (vs undergrad) 9.02 −0.14 0.06 21.55∗ 10.73 13.26 6.73 −4.00 0.67 14.83 0.69∗

(12.13) (0.29) (0.07) (11.69) (7.47) (11.90) (7.12) (9.25) (0.43) (13.40) (0.41)
[−14.87, 32.91] [−0.71, 0.43] [−0.08, 0.20] [−1.48, 44.58] [−3.99, 25.45] [−10.19, 36.70] [−7.30, 20.76] [−22.22, 14.23] [−0.18, 1.52] [−11.57, 41.23] [−0.13, 1.51]

Researcher (vs undergrad) 5.20 −0.17 0.10 25.09∗∗ 13.91∗ 16.15 10.79 −4.10 0.44 22.09∗ 0.71∗
(12.00) (0.28) (0.08) (12.05) (7.76) (12.02) (7.46) (9.58) (0.43) (12.92) (0.41)

[−18.43, 28.82] [−0.71, 0.38] [−0.05, 0.25] [1.36, 48.83] [−1.37, 29.19] [−7.52, 39.83] [−3.90, 25.48] [−22.95, 14.76] [−0.41, 1.29] [−3.36, 47.54] [−0.09, 1.52]

AI-assisted −8.51 0.02 0.05 25.84∗ 12.67 30.50∗∗ 12.15 14.29 0.73 18.90 0.73
(15.51) (0.33) (0.08) (14.94) (8.86) (14.65) (8.57) (13.18) (0.51) (15.74) (0.53)

[−39.05, 22.04] [−0.63, 0.67] [−0.11, 0.20] [−3.59, 55.27] [−4.77, 30.12] [1.65, 59.36] [−4.72, 29.03] [−11.66, 40.25] [−0.28, 1.74] [−12.10, 49.89] [−0.32, 1.77]

AI × grad 26.31 0.67 0.01 −5.58 2.46 −12.75 4.60 5.14 0.01 4.31 0.06
(16.42) (0.46) (0.12) (16.93) (11.42) (16.70) (11.09) (14.65) (0.57) (18.05) (0.57)

[−6.02, 58.64] [−0.23, 1.57] [−0.22, 0.24] [−38.93, 27.77] [−20.02, 24.95] [−45.65, 20.15] [−17.24, 26.44] [−23.71, 34.00] [−1.11, 1.13] [−31.24, 39.86] [−1.06, 1.19]

AI × researcher 32.03∗ 0.42 0.23∗ −10.19 4.10 −13.37 5.08 3.96 0.36 4.51 0.28
(16.61) (0.35) (0.12) (17.44) (11.77) (16.83) (11.50) (14.41) (0.56) (17.17) (0.56)

[−0.68, 64.74] [−0.27, 1.12] [−0.01, 0.47] [−44.53, 24.16] [−19.08, 27.28] [−46.52, 19.77] [−17.57, 27.72] [−24.42, 32.34] [−0.75, 1.46] [−29.30, 38.33] [−0.83, 1.39]

Outside discipline −9.41 −0.42∗∗ −0.09 −6.61 5.67 −6.99 3.63 −6.36 −0.28 −16.52∗∗ −0.45∗∗
(6.86) (0.17) (0.12) (8.12) (7.10) (8.07) (7.16) (6.77) (0.26) (7.80) (0.22)

[−22.92, 4.11] [−0.75, −0.08] [−0.31, 0.14] [−22.60, 9.39] [−8.31, 19.65] [−22.89, 8.91] [−10.46, 17.73] [−19.69, 6.98] [−0.80, 0.24] [−31.88, −1.16] [−0.88, −0.01]

Observations 286 286 286 285 285 285 285 286 286 286 286
Mean outcome 73.08 0.42 0.15 50.18 24.56 41.05 21.40 17.48 2.57 59.44 2.76
Additional controls — — — — — — — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. The population expands beyond within-discipline assignments. Discipline match is included,
but there are no additional baseline covariates. Undergraduates were all assigned within discipline, so there is no outside-undergrad cell. Compare Table 1.
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Table S9: Vertical specifications: covariates, population, and assignment linkage (continued)

Comp.
rep.

Minor
errors

Major
errors

2+ appr.
checks

2+ qual.
checks

Human
approp.

Human
overall

(1) (2) (3) (4) (5) (6) (7)
Panel D. Linked assignments: additive
Grad (vs undergrad) 26.85∗∗∗ 0.18 0.11 15.64∗∗ 12.23∗ −7.21 0.61∗∗

(9.69) (0.23) (0.09) (7.23) (6.87) (8.10) (0.30)
[7.73, 45.97] [−0.26, 0.63] [−0.06, 0.28] [1.36, 29.92] [−1.33, 25.78] [−23.20, 8.79] [0.01, 1.21]

Researcher (vs undergrad) 28.05∗∗∗ −0.11 0.21∗∗ 20.28∗∗∗ 18.22∗∗ −4.86 0.63∗
(9.58) (0.22) (0.09) (7.27) (7.25) (8.62) (0.32)

[9.14, 46.97] [−0.55, 0.32] [0.04, 0.38] [5.92, 34.64] [3.92, 32.53] [−21.88, 12.16] [−0.01, 1.27]

AI-assisted 14.35∗∗ 0.58∗∗∗ 0.15∗∗ 15.35∗∗∗ 11.94∗∗ 20.29∗∗∗ 1.04∗∗∗
(5.74) (0.22) (0.07) (5.45) (5.32) (5.14) (0.22)

[3.03, 25.67] [0.14, 1.01] [0.00, 0.29] [4.59, 26.12] [1.44, 22.44] [10.14, 30.43] [0.62, 1.47]

Observations 196 196 196 195 195 196 196
Additional controls — — — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel E. Linked assignments: interacted
Grad (vs undergrad) 14.22 −0.18 0.00 16.64∗ 12.13 −5.50 0.70

(12.16) (0.34) (0.06) (8.77) (8.07) (10.34) (0.48)
[−9.79, 38.23] [−0.85, 0.48] [−0.12, 0.13] [−0.67, 33.95] [−3.81, 28.06] [−25.93, 14.92] [−0.25, 1.64]

Researcher (vs undergrad) 17.78 −0.27 0.07 25.08∗∗∗ 24.43∗∗∗ −3.70 0.62
(12.07) (0.32) (0.08) (8.54) (8.43) (11.29) (0.50)

[−6.05, 41.60] [−0.89, 0.36] [−0.09, 0.23] [8.22, 41.95] [7.79, 41.08] [−25.99, 18.59] [−0.37, 1.61]

AI-assisted −3.40 0.17 −0.04 19.74∗ 16.50∗ 22.52∗ 1.10∗∗
(16.78) (0.37) (0.10) (10.14) (9.51) (13.60) (0.54)

[−36.53, 29.72] [−0.56, 0.90] [−0.25, 0.16] [−0.29, 39.77] [−2.28, 35.28] [−4.34, 49.37] [0.03, 2.17]

AI × grad 22.96 0.68 0.19 −1.48 0.72 −3.12 −0.16
(17.99) (0.57) (0.15) (13.10) (12.25) (15.24) (0.62)

[−12.55, 58.48] [−0.44, 1.81] [−0.10, 0.48] [−27.34, 24.38] [−23.47, 24.91] [−33.21, 26.98] [−1.38, 1.06]

AI × researcher 19.61 0.29 0.27∗ −9.27 −12.02 −2.21 0.02
(19.00) (0.44) (0.16) (13.87) (13.35) (16.53) (0.63)

[−17.91, 57.13] [−0.57, 1.16] [−0.05, 0.60] [−36.66, 18.12] [−38.39, 14.35] [−34.85, 30.42] [−1.22, 1.26]

Observations 196 196 196 195 195 196 196
Additional controls — — — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. No covariates; within-discipline assignments. Assignment-linked models retain exact
within-event email matches to saved assignment sheets (273 of 286 reports before model exclusions); this sensitivity requires agreement with the saved treatment entry. Unmatched reports are not established violations.
This post hoc documentation check is not an attrition correction.
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Table S10: Horizontal specifications: complete covariates and assignment linkage

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel A. Current imputation and missingness indicators
Outside discipline −10.97 −0.28∗ −0.08 −8.34 4.29 −16.23∗ −3.77 −8.71 −0.07 −14.78 −0.31

(8.31) (0.17) (0.11) (10.04) (8.89) (9.65) (8.57) (7.38) (0.36) (9.46) (0.26)
[−27.34, 5.40] [−0.62, 0.05] [−0.29, 0.13] [−28.13, 11.44] [−13.24, 21.81] [−35.25, 2.78] [−20.67, 13.13] [−23.26, 5.83] [−0.78, 0.64] [−33.42, 3.87] [−0.82, 0.19]

AI-assisted 18.38∗∗∗ 0.67∗∗∗ 0.17∗ 19.14∗∗ 13.96∗∗ 12.26∗ 11.04∗ 19.27∗∗∗ 0.93∗∗∗ 21.16∗∗∗ 0.94∗∗∗
(5.64) (0.25) (0.09) (7.44) (6.46) (7.39) (6.22) (5.64) (0.23) (7.20) (0.19)

[7.26, 29.50] [0.18, 1.17] [0.00, 0.34] [4.47, 33.82] [1.22, 26.70] [−2.32, 26.83] [−1.23, 23.31] [8.15, 30.40] [0.47, 1.39] [6.96, 35.36] [0.56, 1.32]

AI × outside 8.90 −0.30 −0.02 −0.85 0.73 16.89 13.53 2.65 −0.01 5.62 0.02
(10.80) (0.28) (0.20) (13.69) (12.51) (13.65) (12.05) (9.82) (0.40) (11.90) (0.32)

[−12.39, 30.20] [−0.85, 0.26] [−0.41, 0.38] [−27.84, 26.15] [−23.93, 25.39] [−10.01, 43.80] [−10.23, 37.28] [−16.70, 22.01] [−0.80, 0.78] [−17.83, 29.07] [−0.62, 0.66]

Observations 249 249 249 248 248 248 248 249 249 249 249
Mean outcome 76.71 0.42 0.17 53.23 27.02 42.74 23.39 17.27 2.65 61.85 2.84
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B. Observed coding years and GPT familiarity
Outside discipline −10.32 −0.24 −0.08 −9.99 6.46 −20.16∗∗ −2.10 −10.21 −0.02 −19.63∗∗ −0.44

(8.72) (0.18) (0.11) (10.48) (9.67) (10.02) (9.31) (7.26) (0.38) (9.63) (0.28)
[−27.51, 6.87] [−0.59, 0.11] [−0.31, 0.15] [−30.64, 10.66] [−12.61, 25.54] [−39.91, −0.41] [−20.45, 16.25] [−24.52, 4.11] [−0.77, 0.73] [−38.61, −0.66] [−0.98, 0.11]

AI-assisted 18.72∗∗∗ 0.69∗∗∗ 0.17∗ 18.13∗∗ 13.97∗∗ 10.10 11.06∗ 19.16∗∗∗ 0.98∗∗∗ 22.93∗∗∗ 0.99∗∗∗
(5.81) (0.26) (0.09) (7.58) (6.68) (7.51) (6.45) (5.71) (0.24) (7.33) (0.19)

[7.26, 30.18] [0.19, 1.20] [−0.01, 0.34] [3.19, 33.07] [0.80, 27.13] [−4.70, 24.91] [−1.65, 23.77] [7.90, 30.42] [0.51, 1.44] [8.47, 37.39] [0.61, 1.37]

AI × outside 11.07 −0.35 0.00 −3.33 −1.45 18.05 12.24 6.54 0.02 3.22 −0.01
(11.40) (0.29) (0.22) (14.53) (13.24) (14.31) (12.67) (9.95) (0.43) (12.33) (0.34)

[−11.41, 33.55] [−0.91, 0.21] [−0.43, 0.44] [−31.98, 25.33] [−27.55, 24.64] [−10.16, 46.26] [−12.74, 37.22] [−13.09, 26.16] [−0.83, 0.86] [−21.10, 27.53] [−0.67, 0.66]

Observations 238 238 238 237 237 237 237 238 238 238 238
Mean outcome 76.47 0.41 0.17 54.01 27.85 43.46 24.05 17.23 2.64 61.76 2.84
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Horizontal controls: academic tier, coding years, an indicator for missing coding-experience
responses, and GPT familiarity (None/Some, Heavy, Missing). Non-undergraduates only. Panel B drops missing years/familiarity. Original Some/Heavy/Missing GPT coding is algebraically equivalent to the current
coding because no None responses occur; that duplicate fit is not repeated. Missing years use event-by-tier medians, with the overall median as fallback; outcomes are not imputed.
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Table S10: Horizontal specifications: complete covariates and assignment linkage (continued)

Comp.
rep.

Minor
errors

Major
errors

2+ appr.
checks

2+ qual.
checks

Human
approp.

Human
overall

(1) (2) (3) (4) (5) (6) (7)
Panel C. Linked assignments: additive
Outside discipline −8.54 −0.45∗∗ −0.09 7.51 4.44 −2.81 0.02

(7.66) (0.20) (0.16) (8.12) (8.40) (8.09) (0.33)
[−23.65, 6.57] [−0.85, −0.05] [−0.40, 0.21] [−8.51, 23.53] [−12.12, 21.00] [−18.76, 13.14] [−0.63, 0.66]

AI-assisted 21.02∗∗∗ 0.62∗∗∗ 0.18∗∗ 14.66∗∗ 14.87∗∗ 19.68∗∗∗ 0.99∗∗∗
(5.15) (0.19) (0.07) (5.98) (5.76) (4.67) (0.19)

[10.87, 31.17] [0.24, 1.01] [0.04, 0.32] [2.86, 26.46] [3.51, 26.23] [10.47, 28.89] [0.61, 1.37]

Observations 238 238 238 237 237 238 238
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel D. Linked assignments: interacted
Outside discipline −14.32∗ −0.34∗ −0.10 5.93 −2.24 −2.52 0.08

(8.64) (0.19) (0.12) (9.87) (9.68) (8.19) (0.40)
[−31.36, 2.72] [−0.73, 0.04] [−0.34, 0.14] [−13.54, 25.39] [−21.33, 16.86] [−18.66, 13.62] [−0.71, 0.86]

AI-assisted 17.34∗∗∗ 0.69∗∗∗ 0.17∗ 13.65∗∗ 10.60 19.87∗∗∗ 1.03∗∗∗
(5.74) (0.26) (0.09) (6.67) (6.45) (5.75) (0.23)

[6.02, 28.66] [0.18, 1.20] [0.00, 0.35] [0.50, 26.79] [−2.11, 23.32] [8.53, 31.20] [0.58, 1.47]

AI × outside 13.02 −0.24 0.02 3.57 15.06 −0.66 −0.13
(11.47) (0.30) (0.21) (13.68) (13.34) (10.12) (0.43)

[−9.59, 35.64] [−0.82, 0.34] [−0.40, 0.44] [−23.41, 30.55] [−11.25, 41.38] [−20.60, 19.29] [−0.97, 0.71]

Observations 238 238 238 237 237 238 238
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Horizontal controls: academic tier, coding years, an indicator for missing coding-experience
responses, and GPT familiarity (None/Some, Heavy, Missing). Non-undergraduates only. Assignment-linked models retain exact within-event email matches to saved assignment sheets (273 of 286 reports before model
exclusions); this sensitivity requires agreement with the saved treatment entry. Unmatched reports are not established violations. This post hoc documentation check is not an attrition correction. Missing years use
event-by-tier medians, with the overall median as fallback; outcomes are not imputed.
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Table S11: Event-by-paper fixed effects: current and available-PAP controls

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel A. Vertical: event-by-paper and home-discipline FE
Grad (vs undergrad) 21.73 −0.25 −0.06 12.70 11.50 −1.19 6.45 −2.76 1.01∗ 7.49 0.53

(15.88) (0.42) (0.09) (15.95) (10.18) (16.38) (9.82) (12.56) (0.55) (17.63) (0.52)
[−9.69, 53.14] [−1.07, 0.58] [−0.23, 0.11] [−18.86, 44.25] [−8.63, 31.64] [−33.59, 31.22] [−12.98, 25.88] [−27.60, 22.08] [−0.07, 2.10] [−27.38, 42.36] [−0.50, 1.56]

Researcher (vs undergrad) 22.77 −0.41 0.10 18.65 10.44 9.52 11.04 −0.76 0.64 15.98 0.64
(16.30) (0.41) (0.09) (17.65) (9.67) (17.09) (9.20) (13.11) (0.59) (17.64) (0.54)

[−9.48, 55.03] [−1.22, 0.40] [−0.08, 0.28] [−16.26, 53.56] [−8.69, 29.56] [−24.28, 43.32] [−7.16, 29.24] [−26.69, 25.17] [−0.52, 1.80] [−18.92, 50.88] [−0.43, 1.72]

AI-assisted 6.92 0.17 −0.12 23.98 11.56 19.97 9.29 25.68 0.82 15.88 0.73
(19.93) (0.46) (0.13) (20.00) (10.51) (19.90) (10.06) (16.32) (0.67) (18.86) (0.63)

[−32.50, 46.34] [−0.74, 1.07] [−0.37, 0.13] [−15.58, 63.53] [−9.24, 32.36] [−19.39, 59.33] [−10.60, 29.19] [−6.60, 57.95] [−0.50, 2.15] [−21.42, 53.18] [−0.53, 1.99]

AI × grad 8.75 0.68 0.31 −3.53 0.23 2.04 5.04 −6.97 −0.16 9.38 −0.01
(21.02) (0.66) (0.19) (22.69) (13.84) (22.42) (13.38) (18.20) (0.73) (21.79) (0.67)

[−32.83, 50.33] [−0.62, 1.99] [−0.07, 0.70] [−48.42, 41.37] [−27.15, 27.61] [−42.31, 46.40] [−21.43, 31.51] [−42.97, 29.03] [−1.61, 1.29] [−33.73, 52.49] [−1.34, 1.31]

AI × researcher 12.93 0.41 0.29 −9.27 2.32 −14.49 −0.59 −2.86 0.42 9.42 0.32
(22.78) (0.54) (0.18) (25.47) (15.29) (24.68) (15.11) (19.47) (0.81) (24.55) (0.76)

[−32.12, 57.98] [−0.66, 1.49] [−0.07, 0.65] [−59.65, 41.12] [−27.93, 32.57] [−63.31, 34.33] [−30.49, 29.31] [−41.38, 35.66] [−1.17, 2.02] [−39.15, 57.98] [−1.19, 1.83]

Observations 183 183 183 182 182 182 182 183 183 183 183
Mean outcome 69.40 0.52 0.10 46.15 21.43 37.91 19.23 16.94 2.45 57.92 2.77
Additional controls — — — — — — — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B. Horizontal: event-by-paper and home-discipline FE
Outside discipline −12.29 −0.20 −0.07 −23.15 5.57 −19.60 10.00 −4.58 0.14 −20.26 −0.06

(12.34) (0.32) (0.21) (14.50) (11.33) (14.87) (11.24) (10.48) (0.51) (14.07) (0.43)
[−36.67, 12.09] [−0.83, 0.43] [−0.48, 0.35] [−51.80, 5.50] [−16.82, 27.95] [−48.99, 9.78] [−12.21, 32.21] [−25.28, 16.11] [−0.88, 1.15] [−48.07, 7.54] [−0.91, 0.80]

AI-assisted 13.59∗∗ 0.66∗∗ 0.16∗ 11.25 9.07 5.89 6.31 19.55∗∗∗ 0.81∗∗∗ 16.58∗∗ 0.81∗∗∗
(6.65) (0.30) (0.10) (9.43) (7.97) (9.51) (8.08) (6.88) (0.29) (8.30) (0.21)

[0.46, 26.72] [0.06, 1.25] [−0.03, 0.35] [−7.38, 29.88] [−6.68, 24.83] [−12.90, 24.69] [−9.66, 22.27] [5.95, 33.14] [0.24, 1.38] [0.18, 32.98] [0.39, 1.23]

AI × outside 13.28 −0.40 −0.04 16.47 13.05 30.12 13.40 2.10 0.04 20.64 0.10
(14.79) (0.32) (0.19) (18.99) (12.42) (19.07) (12.55) (12.02) (0.51) (16.88) (0.47)

[−15.95, 42.50] [−1.02, 0.22] [−0.43, 0.34] [−21.04, 53.99] [−11.47, 37.58] [−7.55, 67.78] [−11.39, 38.18] [−21.64, 25.83] [−0.97, 1.05] [−12.71, 53.98] [−0.82, 1.02]

Observations 228 228 228 227 227 227 227 228 228 228 228
Mean outcome 76.75 0.44 0.17 53.74 26.43 43.61 23.35 17.11 2.63 60.96 2.82
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their
units. Tests are unadjusted unless stated. Fixed effects: event-by-paper cells and participant home discipline. Vertical has no covariates. Horizontal controls: academic tier, coding years, an indicator for missing
coding-experience responses, and GPT familiarity (None/Some, Heavy, Missing). Missing years use event-by-tier medians, with the overall median as fallback; outcomes are not imputed.
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Table S11: Event-by-paper fixed effects: current and available-PAP controls (continued)

Comp.
rep.

Minor
errors

Major
errors

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

Panel C. Vertical: event-by-paper FE and available controls
Grad (vs undergrad) 21.86 −0.24 −0.02 10.40 8.34 −2.33 4.68 −4.56 0.89 7.52 0.52

(15.33) (0.41) (0.09) (15.99) (10.59) (16.09) (10.23) (12.51) (0.56) (17.60) (0.53)
[−8.47, 52.18] [−1.05, 0.57] [−0.21, 0.16] [−21.23, 42.03] [−12.62, 29.30] [−34.16, 29.49] [−15.55, 24.92] [−29.30, 20.18] [−0.21, 1.99] [−27.30, 42.34] [−0.53, 1.57]

Researcher (vs undergrad) 22.39 −0.32 0.20 13.25 3.67 7.04 7.90 −5.83 0.25 15.79 0.61
(16.72) (0.40) (0.13) (19.71) (11.10) (18.91) (10.66) (14.13) (0.64) (19.38) (0.60)

[−10.69, 55.46] [−1.11, 0.47] [−0.06, 0.46] [−25.75, 52.24] [−18.30, 25.64] [−30.37, 44.44] [−13.18, 28.99] [−33.79, 22.13] [−1.02, 1.51] [−22.54, 54.12] [−0.59, 1.81]

AI-assisted 6.47 0.10 −0.12 29.84 19.41∗ 22.85 16.06 24.14 0.83 12.07 0.62
(19.20) (0.44) (0.12) (19.43) (11.69) (18.75) (11.06) (15.72) (0.64) (18.66) (0.64)

[−31.52, 44.46] [−0.77, 0.97] [−0.36, 0.11] [−8.60, 68.29] [−3.71, 42.54] [−14.25, 59.94] [−5.81, 37.94] [−6.95, 55.24] [−0.45, 2.10] [−24.85, 48.99] [−0.64, 1.88]

AI × grad 7.77 0.82 0.31∗ −8.67 −7.11 −1.25 −1.43 −6.48 −0.14 14.38 0.15
(20.01) (0.68) (0.18) (22.26) (14.83) (21.38) (14.20) (17.58) (0.70) (21.70) (0.68)

[−31.81, 47.36] [−0.52, 2.17] [−0.05, 0.67] [−52.71, 35.36] [−36.44, 22.22] [−43.56, 41.05] [−29.52, 26.66] [−41.26, 28.30] [−1.53, 1.25] [−28.54, 57.31] [−1.19, 1.50]

AI × researcher 14.28 0.42 0.32∗ −18.58 −12.03 −18.47 −11.95 −1.73 0.40 14.76 0.46
(22.37) (0.52) (0.18) (25.07) (16.40) (24.10) (16.27) (19.62) (0.78) (24.62) (0.75)

[−29.97, 58.53] [−0.60, 1.45] [−0.03, 0.67] [−68.18, 31.03] [−44.47, 20.41] [−66.15, 29.20] [−44.15, 20.24] [−40.55, 37.09] [−1.15, 1.94] [−33.95, 63.46] [−1.02, 1.94]

Observations 183 183 183 182 182 182 182 183 183 183 183
Mean outcome 69.40 0.52 0.10 46.15 21.43 37.91 19.23 16.94 2.45 57.92 2.77
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel D. Horizontal: event-by-paper FE and available controls
Outside discipline −11.55 −0.01 −0.08 −17.60 7.20 −17.75 11.34 −5.52 −0.06 −19.47 −0.15

(12.12) (0.26) (0.15) (14.68) (10.17) (15.27) (10.82) (8.93) (0.46) (12.78) (0.40)
[−35.49, 12.40] [−0.52, 0.49] [−0.39, 0.22] [−46.60, 11.39] [−12.89, 27.30] [−47.92, 12.41] [−10.04, 32.72] [−23.16, 12.12] [−0.97, 0.86] [−44.71, 5.77] [−0.93, 0.64]

AI-assisted 14.10∗∗ 0.67∗∗ 0.19∗ 11.15 8.41 5.76 6.01 19.34∗∗∗ 0.84∗∗∗ 16.34∗∗ 0.79∗∗∗
(6.56) (0.30) (0.10) (9.31) (7.92) (9.40) (7.99) (6.77) (0.28) (8.13) (0.21)

[1.14, 27.05] [0.07, 1.27] [0.00, 0.38] [−7.23, 29.53] [−7.23, 24.06] [−12.81, 24.34] [−9.78, 21.79] [5.98, 32.70] [0.28, 1.40] [0.29, 32.39] [0.37, 1.20]

AI × outside 17.43 −0.42 0.01 17.00 13.84 30.43 14.34 0.25 0.03 20.52 0.11
(15.36) (0.33) (0.21) (18.39) (12.55) (18.40) (12.59) (11.74) (0.54) (15.91) (0.45)

[−12.91, 47.76] [−1.06, 0.23] [−0.40, 0.43] [−19.32, 53.32] [−10.95, 38.63] [−5.92, 66.79] [−10.52, 39.20] [−22.94, 23.44] [−1.04, 1.09] [−10.90, 51.94] [−0.79, 1.01]

Observations 228 228 228 227 227 227 227 228 228 228 228
Mean outcome 76.75 0.44 0.17 53.74 26.43 43.61 23.35 17.11 2.63 60.96 2.82
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event-by-paper cells only. Both panels include coding years, missing years, and original GPT categories; horizontal also includes tier. The written PAP gives conflicting
FE descriptions. Preferred software and the exact event-by-software branch remain unavailable. Missing years use event-by-tier medians, with the overall median as fallback; outcomes are not imputed.
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Table S12: Sensitivity to baseline software proficiency controls

Reproduction
(pp)

Minor
errors

Major
errors

Two approved
proposals (pp)

Two qualifying
checks (pp)

Appropriate
report (pp)

Overall
report score

A. Within-field assignments: average AI effect

Baseline
13.67∗∗
(5.68)

0.57∗∗∗
(0.22)

0.14∗∗
(0.07)

15.60∗∗∗
(5.25)

12.43∗∗
(5.12)

19.11∗∗∗
(5.09)

0.92∗∗∗
(0.22)

Software-adjusted
14.42∗∗
(5.81)

0.51∗∗
(0.21)

0.15∗∗
(0.06)

12.75∗∗
(5.47)

9.28∗
(5.38)

18.36∗∗∗
(5.18)

1.00∗∗∗
(0.23)

Observations (both models) 202 202 202 201 201 202 202

B. Within-field assignments: AI × graduate

Baseline
27.21
(17.62)

0.65
(0.53)

0.19
(0.14)

−1.15
(12.43)

0.31
(11.62)

−1.65
(14.74)

−0.03
(0.62)

Software-adjusted
28.14
(17.55)

0.56
(0.55)

0.10
(0.14)

0.61
(13.34)

−0.15
(12.08)

1.15
(15.68)

0.14
(0.65)

Observations (both models) 202 202 202 201 201 202 202

C. Within-field assignments: AI × professor/researcher

Baseline
26.95
(18.54)

0.21
(0.41)

0.28∗
(0.16)

−6.31
(13.28)

−9.63
(12.80)

−2.63
(16.07)

0.18
(0.62)

Software-adjusted
30.83∗
(17.89)

0.28
(0.51)

0.19
(0.15)

−13.86
(14.06)

−16.07
(13.92)

−0.24
(16.32)

0.24
(0.62)

Observations (both models) 202 202 202 201 201 202 202

D. Graduate and senior researchers: average AI effect

Baseline
21.07∗∗∗
(4.90)

0.58∗∗∗
(0.18)

0.16∗∗
(0.07)

14.19∗∗
(5.64)

15.14∗∗∗
(5.38)

20.07∗∗∗
(4.60)

0.93∗∗∗
(0.19)

Software-adjusted
19.17∗∗∗
(5.00)

0.58∗∗∗
(0.20)

0.16∗∗
(0.07)

10.79∗
(5.67)

11.45∗∗
(5.39)

18.22∗∗∗
(4.69)

0.92∗∗∗
(0.21)

Observations (both models) 249 249 249 248 248 249 249

E. Graduate and senior researchers: AI × outside field

Baseline
8.90

(10.80)
−0.30
(0.28)

−0.02
(0.20)

0.73
(12.51)

13.53
(12.05)

2.65
(9.82)

−0.01
(0.40)

Software-adjusted
6.94

(11.39)
−0.31
(0.30)

−0.03
(0.20)

3.44
(12.21)

18.66
(11.86)

2.92
(10.37)

−0.02
(0.44)

Observations (both models) 249 249 249 248 248 249 249

Notes: Each adjusted model adds categorical baseline proficiency in R, Stata, Python, and Matlab to the corresponding main-table specification. Categories are never used, beginner, intermediate, advanced, and missing;
collinear indicators are absorbed where necessary. Missing responses are retained as a category. Baseline and adjusted models use identical observations. Panels A and D report additive AI effects; Panels B and C report
differences in AI effects relative to undergraduates; Panel E reports the outside-field interaction. Models retain separate event, article, and participant-discipline fixed effects. Horizontal models also retain rank, coding
years, a missing-years indicator, and prior GPT familiarity. Binary effects are percentage points. Parentheses contain robust standard errors; ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. This exploratory check controls for
baseline proficiency, not preferred software or software used during the task.
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Count-model, binary-link, and missing-outcome sensitivity

Table S13 reports average discrete AI effects in error-count units for the PAP count-model branch, alongside OLS on
the same retained samples. Five of eight models validate against an independent implementation. The two vertical
major-error fits and the PAP-cell horizontal major-error fit have unstable estimates or inference; their inferential entries
are withheld. Table S14 retains every model’s sample and dispersion diagnostics and the triggered negative-binomial
checks.

We attempted 56 binary fixed-effect probit models. Twenty-three pass independent dummy-GLM and numerical
checks; 32 exhibit separation, including every current vertical fit. One non-separated reproduction model fails
independent numerical validation and is omitted from inference. Separation is checked on the full dummy design
using two independent linear-programming solvers. Table S15 reports every attempted model and its sample retention;
separated coefficients are not treated as valid estimates. The four count/score outcomes are not re-estimated as binary
models.

Table S16 compares average AI probability effects from original-sample OLS, OLS on the probit-retained rows,
and probit on those same rows. It also separates the probit product coefficient from the derivative of the AI probability
contrast with respect to coding years. The latter retains negative moderation for the four robustness outcomes, while
reproduction and human appropriateness remain imprecise. These are functional-form checks, not a solution to
incidental-parameter bias or an estimate for excluded registrants.

Table S17 reports sensitivity to the one unavailable robustness submission. OLS linearity permits exact point-
estimate bounds by assigning its binary outcomes zero or one. All additive AI effects remain positive throughout
these ranges. Referee-report outcomes are now fully observed, so their displayed ranges collapse to a single estimate.
These bounds describe outcome availability, not uncertainty from sampling or nonparticipation.
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Table S13: Poisson effects in error-count units

A. Within-discipline assignments
Current FE

Minor
Current FE

Major
PAP cells

Minor
PAP cells

Major

Poisson

AI gain: undergraduate
0.30
(0.58) —

0.64
(1.25) —

AI gain: graduate
1.05∗∗
(0.50) —

1.80
(1.38) —

AI gain: professor/researcher
0.55∗∗∗
(0.21) —

1.29
(0.83) —

Graduate minus undergraduate
0.75
(0.80) —

1.16
(1.93) —

Researcher minus undergraduate
0.25
(0.64) —

0.65
(1.66) —

OLS same sample

AI gain: undergraduate
0.26
(0.40) —

0.45
(0.87) —

AI gain: graduate
0.92∗∗
(0.44) —

1.31
(0.82) —

AI gain: professor/researcher
0.52∗∗
(0.25) —

1.03∗∗
(0.44) —

Graduate minus undergraduate
0.66
(0.57) —

0.86
(1.18) —

Researcher minus undergraduate
0.26
(0.46) —

0.58
(0.97) —

Poisson observations 172 107 106 65
Poisson inference validated Yes No Yes No

Notes: AI gains are average predicted changes in error counts when AI access switches from zero to one. Each group is standardized to the same covariate
and fixed-effect distribution of the retained sample. Difference rows subtract these group-specific gains; they are not log-link interaction coefficients. OLS is
re-estimated with the same specification on the Poisson-retained observations. Parentheses contain robust delta-method standard errors. Stars use unadjusted
tests: ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Current FE enter event, article, and home discipline separately; PAP-cell specifications and controls are documented
in Table S14. Three Poisson fits fail validation; their inference is withheld, and their sample sizes remain visible.
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Table S13: Poisson effects in error-count units (continued)

B. Graduate and senior researchers
Current FE

Minor
Current FE

Major
PAP cells

Minor
PAP cells

Major

Poisson

AI gain: inside discipline
1.04∗∗∗
(0.36)

1.87
(1.59)

1.65∗
(0.96) —

AI gain: outside discipline
0.34∗
(0.17)

0.28∗
(0.15)

0.50∗
(0.29) —

Outside minus inside
−0.70∗
(0.39)

−1.60
(1.58)

−1.15
(1.09) —

OLS same sample

AI gain: inside discipline
0.75∗∗
(0.29)

0.28∗∗
(0.14)

1.11∗∗
(0.52) —

AI gain: outside discipline
0.57∗∗∗
(0.21)

0.34
(0.25)

1.19∗
(0.69) —

Outside minus inside
−0.18
(0.34)

0.06
(0.29)

0.08
(0.78) —

Poisson observations 199 154 112 82
Poisson inference validated Yes Yes Yes No

Notes: AI gains are average predicted changes in error counts when AI access switches from zero to one. Each group is standardized to the same covariate
and fixed-effect distribution of the retained sample. Difference rows subtract these group-specific gains; they are not log-link interaction coefficients. OLS is
re-estimated with the same specification on the Poisson-retained observations. Parentheses contain robust delta-method standard errors. Stars use unadjusted
tests: ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Current FE enter event, article, and home discipline separately; PAP-cell specifications and controls are documented
in Table S14. Three Poisson fits fail validation; their inference is withheld, and their sample sizes remain visible.
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Table S14: Count-model diagnostics and triggered negative-binomial checks

Panel A. Poisson dispersion and sample retention
Outcome / model Eligible N Poisson N Residual df Deviance/df Pearson/df NB triggered
Minor errors / Current FE, vertical 203 172 150 1.06 1.68 No
Minor errors / Current FE, horizontal 249 199 170 1.01 1.61 No
Minor errors / PAP cells, vertical 203 106 75 1.70 1.91 Yes
Minor errors / PAP cells, horizontal 249 112 76 1.53 1.79 Yes
Major errors / Current FE, vertical 203 107 87 0.69 1.14 No
Major errors / Current FE, horizontal 249 154 127 0.76 1.51 No
Major errors / PAP cells, vertical 203 65 46 0.46 0.88 No
Major errors / PAP cells, horizontal 249 82 55 1.10 1.58 No

Panel B. Negative-binomial effects in minor-error counts
Vertical comparison NB OLS Horizontal comparison NB OLS

AI gain: undergraduate
1.36
(1.37)

0.45
(0.87) AI gain: inside discipline

1.39∗
(0.74)

1.11∗∗
(0.52)

AI gain: graduate
1.59
(1.17)

1.31
(0.82) AI gain: outside discipline

0.61∗
(0.37)

1.19∗
(0.69)

AI gain: professor/researcher
1.35∗
(0.78)

1.03∗∗
(0.44) Outside minus inside

−0.78
(0.90)

0.08
(0.78)

Graduate minus undergraduate
0.23
(1.77)

0.86
(1.18)

Researcher minus undergraduate
−0.01
(1.65)

0.58
(0.97)

Observations 106 106 Observations 112 112

Notes: The post-PAP numerical NB trigger is deviance/df > 1.5; Pearson dispersion can differ. Poisson removes all-zero FE groups. Current FE are separate event, paper, and home discipline; PAP cells are
event-by-paper only. Current vertical omits controls; Horizontal controls: academic tier, coding years, an indicator for missing coding-experience responses, and GPT familiarity (None/Some, Heavy, Missing). PAP
models use coding years, missing years, original GPT categories, and tier for horizontal. Both NB fits converge on Poisson-retained rows; Entries are average discrete AI effects in error-count units, standardized to the
retained sample as in Table S13, with robust delta-method SEs in parentheses. Difference rows compare these effects. OLS uses the same retained sample. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. The PAP-cell horizontal
major-error Poisson covariance required repair; its inference is not treated as reliable. These diagnostics do not replace OLS.
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Table S15: Probit feasibility and sample retention

Comp.
rep.

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

AI
approp.

(1) (2) (3) (4) (5) (6) (7)

Vertical, additive
176/202

S
197/201

S
164/201

S
197/201

S
164/201

S
154/202

S
192/202

S

Vertical, interacted
176/202

S
197/201

S
164/201

S
197/201

S
164/201

S
154/202

S
192/202

S

Horizontal, additive
228/249

F
248/248

S
218/248

S
244/248

S
218/248

S
208/249

F
245/249

F

Horizontal, interacted
228/249

F
248/248

S
218/248

S
244/248

S
218/248

S
208/249

F
245/249

F

Coding years, additive
263/286

F
285/285

F
246/285

F
281/285

F
246/285

F
244/286

F
281/286

F

Coding years, interacted
263/286

F
285/285

F
246/285

F
281/285

F
246/285

F
244/286

F
281/286

F

PAP cells, vertical
114/183

F
134/182

S
99/182

S
140/182

S
86/182

S
84/183

S
139/183

S

PAP cells, horizontal
111/228

N
170/227

S
136/227

S
178/227

S
130/227

S
97/228

F
141/228

F

Notes: Cells report probit N / corresponding OLS N. F = finite and independently validated; S = separation after FE removal. Of 56 fits, 23 are F, 32 are S, and 1 is N. All 14 current vertical fits separate. N marks failed
independent numerical validation despite no retained-design separation; no inference is reported for that fit. Probit removes all-zero/all-one FE groups recursively; OLS removes FE singletons under the saved policy.
Different Ns therefore reflect estimator retention, not new grades. Separate event, paper, and home-discipline FE apply except for PAP event-by-paper models. Available-PAP controls cannot restore unobserved preferred
software. Independent dummy-GLM checks validate all finite estimates; two linear-programming solvers agree on every separation classification. Finite estimates can still face incidental-parameter bias.
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Table S16: Probability-scale AI effects and coding-years moderation

Panel A. Average AI probability effect Panel B. Moderation per five coding years
OLS

original
OLS

same rows
Probit

same rows
OLS

product
Probit

product
Probit

derivative
(1) (2) (3) (4) (5) (6)

Comp. rep. 17.08 17.63 17.75∗∗∗ 0.49 0.03 0.45
(4.84) (5.10) (5.19) (4.72) (0.21) (4.70)

[7.60, 26.56] [7.63, 27.63] [7.58, 27.91] [−8.80, 9.78] [−0.37, 0.44] [−8.77, 9.66]

N 286 263 263 286 263 263
1+ appr. checks 18.46 18.46 18.21∗∗∗ −10.49∗∗ −0.33∗∗ −10.07∗∗

(5.68) (5.68) (5.74) (5.14) (0.16) (4.54)
[7.34, 29.58] [7.34, 29.58] [6.96, 29.47] [−20.61, −0.37] [−0.64, −0.02] [−18.97, −1.16]

N 285 285 285 285 285 285
2+ appr. checks 15.21 17.91 17.45∗∗∗ −9.32∗∗ −0.48∗∗∗ −10.72∗∗

(4.82) (5.55) (5.49) (3.89) (0.17) (4.20)
[5.76, 24.66] [7.02, 28.79] [6.69, 28.22] [−16.98, −1.66] [−0.82, −0.14] [−18.95, −2.49]

N 285 246 246 285 246 246
1+ qual. checks 18.39 18.67 17.89∗∗∗ −11.23∗∗ −0.37∗∗ −10.68∗∗∗

(5.61) (5.66) (5.79) (4.66) (0.15) (4.14)
[7.40, 29.38] [7.57, 29.77] [6.55, 29.24] [−20.40, −2.06] [−0.66, −0.09] [−18.80, −2.56]

N 285 281 281 285 281 281
2+ qual. checks 16.11 18.75 17.85∗∗∗ −9.36∗∗∗ −0.55∗∗∗ −11.42∗∗∗

(4.59) (5.28) (5.27) (3.56) (0.18) (4.10)
[7.11, 25.11] [8.40, 29.09] [7.53, 28.18] [−16.38, −2.35] [−0.90, −0.19] [−19.45, −3.39]

N 285 246 246 285 246 246
Human approp. 18.25 21.99 22.92∗∗∗ −5.37 −0.28 −6.15

(4.22) (5.05) (5.02) (3.56) (0.19) (4.10)
[9.98, 26.53] [12.08, 31.89] [13.08, 32.76] [−12.38, 1.64] [−0.64, 0.09] [−14.18, 1.88]

N 286 244 244 286 244 244
AI approp. 22.88 22.90 22.12∗∗∗ −8.31∗ −0.29∗ −8.01∗

(5.50) (5.53) (5.69) (4.93) (0.17) (4.38)
[12.10, 33.65] [12.06, 33.74] [10.97, 33.27] [−18.02, 1.40] [−0.62, 0.05] [−16.59, 0.56]

N 286 281 281 286 281 281

Notes: All columns use the pooled interacted coding-years specification. Only outcomes with finite, independently validated probit estimates appear; feasibility for all attempted fits is reported separately. Panel A
averages the predicted probability change when AI switches 0 to 1, holding each report's other covariates/FE fixed. OLS original versus same rows isolates sample retention; same-row OLS versus probit isolates
functional form. Panel B shows the OLS product, probit latent-index product, and average derivative of the AI probability contrast per five years. All effects are percentage points except column 5 (latent index). SEs and
95% CIs are below estimates; OLS average-effect CIs use normal critical values. Probit uses full dummy-model Robust covariance, including FE uncertainty, and a checked delta-method gradient. Stars are unadjusted
(∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01); Panel A stars apply only to probit. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Controls: tier, discipline match, and missing years;
Years are centered at seven and divided by five. AI-assisted is evaluated at seven coding years.
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Table S16: Probability-scale AI effects and coding-years moderation (continued)

OLS
original sample

OLS
probit sample

Probit
probit sample

(1) (2) (3)
Panel C. Current horizontal
Comp. rep. 21.35 22.56 23.32∗∗∗

(4.97) (5.24) (5.48)
[11.61, 31.09] [12.28, 32.84] [12.59, 34.05]

N 249 228 228
Human approp. 20.16 23.55 26.02∗∗∗

(4.60) (5.47) (5.50)
[11.15, 29.17] [12.82, 34.28] [15.23, 36.80]

N 249 208 208
AI approp. 23.03 22.91 22.95∗∗∗

(5.97) (6.00) (5.78)
[11.33, 34.74] [11.15, 34.67] [11.62, 34.27]

N 249 245 245

Panel D. Available-PAP vertical
Comp. rep. 15.51 22.70 23.55∗∗∗

(6.92) (9.52) (8.73)
[1.96, 29.07] [4.05, 41.36] [6.45, 40.66]

N 183 114 114

Panel E. Available-PAP horizontal
Human approp. 19.42 43.16 43.99∗∗∗

(5.84) (11.90) (10.56)
[7.97, 30.87] [19.83, 66.49] [23.30, 64.68]

N 228 97 97
AI approp. 22.73 38.02 35.95∗∗∗

(6.72) (10.82) (9.81)
[9.56, 35.90] [16.81, 59.23] [16.73, 55.17]

N 228 141 141

Notes: Average AI probability changes in percentage points; robust SEs and 95% normal CIs. Same-row OLS and probit use identical retained reports and averaging populations. Full dummy-model Robust covariance
includes FE uncertainty. Stars apply only to probit and are unadjusted (∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01). Current horizontal FE: event, paper, and home discipline separately; available-PAP FE: event-by-paper only.
Horizontal controls include tier, coding years, missing years, and GPT familiarity; available-PAP vertical omits the tier control because tier and its interactions are reported. Vertical uses within-discipline assignments;
horizontal excludes undergraduates. This compares functional form and retention, not outcomes for excluded registrants.
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Table S17: One unavailable robustness submission: coefficient bounds

1+ appr.
checks

2+ appr.
checks

1+ qual.
checks

2+ qual.
checks

Human
approp.

Human
overall

(1) (2) (3) (4) (5) (6)
Panel A. Additive AI effects
Vertical 21.92 15.60 17.12 12.43 19.11 0.92
Completion range [21.59, 22.33] [15.47, 16.21] [16.85, 17.59] [12.34, 13.08] [19.11, 19.11] [0.92, 0.92]
Unavailable outcomes 1 1 1 1 0 0
Observed / completed N 201 / 202 201 / 202 201 / 202 201 / 202 202 / 202 202 / 202

Horizontal 18.89 14.19 17.38 15.14 20.07 0.93
Completion range [18.55, 19.46] [14.09, 15.00] [17.10, 18.01] [15.05, 15.97] [20.07, 20.07] [0.93, 0.93]
Unavailable outcomes 1 1 1 1 0 0
Observed / completed N 248 / 249 248 / 249 248 / 249 248 / 249 249 / 249 249 / 249

Pooled coding years 18.50 15.25 18.44 16.15 18.26 0.91
Completion range [18.29, 18.80] [15.16, 15.67] [18.25, 18.76] [16.06, 16.57] [18.26, 18.26] [0.91, 0.91]
Unavailable outcomes 1 1 1 1 0 0
Observed / completed N 285 / 286 285 / 286 285 / 286 285 / 286 286 / 286 286 / 286

Panel B. Treatment interactions
Vertical: AI × grad 3.08 -1.15 -0.30 0.31 -1.65 -0.03
Completion range [2.88, 3.38] [−1.22,−0.72] [−0.44, 0.06] [0.27, 0.77] [−1.65,−1.65] [−0.03,−0.03]
Vertical: AI × researcher -16.20 -6.31 -25.77 -9.63 -2.63 0.18
Completion range [−17.49,−14.21] [−6.81,−3.53] [−26.71,−23.43] [−9.94,−6.67] [−2.63,−2.63] [0.18, 0.18]
Horizontal: AI × outside -0.85 0.73 16.89 13.53 2.65 -0.01
Completion range [−1.37,−0.54] [−0.02, 0.82] [16.30, 17.13] [12.76, 13.60] [2.65, 2.65] [−0.01,−0.01]

Pooled: AI × coding years -10.49 -9.32 -11.23 -9.36 -5.37 -0.24
Completion range [−10.70,−10.31] [−9.63,−9.24] [−11.46,−11.07] [−9.68,−9.29] [−5.37,−5.37] [−0.24,−0.24]

Notes: First lines give observed-data coefficients; brackets give exact point-estimate bounds, not confidence intervals. One AI-assisted participant’s robustness submission is unavailable. Assigning each unknown binary
robustness outcome 0 or 1 gives the displayed ranges, conditional on the covariates and sample. All submitted referee reports have grades, so their ranges collapse to the observed estimates. Binary coefficients are
percentage points; the overall score retains its 0–5 units. Panel B coding years are per five years. All additive bounds remain positive. Fixed effects are event, paper, and participant discipline separately. Vertical models
omit covariates; horizontal models control for tier, coding years, missing years, and GPT familiarity. Pooled coding-years models retain tier, discipline match, and additive missing years. No outcome is imputed in the
main analysis.
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Table S18: Multiplicity checks for component interactions

Outcome Interaction Unadjusted 𝑝 Holm 𝑝 BH 𝑞

A. Vertical expertise: 14 interactions
Reproduction Graduate 0.124 1.000 0.559
Reproduction Professor/researcher 0.148 1.000 0.559
Minor errors Graduate 0.227 1.000 0.636
Minor errors Professor/researcher 0.603 1.000 0.979
Major errors Graduate 0.160 1.000 0.559
Major errors Professor/researcher 0.084 1.000 0.559
Two approved proposals Graduate 0.926 1.000 0.979
Two approved proposals Professor/researcher 0.635 1.000 0.979
Two approved + numerical result Graduate 0.979 1.000 0.979
Two approved + numerical result Professor/researcher 0.453 1.000 0.979
Appropriate report Graduate 0.911 1.000 0.979
Appropriate report Professor/researcher 0.870 1.000 0.979
Overall report score Graduate 0.955 1.000 0.979
Overall report score Professor/researcher 0.768 1.000 0.979

B. Horizontal expertise: 7 interactions
Reproduction Outside discipline 0.411 1.000 0.959
Minor errors Outside discipline 0.292 1.000 0.959
Major errors Outside discipline 0.938 1.000 0.979
Two approved proposals Outside discipline 0.953 1.000 0.979
Two approved + numerical result Outside discipline 0.263 1.000 0.959
Appropriate report Outside discipline 0.787 1.000 0.979
Overall report score Outside discipline 0.979 1.000 0.979

Notes: Each row tests an AI-by-expertise interaction for one original outcome. Panel A adjusts jointly across both career contrasts and all seven
outcomes (14 tests); Panel B adjusts across seven discipline-match interactions. Holm controls familywise error and BH denotes the Benjamini–Hochberg
false-discovery adjustment. Adjusting instead across all 21 interactions also yields no rejections at 5%.
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SI5. Additional outcomes and computational timing
Additional measures unpack the main tasks and show progress during the workday.

Table S19: Coding outcomes: false positives, false negatives, and workflow stages

False
positives

False
negatives

Pre-reg.
errors

Regression
errors

Post-reg.
errors

(1) (2) (3) (4) (5)
Panel A. Vertical: within-discipline assignments
Grad (vs undergrad) 0.98 0.04 −0.03 −0.12 −0.01

(1.19) (0.27) (0.23) (0.08) (0.13)
[−1.35, 3.31] [−0.48, 0.57] [−0.48, 0.41] [−0.26, 0.03] [−0.25, 0.24]

Researcher (vs undergrad) 0.26 0.12 −0.06 −0.03 −0.04
(0.56) (0.26) (0.22) (0.08) (0.11)

[−0.85, 1.37] [−0.38, 0.62] [−0.50, 0.38] [−0.18, 0.12] [−0.25, 0.17]

AI-assisted 0.10 −0.21 −0.10 −0.02 0.28
(0.68) (0.32) (0.27) (0.08) (0.18)

[−1.23, 1.44] [−0.83, 0.41] [−0.62, 0.42] [−0.18, 0.14] [−0.08, 0.64]

AI × grad −0.77 −0.59 0.59 0.05 0.20
(1.37) (0.47) (0.38) (0.09) (0.30)

[−3.45, 1.92] [−1.51, 0.33] [−0.16, 1.34] [−0.13, 0.23] [−0.39, 0.78]

AI × researcher 0.92 −0.47 0.51∗ 0.10 −0.11
(1.13) (0.42) (0.30) (0.11) (0.25)

[−1.30, 3.13] [−1.28, 0.35] [−0.09, 1.11] [−0.13, 0.32] [−0.60, 0.38]

Observations 202 202 202 202 202
Mean outcome 1.28 7.13 0.30 0.05 0.25
Additional controls — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓

Panel B. Horizontal: non-undergraduate assignments
Outside discipline −0.81 0.30 −0.25∗∗ 0.00 −0.11

(0.61) (0.18) (0.12) (0.09) (0.12)
[−2.00, 0.39] [−0.06, 0.66] [−0.48, −0.02] [−0.17, 0.17] [−0.34, 0.12]

AI-assisted 0.10 −0.76∗∗∗ 0.46∗∗ 0.03 0.36∗∗∗
(0.52) (0.22) (0.19) (0.05) (0.13)

[−0.91, 1.11] [−1.19, −0.33] [0.09, 0.83] [−0.06, 0.12] [0.10, 0.62]

AI × outside 0.17 0.38 −0.26 0.17 −0.23
(0.70) (0.30) (0.22) (0.15) (0.17)

[−1.21, 1.55] [−0.20, 0.97] [−0.69, 0.17] [−0.13, 0.47] [−0.57, 0.12]

Observations 249 249 249 249 249
Mean outcome 1.23 5.99 0.27 0.11 0.21
Additional controls ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are
in percentage points; counts and 0–5 scores retain their units. Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home
discipline, entered separately. Horizontal controls: academic tier, coding years, an indicator for missing coding-experience responses, and GPT familiarity
(None/Some, Heavy, Missing). Vertical models have no covariates. False positives are unsupported claims; false negatives are known true-error groups not
detected. Stage counts classify true errors by pre-regression, regression, and post-regression work.
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Counting unique defects within participant and severity preserves the positive average error-discovery effects and
the four positive career-stage error interactions (Table S20). This check collapses repeated records linked to the same
defect without changing their classifications.
Table S20: Error discoveries counting records or unique defects

A. Within-discipline assignments
Minor

Records
Minor

Unique defects
Major

Records
Major

Unique defects

Average AI effect
0.57∗∗∗
(0.22)

0.51∗∗∗
(0.18)

0.14∗∗
(0.07)

0.14∗∗
(0.06)

AI effect: reference group
0.21
(0.35)

0.27
(0.30)

−0.05
(0.10)

−0.05
(0.09)

AI × graduate
0.65
(0.53)

0.42
(0.45)

0.19
(0.14)

0.18
(0.13)

AI × professor/researcher
0.21
(0.41)

0.17
(0.37)

0.28∗
(0.16)

0.30∗∗
(0.15)

B. Graduate and senior researchers
Minor

Records
Minor

Unique defects
Major

Records
Major

Unique defects

Average AI effect
0.58∗∗∗
(0.18)

0.50∗∗∗
(0.15)

0.16∗∗
(0.07)

0.14∗∗
(0.05)

AI effect: reference group
0.67∗∗∗
(0.25)

0.59∗∗∗
(0.21)

0.17∗
(0.09)

0.17∗∗
(0.07)

AI × outside discipline
−0.30
(0.28)

−0.27
(0.24)

−0.02
(0.20)

−0.11
(0.16)

Notes: Records reproduce the main outcome definition. Unique defects count distinct adjudicated defect-group identifiers within participant and severity;
classifications are not reassigned. Across the 286 reports, minor counts fall from 119 to 110 and major counts from 42 to 35, affecting five and four
participants respectively. Every accepted record maps to an existing defect group. Additive models supply the average-effect row; the remaining rows come
from interacted models. The reference is undergraduate in Panel A and within-discipline in Panel B. Samples, covariates, and fixed effects are unchanged
from the corresponding main models. Parentheses contain robust standard errors; stars use unadjusted conventional thresholds.
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Table S21: Robustness checks: individual expert criteria

Clear Feasible Novel Valid
(1) (2) (3) (4)

Panel A. Vertical: within-discipline assignments
Grad (vs undergrad) 17.41 38.69∗∗∗ 11.92 25.09∗

(14.90) (13.70) (16.44) (14.96)
[−11.80, 46.62] [11.83, 65.55] [−20.31, 44.15] [−4.23, 54.42]

Researcher (vs undergrad) 24.16 42.09∗∗∗ 20.40 25.51
(15.56) (13.93) (16.56) (15.61)

[−6.34, 54.66] [14.80, 69.39] [−12.06, 52.86] [−5.10, 56.11]

AI-assisted 9.17 44.92∗∗∗ 18.03 18.48
(16.94) (16.93) (18.59) (17.02)

[−24.04, 42.38] [11.73, 78.11] [−18.40, 54.47] [−14.87, 51.84]

AI × grad 17.13 −16.48 13.21 −0.44
(19.36) (19.15) (21.22) (19.40)

[−20.82, 55.08] [−54.02, 21.05] [−28.39, 54.81] [−38.47, 37.59]

AI × researcher 1.77 −17.08 9.46 −6.27
(20.66) (19.54) (21.63) (20.38)

[−38.72, 42.27] [−55.37, 21.22] [−32.94, 51.86] [−46.21, 33.67]

Observations 201 201 201 201
Mean outcome 66.17 71.14 63.18 68.66
Additional controls — — — —
Fixed effects ✓ ✓ ✓ ✓

Panel B. Horizontal: non-undergraduate assignments
Outside discipline 3.43 −7.22 −8.22 −8.72

(9.36) (8.73) (9.08) (10.30)
[−14.92, 21.77] [−24.34, 9.89] [−26.02, 9.59] [−28.91, 11.47]

AI-assisted 17.41∗∗ 27.07∗∗∗ 28.95∗∗∗ 15.60∗∗
(7.16) (6.18) (6.84) (6.81)

[3.38, 31.43] [14.94, 39.19] [15.53, 42.36] [2.26, 28.94]

AI × outside 2.62 −7.63 −20.55∗ 7.37
(12.71) (10.93) (12.11) (12.20)

[−22.28, 27.53] [−29.05, 13.79] [−44.28, 3.18] [−16.53, 31.28]

Observations 248 248 248 248
Mean outcome 70.97 78.23 69.76 73.39
Additional controls ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are
in percentage points; counts and 0–5 scores retain their units. Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home
discipline, entered separately. Horizontal controls: academic tier, coding years, an indicator for missing coding-experience responses, and GPT familiarity
(None/Some, Heavy, Missing). Vertical models have no covariates. Each outcome indicates at least one proposal satisfying the named binary criterion. These are
distinct from the joint all-four-criteria approval rule. Unknown expert grades remain missing; the earlier criterion-level export had incorrectly coded these reports
as zero. Reports with no submitted checks retain their rubric zero.
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Table S22: Referee outcomes: human components and local AI assessments

Summary
accuracy

Literature
placement

Weakness
diagnosis

Actionable
recomm.

Clarity
and style

AI
approp.

AI
overall

(1) (2) (3) (4) (5) (6) (7)
Panel A. Vertical: within-discipline assignments
Grad (vs undergrad) 1.11∗∗ 0.06 0.77∗ 0.76 1.03∗∗ 12.96 0.69

(0.50) (0.38) (0.44) (0.46) (0.45) (14.91) (0.44)
[0.13, 2.10] [−0.69, 0.81] [−0.09, 1.62] [−0.15, 1.66] [0.15, 1.92] [−16.26, 42.17] [−0.16, 1.55]

Researcher (vs undergrad) 0.85∗ 0.29 0.83∗ 0.93∗∗ 1.21∗∗ 23.99∗ 0.81∗
(0.51) (0.41) (0.45) (0.47) (0.47) (14.35) (0.44)

[−0.16, 1.86] [−0.51, 1.09] [−0.05, 1.71] [0.01, 1.86] [0.28, 2.14] [−4.14, 52.13] [−0.06, 1.67]

AI-assisted 1.26∗∗ 0.77 0.55 0.91∗ 1.11∗∗ 26.18 0.97∗
(0.62) (0.48) (0.47) (0.50) (0.54) (16.77) (0.54)

[0.05, 2.47] [−0.17, 1.72] [−0.37, 1.48] [−0.06, 1.89] [0.05, 2.18] [−6.69, 59.05] [−0.09, 2.04]

AI × grad −0.56 −0.18 0.24 0.00 −0.30 −0.87 −0.18
(0.72) (0.52) (0.58) (0.62) (0.63) (20.15) (0.60)

[−1.97, 0.84] [−1.20, 0.85] [−0.90, 1.38] [−1.22, 1.22] [−1.53, 0.93] [−40.37, 38.62] [−1.35, 0.99]

AI × researcher −0.34 −0.27 0.27 0.02 −0.55 −4.86 0.08
(0.74) (0.55) (0.61) (0.62) (0.64) (19.39) (0.62)

[−1.78, 1.10] [−1.35, 0.81] [−0.92, 1.47] [−1.21, 1.24] [−1.80, 0.69] [−42.86, 33.14] [−1.13, 1.28]

Observations 202 202 202 202 202 202 202
Mean outcome 2.87 1.14 2.41 2.33 2.93 57.92 2.76
Additional controls — — — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B. Horizontal: non-undergraduate assignments
Outside discipline 0.12 −0.27 −0.10 −0.23 0.16 −14.78 −0.31

(0.37) (0.26) (0.39) (0.43) (0.32) (9.46) (0.26)
[−0.61, 0.85] [−0.77, 0.23] [−0.86, 0.66] [−1.08, 0.62] [−0.47, 0.80] [−33.31, 3.76] [−0.82, 0.19]

AI-assisted 0.81∗∗∗ 0.58∗∗∗ 0.76∗∗∗ 0.87∗∗∗ 0.69∗∗∗ 21.16∗∗∗ 0.94∗∗∗
(0.25) (0.18) (0.26) (0.26) (0.23) (7.20) (0.19)

[0.31, 1.30] [0.22, 0.93] [0.26, 1.27] [0.36, 1.38] [0.24, 1.15] [7.04, 35.28] [0.56, 1.31]

AI × outside 0.00 0.57∗ 0.08 0.13 0.29 5.62 0.02
(0.45) (0.34) (0.42) (0.44) (0.41) (11.90) (0.32)

[−0.89, 0.88] [−0.10, 1.23] [−0.74, 0.91] [−0.73, 0.99] [−0.51, 1.08] [−17.70, 28.93] [−0.62, 0.65]

Observations 249 249 249 249 249 249 249
Mean outcome 3.00 1.19 2.63 2.41 3.20 61.85 2.84
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Horizontal controls: academic tier, coding years, an indicator for missing coding-experience
responses, and GPT familiarity (None/Some, Heavy, Missing). Vertical models have no covariates. The first five outcomes are human component scores (0–5). AI appropriateness is binary and AI overall is scored 0–5.
The local grader used redacted narratives; historical blinding and missing narrative output fields are discussed in Materials and Methods. The AI exercise is not an independent external-model replication.
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Table S23: One- and two-check thresholds: additive and interacted models

1+ appr.
checks

1+ appr.
checks

2+ appr.
checks

2+ appr.
checks

1+ qual.
checks

1+ qual.
checks

2+ qual.
checks

2+ qual.
checks

(1) (2) (3) (4) (5) (6) (7) (8)
Specification Additive Interacted Additive Interacted Additive Interacted Additive Interacted
Panel A. Vertical: within-discipline assignments
Grad (vs undergrad) 17.00∗ 15.65 16.05∗∗ 16.78∗∗ 6.55 7.19 12.51∗ 12.52

(9.47) (12.95) (6.99) (8.44) (9.35) (13.33) (6.62) (7.82)
[−1.70, 35.70] [−9.91, 41.21] [2.26, 29.84] [0.13, 33.44] [−11.90, 25.01] [−19.12, 33.49] [−0.56, 25.58] [−2.93, 27.96]

Researcher (vs undergrad) 20.23∗∗ 28.39∗∗ 20.37∗∗∗ 23.58∗∗∗ 10.78 23.83∗ 18.10∗∗∗ 22.97∗∗∗
(9.90) (13.70) (6.97) (8.19) (9.75) (13.58) (6.94) (8.11)

[0.69, 39.78] [1.35, 55.43] [6.61, 34.13] [7.41, 39.75] [−8.48, 30.03] [−2.99, 50.65] [4.41, 31.79] [6.95, 38.98]

AI-assisted 21.92∗∗∗ 27.06∗ 15.60∗∗∗ 18.60∗∗ 17.12∗∗ 27.51∗ 12.43∗∗ 16.13∗
(6.52) (15.81) (5.25) (9.28) (6.61) (15.54) (5.12) (8.71)

[9.06, 34.78] [−4.14, 58.26] [5.24, 25.96] [0.28, 36.91] [4.07, 30.18] [−3.16, 58.18] [2.33, 22.53] [−1.07, 33.33]

AI × grad — 3.08 — −1.15 — −0.30 — 0.31
(17.94) (12.43) (17.95) (11.62)

[−32.33, 38.48] [−25.68, 23.39] [−35.73, 35.13] [−22.62, 23.24]

AI × researcher — −16.20 — −6.31 — −25.77 — −9.63
(19.99) (13.28) (19.03) (12.80)

[−55.66, 23.25] [−32.53, 19.90] [−63.33, 11.80] [−34.89, 15.63]

Observations 201 201 201 201 201 201 201 201
Mean outcome 47.76 47.76 22.39 22.39 39.80 39.80 19.90 19.90
Additional controls — — — — — — — —
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Panel B. Horizontal: non-undergraduate assignments
Outside discipline −8.73 −8.34 4.62 4.29 −8.59 −16.23∗ 2.35 −3.77

(8.13) (10.04) (7.25) (8.89) (8.06) (9.65) (7.34) (8.57)
[−24.74, 7.29] [−28.13, 11.44] [−9.67, 18.91] [−13.24, 21.81] [−24.48, 7.30] [−35.25, 2.78] [−12.12, 16.82] [−20.67, 13.13]

AI-assisted 18.89∗∗∗ 19.14∗∗ 14.19∗∗ 13.96∗∗ 17.38∗∗∗ 12.26∗ 15.14∗∗∗ 11.04∗
(6.38) (7.44) (5.64) (6.46) (6.30) (7.39) (5.38) (6.22)

[6.32, 31.46] [4.47, 33.82] [3.06, 25.31] [1.22, 26.70] [4.96, 29.80] [−2.32, 26.83] [4.55, 25.74] [−1.23, 23.31]

AI × outside — −0.85 — 0.73 — 16.89 — 13.53
(13.69) (12.51) (13.65) (12.05)

[−27.84, 26.15] [−23.93, 25.39] [−10.01, 43.80] [−10.23, 37.28]

Observations 248 248 248 248 248 248 248 248
Mean outcome 53.23 53.23 27.02 27.02 42.74 42.74 23.39 23.39
Additional controls ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
Fixed effects ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Notes: OLS with heteroskedasticity-robust SEs in parentheses and 95% CIs below. ∗𝑝 < 0.10, ∗∗𝑝 < 0.05, ∗∗∗𝑝 < 0.01. Binary coefficients and means are in percentage points; counts and 0–5 scores retain their units.
Tests are unadjusted unless stated. Fixed effects: event, assigned paper, and participant home discipline, entered separately. Horizontal controls: academic tier, coding years, an indicator for missing coding-experience
responses, and GPT familiarity (None/Some, Heavy, Missing). Vertical models omit covariates. Approval requires all four criteria; qualification also requires a recorded numeric result, not independently verified
execution. Missing years use event-by-tier medians, with the overall median as fallback; outcomes are not imputed.
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Timing outcomes

Error eligibility is defined at the paper level. A participant enters the any-error sample if the assigned paper has
at least one accepted minor or major defect in the pooled adjudication record. The major-error sample requires at
least one accepted major defect. All participants assigned an eligible paper can enter, including those who found
nothing. The opportunity set is determined from adjudicated discoveries after the assignment, rather than from a
fixed catalogue known before treatment. This selection limits causal interpretation of the error curves.

Reproduction retains 282 of 286 participants. It excludes one missing event time, two code-running durations,
and one ambiguous clock entry. For any error, 28 lack a paper-level opportunity and one lacks a usable event time,
leaving 257. For major errors, 109 lack a paper-level opportunity; all remaining 177 have usable timing. Participants
with no discovery remain at 420 minutes.

Figure 1 compares milestone progress by AI access; Figure S2 separates within- and outside-discipline assignments.
Each panel reports milestone completions and eligible participants. Appendix Table A1 reports the principal timing
estimates. Table S25 removes the restriction to papers with an observed error opportunity. It retains participants
assigned papers without an accepted discovery, assigning 420 minutes to those non-discoveries. The timing effects
remain negative under this broader comparison.

Table S24: Timing checks excluding one paper or event at a time.

Milestone Sample Excluded Fits Effect range (min) 𝑝 range 𝑝 < 0.05

Reproduction Within discipline Paper 20 [−65.2, −33.0] [0.001, 0.072] 19/20
Reproduction Within discipline Event 5 [−70.1, −31.0] [< 0.001, 0.138] 4/5
Reproduction Graduate/senior Paper 20 [−94.0, −66.8] [< 0.001, < 0.001] 20/20
Reproduction Graduate/senior Event 5 [−89.7, −60.4] [< 0.001, < 0.001] 5/5
First true error Within discipline Paper 16 [−71.3, −48.1] [< 0.001, 0.007] 16/16
First true error Within discipline Event 5 [−68.8, −48.6] [< 0.001, 0.008] 5/5
First true error Graduate/senior Paper 16 [−74.3, −58.0] [< 0.001, 0.001] 16/16
First true error Graduate/senior Event 5 [−88.3, −51.4] [< 0.001, 0.008] 5/5
First true major error Within discipline Paper 12 [−46.9, −27.2] [0.017, 0.103] 6/12
First true major error Within discipline Event 5 [−43.3, −22.9] [0.050, 0.168] 0/5
First true major error Graduate/senior Paper 12 [−49.2, −35.3] [0.026, 0.115] 8/12
First true major error Graduate/senior Event 5 [−47.3, −30.1] [0.029, 0.168] 2/5

Notes: Each fit excludes one paper or event from the adjusted models in Table A1. Ranges cover the saved estimates and two-sided robust tests. All estimates
remain negative; statistical support varies, especially for major errors. The final column counts fits with 𝑝 < 0.05. Paper counts differ because the three
milestones have different eligible samples. These checks preserve the original controls, fixed effects, and 420-minute horizon.
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Table S25: Error timing without selecting papers by observed discoveries

Milestone / comparison Opportunity sample All papers 𝑁 selected 𝑁 all

First true error

Unadjusted
−47.12∗∗∗
(15.45)

−42.74∗∗∗
(14.19) 257 285

Within discipline
−57.89∗∗∗
(16.38)

−54.62∗∗∗
(15.58) 189 202

Graduate and senior
−63.73∗∗∗
(17.15)

−58.89∗∗∗
(15.53) 224 248

First major error

Unadjusted
−29.95∗∗
(13.92)

−19.82∗∗
(8.94) 177 286

Within discipline
−33.17∗∗
(16.05)

−21.80∗∗
(10.15) 125 202

Graduate and senior
−39.63∗∗
(18.70)

−22.70∗∗
(10.51) 154 249

Notes: Effects are minutes of restricted time to discovery. Opportunity samples retain papers with an accepted error of the relevant severity in the pooled
record. All-paper samples additionally retain participants assigned papers with no accepted discovery, assigning 420 minutes to those non-discoveries. Other
timing exclusions remain unchanged. This removes the paper-opportunity restriction; it does not establish that no undiscovered errors exist. Adjusted models
follow Appendix Table A1. Negative effects combine earlier discovery with greater discovery probability. Parentheses contain robust standard errors; stars
use unadjusted conventional thresholds.
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Figure S2: Computational progress within and outside participants’ fields. The three rows track reproduction, the first true coding error of
either severity, and the first true major coding error. Columns distinguish studies within and outside the participant’s discipline. Curves use
eligible graduate and senior participants. Each panel shows the events and sample sizes for AI-assisted and human-only participants. Error
samples require a paper with an accepted defect of the relevant severity in the pooled adjudication record, plus usable timing records.
Non-events remain in the sample through 420 minutes. These are descriptive comparisons within the indicated samples.
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SI6. Participant debriefs and reported AI use
Participant accounts describe how assistance entered the workflow. The survey adds descriptions of tool use and
perceived effects.

Participant debriefs: corpus and analytic approach

Four semi-structured small-group debriefs recorded at Ottawa on October 16, 2025 describe participants’ workflows.
Introductions identify groups of three, two, three, and four participants, totaling twelve; recordings contain
approximately 129 minutes. Two discussions involve human-only participants and two involve AI-assisted participants.
The latter include one outside-discipline group and one mixed group with three within- and one outside-discipline
assignment. Composition is inferred from recorded descriptions rather than a reconciled recruitment roster. These
are small-group debriefs, not representative samples of the experimental cells.

We adapted the codebook-based workflow in Brodeur et al. [19], retaining theory-seeded categories, inductive
refinements, timestamped evidence, and comparison of convergent and divergent accounts. The complete machine
transcripts were read and reviewed with AI assistance. The archived ledger contains 68 selected meaning units,
including one ambiguous passage excluded from substantive interpretation and one moderator-only context passage.
Each record includes source times, codes, epistemic status, a paraphrase, and a qualification. The original coding
and subsequent decisions remain separately visible. Unlike the earlier paper’s five-analyst procedure, this is a single
AI-assisted review, not independent human consensus.

Coding distinguishes event accounts from prior practice, expectations, recommendations, moderator prompts,
and ambiguous speech. Questions and qualifications remain attached to their responses; moderator agreement is
not additional participant evidence. Negative cases include code that needed little assistance, unimplemented AI
suggestions, divergent confidence, and useful versus excessive package recommendations. The recordings contain
participant introductions, but the transcripts do not reliably identify the speaker of every later contribution. We
therefore do not link individual passages to grades or coding years. The analysis was informed by the quantitative
results and does not claim blinded coding, saturation, prevalence, or causal mediation. Paraphrased accounts
accompany relevant results; Table A3 retains the synthesis.

The PAP planned four groups of six participants, each lasting sixty minutes. The four available recordings instead
contain twelve participants in total and last approximately 23 to 44 minutes each. Participant counts come from
introductions in the recordings. One participant mentioned still writing their report when called to the discussion.

Appendix Table A3 summarizes the recorded sessions and contrasting accounts.

How participants described using AI in the two studies

We compared accounts from the current debriefs with retrospective discussions of the earlier experiment [19]. One
earlier participant described receiving generic robustness suggestions and then developing the checks themselves. A
current participant described choosing checks and asking AI to write and revise the code. Another current participant
described an AI suggestion they did not implement. These examples illustrate different uses of assistance, rather than
measuring how those uses changed over time.

An earlier participant also expected to perform better if the exercise were repeated, attributing this to both improved
models and greater personal experience using AI. This was their expectation, not the result of a repeated experiment.
The comparison uses discussions about the 2024 events, rather than accounts of the additional exercise held in 2025.

Exit-survey coverage

Three AI-assisted participants did not have matched exit-survey responses. Their task outcomes remain in the
quantitative analysis. Survey summaries use available responses.
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Table S26: AI-arm survey: intensity, perceived impact, and tools

Panel A. Distributions by academic tier
Measure / tier N Mean SD P10 P25 Median P75 P90
Intensity / All 143 80.5 19.9 52.4 75.0 85.0 95.0 100.0
Impact / All 143 71.0 35.9 23.4 57.5 85.0 100.0 100.0
Intensity / Undergrad 21 79.4 19.8 55.0 70.0 81.0 98.0 100.0
Impact / Undergrad 21 65.9 49.5 -12.0 62.0 85.0 100.0 100.0
Intensity / Grad 58 83.3 15.4 62.1 80.0 85.0 95.0 100.0
Impact / Grad 58 72.7 34.4 26.4 61.0 85.0 100.0 100.0
Intensity / Researcher 64 78.2 23.3 50.6 70.0 84.5 95.2 100.0
Impact / Researcher 64 71.1 32.4 22.3 46.0 81.0 100.0 100.0

Panel B. Response ranges
Measure Range Respondents Share
Intensity 0 0 0.0%
Intensity 1-25 5 3.5%
Intensity 26-50 7 4.9%
Intensity 51-75 31 21.7%
Intensity 76-90 49 34.3%
Intensity 91-100 51 35.7%
Impact -100 to -50 2 1.4%
Impact -49 to -1 5 3.5%
Impact 0 1 0.7%
Impact 1-50 25 17.5%
Impact 51-99 64 44.8%
Impact 100 46 32.2%

Panel C. Tools used during the event
Tool Respondents Share
ChatGPT 116 81.1%
Claude 29 20.3%
Claude Code 28 19.6%
OpenAI Codex 25 17.5%
Gemini 8 5.6%
Other AI tool 7 4.9%
Notebook LM 5 3.5%
GitHub Copilot 3 2.1%
Perplexity AI 3 2.1%
DeepSeek 3 2.1%

Notes: Denominators are 143 linked AI-arm respondents among 146 AI-assisted reports. Intensity ranges 0–100 and perceived impact ranges -100–100; both
have 143 responses. Quantiles use empirical interpolation. Tools permit multiple selections. These post-treatment self-reports are descriptive, not objective
productivity or exogenous causal moderators.
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Table S27: AI assistance improves the reported experience of analytical work

Human-only AI-assisted Adjusted difference 𝑝 𝑁

A. Enjoyment
Event overall 77.7 85.9 10.3 (2.6) < 0.001 243
Coding 59.9 79.4 21.9 (3.2) < 0.001 243
Proposing checks 52.0 72.1 20.0 (3.8) < 0.001 243
Writing the report 59.9 69.8 9.6 (3.4) 0.005 243

B. Expected performance
Reproduction 65.8 81.5 16.7 (3.4) < 0.001 243
Finding errors 47.3 61.2 17.4 (3.9) < 0.001 238
Proposing checks 42.4 68.9 26.8 (3.5) < 0.001 243
Writing the report 57.3 72.5 15.6 (3.0) < 0.001 243

Notes: Arm means and adjusted differences use available responses from Toronto, Cambridge, UCL, and KCL. Ottawa has no responses to these items. Each row
uses 123 AI-assisted and 120 human-only responses, except expected error-finding performance (119 and 119). Adjusted differences include event, assigned-paper,
and participant-discipline fixed effects; robust standard errors appear in parentheses. All eight adjusted differences remain significant at 1% after Holm correction
across these exploratory outcomes. Expected performance is self-assessed, not an expert rating. Perceived effects of access are asked separately: AI-assisted
respondents report an average benefit of 71.0 (𝑁 = 143), while human-only respondents report an average effect of denied access of -38.9 (𝑁 = 140), on the
−100 to 100 scale. The differently worded questions are not a common-outcome treatment contrast.
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SI7. Analysis plan, protocol record, and grading instructions
This section records the analysis plan, implemented procedures, and remaining documentation checks.

Editorial record. Study-specific ethics and consent documentation, historical grading procedures, participant flow,
funding details, competing interests, author approval, and the final public release remain subject to the verification
described in the revision notes. Statements from the earlier team study are not substituted for this experiment’s
records. The participant debrief material is exploratory and retains its original consent and source-review limitations.

Registration and protocol changes

The analysis plan and amendment are available on GitHub. The saved deposit audit concerns their original public
OSF record. That project was created on October 9, 2025. The plan’s first public file version was uploaded on October
16, 2025, just before the start of the Ottawa event. The amendment is dated April 16, 2026; its first public upload was
April 29, just before the Toronto event. These historical dates describe the original deposit, not the later GitHub copy.

The amendment added the discipline Management, password-protected advance package distribution, five-category
secondary expertise analyses, and expanded undergraduate eligibility; it retained the three-tier primary design. Intake
records use several undergraduate eligibility labels, including second-year-and-above and final-year-only categories.
The undergraduate group included final-year students and students about to complete, or who had just completed,
their penultimate year. These intake labels do not consistently distinguish the two stages.

Measurement and grading audit

The final expert-review snapshot was taken on September 17, 2026. The retained analysis sample contains expert
grades for all 275 submitted referee reports. Eleven participants submitted no referee text and receive rubric zeros,
giving 286 observed referee outcomes. The direct appropriateness field contains “Scored” rather than a binary
judgment. We construct appropriateness from the five component scores. A rubric zero for non-submission is not an
expert-assigned grade.

The retained sample contains 442 proposed checks, all reviewed. Of these, 321 contain a digit in the result or
coefficient field. No numeric-positive record triggered a restricted screen for explicit nonexecution or year-only
entries, but that screen cannot verify execution or correctness. One participant’s retained submission contains only a
referee-report sheet. Their robustness outcomes remain unknown because the underlying submission is unavailable,
not because an expert grade is pending. Table S17 reports endpoint sensitivity for that observation; all submitted
referee reports now have grades.

The current review cards omit explicit participant and treatment fields but display the paper title, discipline, journal,
and PDF link. They therefore do not meet the PAP’s full paper-discipline-blinding description. Archived code also
displayed treatment, but code alone does not establish which interface was deployed for each review. The database
retains one review per check or report, without independent replicate ratings or a reconciliation history. Historical
blinding and consensus cannot be certified from that archive. The complete archive contains 277 saved AI grade
objects with appropriateness, overall, and notes, but none retains separate justifications or report-section objects.
Section SI7 reproduces the requested instructions; it does not recover missing outputs.

Assignment linkage and baseline availability

Saved assignment sheets contain 487 participant-event records and 474 unique emails, without duplicate emails
within an event. Exact within-event matching through canonical, intake, and exit email aliases links 274 of 286
analyzed reports. One linked treatment entry differs from the communicated AI-assisted instructions documented
in Section SI1. The 12 unmatched reports are not established departures from randomization, and the 213 saved
assignment records without retained analysis reports are not a verified attrition denominator. Eleven Toronto discipline
entries labeled Other/Unsupported were recoded to study fields using author-provided corrections recorded on May
19, 2026. The correction ledger records the revised categories, without independent source verification for each
recode. Three linked records lack paper titles. The flow and grading counts appear together in Table A2.

The archived randomization script first randomizes AI access within event and five position categories, balancing
arm counts to within one participant per category. It then randomly selects outside-field assignments among
non-undergraduates, targeting 30% of the event roster, and draws a paper from the eligible field pool. Its catalogue
covers three disciplines. The analysis plan instead describes three broad academic strata. These records document
intended procedures and an archived implementation, but do not establish which script version and adjustments
generated every final assignment across all five events and four fields.

Sixteen analyzed reports lack coding years: eleven have blank matched intake answers, three rely on manual
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registration records, and two lack intake matches. The missing-years indicator is additive; complete-case results
retain the original model controls. Intake proficiency ratings for R, Stata, Python, and Matlab do not identify
preferred software. Software used during the task is post-assignment, so it is not substituted for the unavailable
baseline preference or event-by-software fixed effects. Table S12 instead adds the four baseline proficiency ratings as
categorical controls.
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Table S28: PAP coverage and implementation

This table separates changes in implementation from analyses reported in different locations.

Planned analysis or procedure Implementation Reason or explanation Location

Outcome-specific estimators OLS is primary. Alternative nonlinear estimates and
failed attempts remain in the appendix.

Some nonlinear fits suffered separation or unstable estimates and
covariance.

Tables S13–S16

Event-by-article fixed effects Main models enter event, article, and home discipline
separately. Cell-FE estimates are retained.

Singleton cells reduce sample retention. For reproduction,
vertical N falls from 202 to 183; horizontal N falls from 249 to
228.

Table S11

Baseline controls and software Vertical models omit additional covariates.
Alternatives include baseline covariates and software
proficiency.

Some collected variables describe post-assignment behavior.
Intake records proficiency, not preferred software; the exact
event-by-preferred-software branch remains unavailable.

Tables S9, S12

Field-assignment comparison Horizontal models include graduate and senior
researchers.

Only these groups were randomized across field assignments; the
PAP assigns undergraduates inside their discipline.

Methods; Section SI1

Non-coding analyses: PAP
Tables 9 and 10

Proposal and human-report outcomes appear in the
main tables; thresholds, components, and AI
assessments appear in supplementary tables.

These analyses were reorganized across exhibits rather than
omitted.

Main Tables 1–2; Tables S23, S22
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Table S28: PAP coverage and implementation (continued)

This table separates changes in implementation from analyses reported in different locations.

Planned analysis or procedure Implementation Reason or explanation Location

Human report appropriateness Appropriateness requires at least three on every
component.

The expert interface collected component scores rather than the
planned direct binary judgment.

Section SI1

Error severity and numerical
robustness

Major errors reflect potential impact; numerical
robustness outcomes screen result fields.

Retained records do not uniformly document a rerun
demonstrating impact or independently verify robustness
execution.

Sections SI1, SI7

Expertise and missing outcomes Planned expertise analyses remain. Pooled
coding-experience choices and the prior-AI cutoff are
post hoc. Missing robustness outcomes are bounded.

Supplementary coding-experience implementation was selected
after examining results. One robustness submission remains
unavailable; final expert grades are included.

Tables S3–S6, S17

Grading procedures Human and AI grading procedures are documented
separately.

Historical human blinding/consensus is unverified; AI narrative
fields were not retained. Repeated independent human ratings
are unavailable.

Sections SI1, SI7

Dated protocol commitments PAP/amendment links and original public deposit
dates are documented.

Public uploads occurred on the Ottawa/Toronto event dates.
Earlier commitment, screening, access timing, and historical
implementation require dated evidence. Discipline recodes retain
an author-correction ledger without independent verification.

Section SI7

Focus groups and release Four recovered recordings supply qualitative context.
Deidentified data and R code are assembled in the
replication package.

Qualitative evidence is exploratory; consent and source-review
limitations remain documented. Local package assembly does
not establish public release.

Sections SI6–SI7

71



Online Appendix: Generative AI boosts productivity across the expertise ladder Aparicio et al.

AI-grading instructions and implementation
The first block reproduces the PAP prompt. The second reproduces the common instruction archived with the 273
prepared requests used for the original local-grading shards. These are instructions, not evidence that every requested
narrative field was retained. Local score validation establishes coverage and score ranges; it does not certify full
prompt fidelity. Supplementary missing-queue grades were added separately. No participant text or identifiers are
reproduced here.

PAP prompt

The AI grader receives a standalone instruction each time it evaluates a submission. The block below reproduces the full prompt, including the
required output structure and scoring anchors.
Role and objective You are “AI Referee,” an expert evaluator for the AI Replication Games. Your task is to read a participant’s workbook and
produce referee-style assessments that mirror the human rubric.
Context - You are judging a replication of a published empirical result. - The participant had access to the original paper, its replication
package, and a seven-hour work window. - The materials you receive include the participant’s referee report (sheet 04_Referee_Report),
their reproducibility notes and robustness log, and any supporting tables or figures they produced.
General instructions - Work independently—do not infer facts that are absent from the materials. - Keep the narrative within 1,000 words and
organize it under the sections listed below; fold any code or data blockers into those sections instead of creating new headings. - Base every
judgment on the participant’s reasoning and evidence; parroting the source paper without evaluation should be penalized. - Highlight robustness
checks only when they satisfy the rubric (motivation, documented specification change, comparison to the focal estimate, interpretation);
otherwise describe the gap. - Use the full 0–5 range for the overall score (no half points). - Provide two- to four-sentence justifications for each
scored dimension, citing the relevant portions of the workbook (quote, paraphrase, or reference to a table or figure). - If critical evidence is
missing, record that as a weakness, reflect it in the score, and flag it in the notes.
Evaluation tasks 1. Appropriateness (binary). Return “Appropriate” if the participant correctly characterizes whether the reproduced evidence
supports the original claim, flags material discrepancies, and grounds the conclusion in the submitted code or outputs. Otherwise return “Not
appropriate”. 2. Overall assessment (0–5). Provide a holistic rating that reflects the usefulness of the referee narrative to an editor, weighing
accuracy, diagnostic insight, actionable guidance, and clarity. This is not a mechanical average.
Anchors for the 0–5 scale (task 2) - 0 = Missing, wholly incorrect, or incoherent. - 1 = Substantially inaccurate, with major misunderstandings
that would mislead an editor. - 2 = Partially correct but incomplete or containing notable inaccuracies that reduce usefulness. - 3 = Adequate:
correct core points with limited depth or weak justification. - 4 = Strong: accurate, well-supported, and actionable with only minor omissions. -
5 = Exceptional: precise, comprehensive, and offering original insight or particularly valuable guidance.
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Report structure Produce prose for the following sections. Each section should be a short paragraph that references the participant’s evidence
and names any missing components. - Summary — question, setting, methods, and focal result (including whether it was reproduced and
any tolerance issues). - Design and Identification — randomization, balance, attrition, and identification threats. - Robustness — up to
two checks with rationale, specification or sample changes, and how the results compare with the focal estimate; note explicitly if required
elements are absent. - Ethical and Transparency — preregistration, data access, and consent or IRB references, if any. - Overall Assessment —
recommendation to editors/authors synthesizing strengths and weaknesses.
Output format Return JSON with the following fields: appropriateness (“Appropriate” or “Not appropriate”), overall,
justifications, report_sections, and notes. The justifications object must contain keys for appropriateness and overall.
The report_sections object must contain keys summary, design_identification, robustness, ethical_transparency, and
overall_assessment. Include a single string in notes describing any missing information, suspected hallucinations, or uncertainties.

{
"appropriateness": "Appropriate",
"overall": 4,
"justifications": {
"appropriateness": "...",
"overall": "..."

},
"report_sections": {
"summary": "...",
"design_identification": "...",
"robustness": "...",
"ethical_transparency": "...",
"overall_assessment": "..."

},
"notes": "..."

}

Quality control - Double-check that every field is filled. - If evidence is missing for a dimension: - set the score to the literal value null, -
explain the omission in the notes field, and - flag the gap in the corresponding justification or section. - Do not invent references or cite external
material. - Use only the materials provided with the submission. - Return only the JSON object—no additional prose after the closing brace.

Archived local-grader instruction

You are AI Referee, an expert evaluator for the AI Replication Games.
Evaluate the supplied submission only. The submission is a replication of a published empirical result. The participant had the original paper, a
replication package, and a seven-hour work window. Do not infer facts absent from the supplied materials and do not use external knowledge.
Do not mention or infer participant identity, study arm, expertise, event, or task discipline.
Judge whether the participant correctly characterizes whether the reproduced evidence supports the original claim, flags material discrepancies,
and grounds the conclusion in submitted code or outputs. Return Appropriate only if all of those conditions hold; otherwise return Not
appropriate.
Give a holistic overall integer score from 0 to 5, not a mechanical average. Use the full range: 0 missing/wholly incorrect/incoherent; 1
substantially inaccurate and misleading; 2 partly correct but incomplete or materially inaccurate; 3 adequate and correct at core but limited; 4
strong, accurate, supported, and actionable with minor omissions; 5 exceptional, precise, comprehensive, and especially insightful. Weigh
accuracy, diagnostic insight, actionable guidance, and clarity.
Write two to four sentences in each justification. The five report sections must be short paragraphs. Highlight a robustness check only when it
has a motivation, documented specification or sample change, comparison to the focal estimate, and interpretation. If a required element is
missing, identify the gap instead of inventing it. In notes, record missing information, suspected hallucinations, or uncertainty. Return only the
requested JSON object.

The request schema required appropriateness, overall, justifications, five report sections, and notes. All 277 saved grade objects retain
appropriateness, overall, and notes; none retains separate justifications or report_sections objects. Reproducing the prompt does not recover
these missing output fields. The prompt instructs the grader not to infer treatment or expertise; minimal redaction of submitted narratives does
not independently establish perfect blinding. The local exercise remains distinct from an externally replicated grading study.

73



Online Appendix: Generative AI boosts productivity across the expertise ladder Aparicio et al.

SI8. Author group and affiliations
The full author list appears on the title page. Affiliation numbers below correspond to the superscripts attached to
each name.
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