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Abstract

Assessing the reproducibility of social science
papers is essential for promoting rigor in re-
search processes, but manual assessment is
costly. With recent advances in agentic AI
systems (i.e., AI agents), we seek to evaluate
their capability to automate this process. How-
ever, existing benchmarks for reproducing re-
search papers (1) focus solely on reproducing
results using provided code and data without
assessing their consistency with the paper, (2)
oversimplify real-world scenarios, and (3) lack
necessary diversity in data formats and pro-
gramming languages. To address these issues,
we introduce REPRO-BENCH, a collection of
112 task instances, each representing a social
science paper with a publicly available repro-
duction report. The agents are tasked with as-
sessing the reproducibility of the paper based
on the original paper PDF and the correspond-
ing reproduction package. REPRO-BENCH
features end-to-end evaluation tasks on the re-
producibility of social science papers with com-
plexity comparable to real-world assessments.
We evaluate three representative AI agents
on REPRO-BENCH, with the best-performing
agent achieving an accuracy of only 21.4%.
Building on our empirical analysis, we develop
REPRO-AGENT, which improves the highest
accuracy achieved by existing agents by 71%.
We conclude that more advanced AI agents
should be developed to automate real-world
reproducibility assessment. REPRO-BENCH
is publicly available at https://github.com/
uiuc-kang-lab/REPRO-Bench.

1 Introduction

To validate social science research findings, domain
experts have been seeking systematic methods to
assess their reproducibility, from The Reproducibil-
ity Project: Psychology, which began over a decade
ago (Collaboration, 2012, 2015), to the recent mass
reproduction of economics and political science pa-
pers (Brodeur et al., 2024). However, manually as-
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Figure 1: Overview of each REPRO-BENCH task.

sessing the reproducibility of social science papers
is costly and time-consuming. For example, 347
social scientists were involved in reproducing 110
papers in the mass reproduction of economics and
political science papers (Brodeur et al., 2024), and
it took more than five years for The Reproducibility
Project: Psychology to complete the reproduction
of 100 studies (Collaboration, 2016).

As large language models (LLMs) advance,
agentic AI systems (i.e., AI agents) have demon-
strated impressive abilities in solving a variety of
complex tasks (Gravitas, 2023; Siegel et al., 2024;
Yang et al., 2024). This opens up new opportuni-
ties to automate the process of assessing the repro-
ducibility of social science research. In this paper,
we investigate the capability of AI agents in as-
sessing the computational reproducibility of social
science papers, which evaluates the consistency of
the reproduced results with the major findings in
the original paper using the originally collected
data (Section 2, Brodeur et al., 2024).

Existing benchmarks with tasks relevant to paper
reproduction (Siegel et al., 2024; Tian et al., 2024)
have three limitations: (1) they assume all papers
are fully reproducible, whereas reproducibility as-
sessment for social science papers (Brodeur et al.,
2024; Collaboration, 2012) requires assessing the
validity of findings by checking the consistency be-
tween reported results and those reproduced from
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the provided code and data; (2) they provide agents
with curated and pre-extracted contexts, while as-
sessing reproducibility for social science papers
requires extracting and applying information from
original paper PDFs and reproduction packages
without prior structuring; and (3) they contain tasks
based on a single programming language and/or
data format, whereas social science papers often
involve multiple languages and data formats, requir-
ing integrated cross-domain knowledge for assess-
ing reproducibility. We address these limitations
with further details in Section 2.2.

To overcome these limitations, we introduce
REPRO-BENCH, consisting of 112 task instances,
each representing a social science paper with a pub-
lic reproduction report (Section 3). As we illustrate
in Figure 1, for each task, the agent is provided
with (1) the paper PDF, (2) the reproduction pack-
age containing data, code, and documentation, and
(3) a list of major findings, and is tasked with gener-
ating a reproducibility score on a scale from 1 (least
reproducible) to 4 (fully reproducible), following
standard reproducibility assessment processes in
social science (Brodeur et al., 2024).

REPRO-BENCH demonstrates three distinct
features. Task-wise, REPRO-BENCH evaluates
agents’ critical reasoning capability through paper
reproducibility assessment, which involves not only
reproducing results but also verifying consistency
between the paper and the reproduction package.
Context-wise, REPRO-BENCH provides the full
paper PDF and reproduction package for agents
to conduct end-to-end reproducibility assessment,
simulating real-world scenarios. Complexity-wise,
agents interact with the original reproduction pack-
age as the environment in REPRO-BENCH tasks,
ensuring comparable complexity in terms of data
and code variety.

We evaluate three representative agents, Auto-
GPT (Gravitas, 2023), CORE-Agent (Siegel et al.,
2024), and SWE-Agent (Yang et al., 2024), on
REPRO-BENCH. CORE-Agent achieves the high-
est accuracy of 21.4%, which is even lower than the
expected 25% accuracy of random guessing among
four scores, highlighting the need to build more
effective agents for automating social science re-
search reproducibility assessment. We use our find-
ings to develop REPRO-AGENT, which achieves
an accuracy of 36.6%, a 71% relative increase in
accuracy compared to CORE-Agent. We detail the
experimental setup in Section 4 and analyze results
in Section 5.

2 Background and Literature Review

Since the onset of the reproducibility and replicabil-
ity crisis (i.e., “replication crisis” (Davey, 2022)),
the social science community has placed increas-
ing emphasis on the validity of research results
(Camerer et al., 2018). The evaluation of research
validity involves the assessment of two major di-
mensions: reproducibility and replicability (Na-
tional Academies of Sciences, Engineering, and
Medicine, 2019). Reproducibility refers to the abil-
ity to obtain consistent results using the same data
and methods as the original study, while replicabil-
ity refers to achieving robust results using new data
but the same methods (Brodeur et al., 2024).

We study the capabilities of AI agents in as-
sessing the computational reproducibility of so-
cial science papers. We focus on reproducibility
using the original raw data, without re-executing
the data collection process or introducing new
data. Following formal definitions and guidelines
(National Academies of Sciences, Engineering,
and Medicine, 2019; National Science Foundation,
2022), agents are required to assess the validity
of research findings by checking the consistency
between reproduced and reported results using pro-
vided data processing and analysis scripts. We re-
view the importance of computational reproducibil-
ity in social science research in Section 2.1 and
highlight the limitations of existing benchmarks in
evaluating AI agents’ ability to assess reproducibil-
ity in Section 2.2.

2.1 Importance of Reproducibility

Assessing reproducibility from both the perspective
of computational results and code validity is essen-
tial for the development of social science from the
following three dimensions.

First, reproducibility offers a more direct and
reliable evaluation of social science research by
enforcing strict standards compared to replicability
(Brodeur et al., 2024). The Social Science Repro-
duction Platform (SSRP) provides a breakdown of
reproducibility levels, focusing on data and code
availability, ranging from level 1, where data and
code are missing, to level 10, where the study is
fully computationally reproducible (SSRP, 2024).
With fully available data and code, Brodeur et al.
(2024) and Collaboration (2012) further standard-
ize the process as a two-phase procedure: first, the
provided data and code are examined, and then the
major findings are reproduced and compared.
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Second, investigating code validity is important
because irreproducibility can occur due to coding
errors. For example, in the reproduction report
(Chen et al., 2024) for Christensen and Timmins
(2018), the authors mention a coding error that

“assigns a value of zero for the variable of color to
both individuals identified as white and other in
the raw data.” After fixing this error, the major
findings changed significantly.

Third, even though reproducibility seems to be
a basic, minimal requirement for social science re-
search findings, existing reproduction results reveal
insufficiencies in ensuring such guarantees. As of
06/27/2024, less than 40% of the papers reproduced
on SSRP (SSRP, 2024) are considered fully repro-
ducible at level 10. In a recent large-scale reproduc-
tion of economic and political science papers, 25%
of the reproduced papers contained coding errors,
even when excluding minor issues like missing
packages or broken pathways, with some studies
having multiple errors (Brodeur et al., 2024).

2.2 Existing AI Agent Benchmark Limitations
AI agent benchmarks (Yao et al., 2023; Jimenez
et al., 2024; Tian et al., 2024; Siegel et al., 2024; Hu
et al., 2024) evaluate the reasoning capabilities of
AI agents through complex tasks (Sun et al., 2024),
driving their continuous improvement. However,
existing paper reproduction benchmarks have three
key limitations in evaluating AI agents’ ability to
assess reproducibility.

First, existing benchmarks assume all papers are
fully reproducible, whereas reproducibility assess-
ment requires evaluating both the validity of major
findings and the consistency of provided code and
data (Brodeur et al., 2024; Collaboration, 2012).
SciCode tasks (Tian et al., 2024) are coding prob-
lems based on the major findings, assuming they
are valid, and CORE-Bench tasks (Siegel et al.,
2024) consider the execution results of the pro-
vided code on the provided data as ground truth,
assuming they are consistent.

Second, existing benchmark contexts are overly
pre-processed and curated. Each SciCode task
(Tian et al., 2024) is a highly condensed prob-
lem derived from paper findings, and each CORE-
Bench task (Siegel et al., 2024) represents a pre-
extracted, concrete step from the paper’s reproduc-
tion process. However, in actual social science re-
producibility assessment, reproducers are not given
predefined steps; instead, they must independently
analyze the paper PDFs and reproduction packages,

extract relevant information, and formulate a plan
to inspect the code and data for potential inconsis-
tencies (Brodeur et al., 2024; Collaboration, 2012).

Third, existing benchmarks contain tasks based
on a single programming language and/or data for-
mat. SciCode (Tian et al., 2024) tasks require mod-
els to generate Python code, and each code reposi-
tory in CORE-Bench (Siegel et al., 2024) contains
code in a single language, either R or Python. How-
ever, each social science paper typically involves
diverse programming languages and multiple data
formats, requiring integrated knowledge across var-
ious domains to effectively assess reproducibility.
For example, to reproduce the major findings in
Ono and Zilis (2022), one must first execute a Stata
script to analyze .dta data for Study 1, and then
run an R project to analyze .csv data for Study 2.

3 REPRO-BENCH

We propose REPRO-BENCH, a benchmark for
evaluating AI agents’ capability to assess the repro-
ducibility of social science papers. We describe our
data collection process in detail in Section 3.1 and
explain the methodology for determining ground-
truth reproducibility scores in Section 3.2. We
present a detailed statistical analysis of REPRO-
BENCH in Section 3.3. Based on these, we formally
define the REPRO-BENCH tasks and describe their
key features in Section 3.4.

3.1 Data Collection
We collect 112 papers across 4 sources, with each
paper representing a task instance. Source 1 serves
as our primary source, where a significant portion
of papers are reported as largely or fully repro-
ducible. To effectively assess AI agents’ ability to
identify sources of inconsistencies, we further in-
corporate Sources 2–4, which contain papers with
crucial reproducibility issues. We apply the follow-
ing universal criteria C for all sources:

• To ensure the specificity of REPRO-BENCH

tasks, each paper must be (C1) published in
the social science field.

• To ensure public accessibility, each paper
must (C2) have a valid DOI and (C3) include a
publicly available reproduction package.

• To ensure that the reproducibility of the pa-
per is verifiable, each paper must (C4) have a
credible public reproduction report that thor-
oughly investigates the reproduced results, is
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authored by social science experts, and is in-
fluential and highly regarded.

• To prevent the benchmark from being overly
time-consuming, we require (C5) that either
the reproduction package’s README file or
the reproduction report explicitly state that the
paper’s reproduction time is less than 2 hours.

To ensure that REPRO-BENCH includes both
recent social science papers and up-to-date repro-
duction efforts, we account for different data ranges
based on the nature of the sources. We select based
on publication dates of the original papers or re-
production reports to ensure a balanced and repre-
sentative sample. We present the source-specific
criteria, including data ranges, as follows.

Source 1: Mass Reproducibility and Replicabil-
ity of Social Science Papers. To enhance the
understanding of research reliability, researchers
reproduced and replicated the major findings from
110 papers in leading economic and political sci-
ence journals (Brodeur et al., 2024). Since this
mass reproduction effort already focuses on recent
and influential papers, we do not impose additional
data range restrictions other than C, resulting in the
selection of 92 papers from the original 110. This
mass reproduction has been cited 30 times as of
March 30, 2025, within just one year of publication.
For reference, the top 1% most-cited economics pa-
per, published in 1991, has 354 citations as of the
same date (RePEc, 2024).

Source 2: Institute For Replication (I4R)’s Dis-
cussion Paper Series.1 I4R facilitates reproduc-
tions and replications to enhance the credibility
of research findings. In addition to C, we apply
the following criteria to I4R’s discussion paper
series: (1) since I4R began actively and system-
atically updating in 2024, we select papers with
reproduction results published between 01/01/2024
and 09/30/2024, and (2) the reproduction results
identify errors and/or issues in the data and/or code.
This resulted in the selection of 11 papers.

Source 3: Retraction Watch Database.2 The
Retraction Watch database consists of retracted pa-
pers. Using its search engine, we apply the follow-
ing filters: (1) Subject(s): Social Sciences (SOC)
(C1); (2) Reason(s) for Retraction: Error in Data
OR Error in Analyses OR Error in Results and/or

1https://i4replication.org/discussion_paper.html
2https://retractionwatch.com/

Conclusions OR Error in Materials (General) OR
Error in Methods; (3) Original Paper Date: since
retraction processes are lengthy and complex, we
selected papers with original publication dates from
a broader range (01/01/2019 to 01/01/2024) to en-
sure sufficient verification (C4). We did not select
based on the publication dates of reproduction re-
ports, as long retraction timelines could result in
selecting very old papers despite recent reproduc-
tion efforts. We further applied the remaining C
criteria and excluded PDFs containing a Retracted
watermark, resulting in a final selection of 7 papers.

Source 4: Twitter/X. Important reproduction ef-
forts also occur outside the academia and formal
publications. For example, significant reproduc-
tion efforts are actively discussed on social me-
dia like Twitter/X. We collect 2 social science re-
search papers that meet C and have been identified
as having reproducibility issues in Tweets posted
between 01/01/2024 and 06/30/2024. Given the
frequent updates on Twitter/X, we apply a shorter
time range. In this context, we define reproduc-
tion reports as the full reports and code linked
within the Tweets, rather than the Tweets them-
selves. These two Tweets have received 61.5K and
18.7K views as of March 30, 2025, respectively,
indicating strong public engagement.

We annotate the major findings of each paper as
a list of all the items (i.e., figures, tables, and text
claims) reproduced in the corresponding reproduc-
tion report (C4). For example, in the reproduction
report (Kjelsrud et al., 2023) for Montero (2022)
(Paper 1), the reproducers reproduced Table 5 of
the original paper in Table 1 of the report and re-
produced Figure 6 of the original paper in Figure 1
of the report. Thus, we annotate the major findings
of Paper 1 as a list ["Table 5", "Figure 6"].
Text claims refer to experimental results reported
as in-line texts rather than in figures or tables. They
are extracted exactly as they appear in the origi-
nal paper. For example, in the reproduction report
(Bachler et al., 2023) of Paper 40 (Altmann et al.,
2022), the reproducers reproduced the following
textual results in the reproduced paper: “In line
with the pronounced visual differences, the distri-
butions of attention spans differ significantly across
treatments (Kolmogorov–Smirnov test, p < 0.001
for all pairwise treatment comparisons).”

Given the minimal subjectivity involved in iden-
tifying major findings, we adopt a consensus-based
annotation process. The lead author first manually
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extracts the reproduced findings from each paper’s
official reproduction report. These findings are then
cross-verified by the rest of the five-member team,
which includes a legal expert with deep familiarity
with the structure and language of social science
documentation. Full agreement is reached before
finalizing the annotations.

3.2 Reproducibility Score
The SSRP reproducibility metric (SSRP, 2024) pri-
marily assesses data and code availability, with lev-
els 1–8 focusing on whether data and/or code are
provided, while only levels 9 and 10 address actual
reproducibility. To maintain task complexity, we
apply twice as fine-grained metrics following the
social science reproducibility assessment standards
by Brodeur et al. (2024), ensuring it accurately cap-
tures the nuanced nature of reproducibility in social
science research. We annotate the reproducibility
score of the papers based on their public reproduc-
tion reports, using a scale from 1 to 4, where differ-
ent scores account for varying levels of consistency
between the paper PDF and the corresponding data
and code in the reproduction package. The scoring
criteria are defined as follows:

• 1: major findings are irreproducible.

• 2: there are minor inconsistencies and/or er-
rors in the provided code.

• 3: there are minor issues at the display and
reporting level, e.g., rounding errors.

• 4: major findings are fully reproducible.

Scores 1 and 4 reflect binary reproducibility out-
comes, while scores 2 and 3 capture more nuanced
issues. A score of 2 indicates identifiable inconsis-
tencies in the code that do not alter the paper’s ma-
jor findings. For example, the reproduction report
(Daarstad et al., 2023) for a score-2 paper (Herzog
et al., 2022) notes: “We do not find any major cod-
ing errors. One minor point that we find is that
there is some inconsistency in how NA values are
coded for the gender variable.” While this coding
issue affects the data structure, it does not compro-
mise the core findings. A score of 3 is assigned
when the analysis and calculations are correct, but
minor reporting discrepancies are observed. For
instance, in the reproduction report (Akhtar and
Ye, 2023) for a score-3 paper (Gsottbauer et al.,
2022), it is stated: “When we perform the calcula-
tion to more precision, it is revealed as 3.848456.

This suggests that an initial calculation rounded
to two decimal places (3.85), followed by another
rounding to one decimal place, produced 3.9.”

Table 1 shows the reproducibility score distribu-
tion, with balanced counts of papers scoring 1–2
(indicating recognizable reproducibility issues) and
3–4 (largely or fully reproducible) to ensure a fair
evaluation, further demonstrating the effectiveness
of our data collection criteria.

All reproduction efforts in social science go
through the standard reproducibility assessment
pipeline (Brodeur et al., 2024), where the repro-
ducibility assessment can be deterministically clas-
sified into the four scores we defined. Given
this, the manual annotations of ground-truth re-
producibility is an objective task with the design
that ensures consistency across different sources
and reproduction efforts. The manual annotation
process follows a rigorous and consensus-driven
procedure. Specifically, the lead author manually
labels each paper’s reproducibility score based on
the official reproduction report. These labels are
then cross-verified by the rest of the team of 5, in-
cluding a legal expert who has deep familiarity with
the structure and language of social science doc-
umentation. Full agreement is reached through a
structured, consensus-based review process, using
the same scoring criteria across all sources.

Reproducibility Score Distribution

Score 1 Score 2 Score 3 Score 4

20 36 8 48

Score 1+ Score 2 Score 3 + Score 4

56 56

Programming Language

Single Language Multiple

LanguagesStata R MATLAB Julia Python

63 25 2 1 1 15

Data Formats

Single Format Multiple

Formats.dta .csv .rda(ta) .xls(x) .sav

34 11 10 5 1 51

Table 1: Statistics of REPRO-BENCH.

3.3 Data Statistics and Analysis

REPRO-BENCH includes papers that average 29
pages in length. The corresponding reproduction
packages average 4.2 GB in size and contain 142
files, spanning various programming languages and
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diverse social science data formats (Table 1). On
average, each paper has 5 major findings, with the
actual number ranging from 1 to 19 and a standard
deviation of 4.

To validate that paper reproducibility is unaf-
fected by irrelevant factors, we compute Spear-
man correlation coefficients ρ (Spearman, 1904)
between different paper features and ground-truth
reproducibility scores. We encode single data for-
mat or programming language as 0 and multiple
as 1, and apply label encoding to represent differ-
ent data formats and programming languages as
numerical values. The results in Table 2 show that
all factors have |ρ| < 0.1, indicating no meaning-
ful correlations with ground-truth reproducibility
scores. This confirms that these factors do not im-
pact reproducibility, supporting the rigor of our
data collection process and benchmark design.

# pages -0.064
# major findings -0.034
Reproduction package size (MB) 0.023
# files in reproduction package 0.0084
Single vs. multiple programming languages -0.0035
Single vs. multiple data formats 0.057
Different programming languages 0.044
Different data formats -0.011

Table 2: The correlation coefficients ρ between different
paper features and ground-truth reproducibility scores.

3.4 Task Formulation
As we illustrate in Figure 1, following the stan-
dard process for assessing the reproducibility of
social science papers (Brodeur et al., 2024), we
define each task instance in REPRO-BENCH as
follows: an agent is provided with (1) a social sci-
ence paper (in PDF format), (2) the corresponding
reproduction package, including data, code, and
documentations, and (3) a list of major findings.
The agent is tasked with generating a reproducibil-
ity score based on the scoring criteria in Section
3.2. To ensure consistent formatting for large-
scale data collection in real-world applications, the
agent is instructed to generate a valid output file,
reproducibility_score.json, containing a sin-
gle entry named reproducibility_score, with
the score stored as an integer value. This file must
be placed in the root folder where the agent starts
executing. REPRO-BENCH contains tasks demon-
strating the following three distinct features.

Real-world tasks impacting actual social science
research. REPRO-BENCH tasks mirror recent so-

cial science reproducibility assessments (Brodeur
et al., 2024; Collaboration, 2012), requiring agents
to assess the reproducibility of real-world papers
end-to-end. According to a legal expert, REPRO-
BENCH captures representative patterns of social
science papers and inspires efficient reproducibility
assessment tools, promoting better code and data
management for social science researchers.

Complex tasks involving long and diverse con-
texts. To complete tasks in REPRO-BENCH,
agents must extract essential information from long
paper texts and large volumes of data, while han-
dling multiple data formats and programming lan-
guages, to assess paper reproducibility.

Evaluation tasks requiring critical reasoning.
REPRO-BENCH offers insights into AI agents’ ap-
plication for evaluation tasks similar to assessing
research reproducibility. To generate accurate re-
producibility scores, agents are required to demon-
strate a wide range of reasoning skills: logical rea-
soning to interpret papers and code, mathematical
reasoning to modify and run code, visual reasoning
to examine data points, and causal reasoning to
infer scientific insights from results. Beyond these
reasoning skills widely studied in existing bench-
marks (Sun et al., 2024), the nature of REPRO-
BENCH uniquely demands strong critical reason-
ing. This foundational skill, which cannot be re-
duced to simpler forms of reasoning, is essential for
identifying and evaluating discrepancies between
original and reproduced results.

4 Experiment Setup

We introduce the agent environment, actions, and
feedback in Section 4.1, selected agents in Section
4.2, and evaluation metrics in Section 4.3.

4.1 Environment, Actions, and Feedback
Each agent starts in a directory con-
taining paper.pdf and a subdirectory
reproduction_package/, with task descrip-
tions in the user prompt that include the major
findings to be reproduced. All necessary soft-
ware, including Stata, MATLAB, and LaTeX,
is preinstalled in the environment, with version
details specified in the task descriptions. Agents
have the freedom to execute any command line
operations, install necessary packages, and access
all files on the system. They receive feedback
from the environment through both standard
output and standard error streams of the executed
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commands. To maintain objectivity, we ensure that
agents operate without access to underlying data
distributions or results from other task instances.

4.2 Agents

We select and adapt the following three agents to
perform REPRO-BENCH tasks.

AutoGPT (Gravitas, 2023). AutoGPT is a gen-
eralized agent designed for a wide range of tasks,
with capabilities that include making long-term
plans, selecting and using tools, and reflecting on
past actions. We select AutoGPT to investigate
the capability of general-purpose agents in solving
REPRO-BENCH tasks.

CORE-Agent (Siegel et al., 2024). CORE-Agent
is capable of completing subtasks within scientific
papers. We select the version of CORE-Agent
specifically adapted for hard tasks in CORE-Bench,
including its vision language model (VLM) tool, to
investigate the complexity of assessing the repro-
ducibility of a social science paper from scratch in
REPRO-BENCH tasks, in comparison to reproduc-
tion using predefined, concrete commands.

SWE-Agent (Yang et al., 2024). SWE-Agent is
a software engineering agent capable of resolving
real-world GitHub issues. We select SWE-Agent
to investigate how its Agent-Computer Interface
(ACI) supports the execution and debugging of
reproduction packages given social science papers
in REPRO-BENCH tasks.

All three agents use gpt-4o-2024-05-13 (Ope-
nAI, 2024). Following the original settings of all
three agents, we terminate the agents if they incur
API costs of over $4 per task.

4.3 Metrics

For performance evaluation, we use accuracy as the
primary metric, measuring whether the generated
reproducibility score matches the ground truth. We
examine applicability rates to verify whether the
agent generates valid outputs following the instruc-
tions in Section 3.4. Validity is evaluated in two
dimensions: the output file (1) must follow the cor-
rect format and naming convention [code], and (2)
must be placed in the root directory where the agent
starts executing [code]. We report both the original
and adjusted accuracy and applicability rates, with
the adjusted versions accounting for cases where
agents generate valid output files outside the desig-
nated directory (i.e., satisfies only (1) but not (2)).

For cost analysis, we report the average API costs
for all requests made by each agent for each task.

5 Experiment Results

We present the quantitative results in Section 5.1,
analyze agent reasoning traces through case studies
in Section 5.2, and validate our findings by develop-
ing REPRO-AGENT with significant performance
improvements in Section 5.3.

5.1 Quantitative Analysis
We report the overall success rates, applicability
rates, and costs in Table 3. CORE-Agent achieves
the highest accuracy at 21.4% among the three
agents, which is still lower than the expected 25%
accuracy of random guessing among four options
without prior knowledge of the underlying data
distributions or the results of other task instances.
Although CORE-Agent is designed for paper repro-
duction tasks, its accuracy is only slightly higher
(by less than 1%, representing just one additional
correct task) than the general-purpose AutoGPT.
SWE-Agent exhibits the lowest performance, with
only 10.7% accuracy even after adjustments, indi-
cating that simple ACI actions are insufficient for
handling the complex tasks in REPRO-BENCH.

Agent % Accuracy % Applicability Cost ($)

AutoGPT 20.5 60.7 2.03
CORE-Agent 21.4 46.4 2.00
SWE-Agent 1.8 (10.7) 1.8 (19.6) 1.20

Table 3: Performance and costs of different agents on
REPRO-BENCH. Adjusted values following Section
4.3 are reported in brackets if differ from original values.

We now analyze the performance in detail. We
use the adjusted values to derive more statistically
significant conclusions.

Agents are better at identifying reproducible pa-
pers. We present the distribution of generated
reproducibility scores in Figure 2. We can see that
all three agents perform significantly better on pa-
pers with a reproducibility score of 4. Furthermore,
agents tend to perform better on reproducibility
scores of 1 and 4 compared to scores of 2 and 3,
suggesting that the agents are inclined to generate
binary results rather than thoroughly investigating
the sources of inconsistencies.

Agents are better at R than Stata. We sum-
marize the accuracy distributions across task in-
stances with reproduction packages using the ma-
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Score 1 Score 2 Score 3 Score 4 No Score

Score 1

Score 2

Score 3

Score 4

20% 5% 0% 35% 40%

25% 5% 11% 25% 33%

25% 0% 0% 25% 50%

6% 8% 8% 35% 41%

AutoGPT

Score 1 Score 2 Score 3 Score 4 No Score

10% 0% 0% 20% 70%

16% 11% 0% 25% 47%

0% 0% 0% 37% 62%

8% 0% 4% 37% 50%

CORE-Agent

Score 1 Score 2 Score 3 Score 4 No Score

10% 0% 0% 5% 85%

0% 0% 2% 8% 88%

25% 0% 0% 12% 62%

4% 0% 0% 20% 75%

SWE-Agent
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Figure 2: Agent outputs across different reproducibility scores. Diagonal values (bold) represent accuracy. No Score
on the prediction axis refers to cases where AI agents did not generate valid outputs.
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Figure 3: Agent accuracy across different languages.

jor programming languages in social science re-
search, Stata and R, as well as those using multiple
programming languages, in Figure 3. We can see
that all three agents perform significantly better on
tasks with R code compared to those with Stata.
This is because, unlike Stata, which requires a pur-
chased license, R is more widely used across all
domains, and therefore, LLMs are likely to have
better knowledge of it.

Agents underperform when tasked with han-
dling multiple programming languages. As
we can see from Figure 3, the accuracy of all
three agents drops in task instances with multiple
programming languages compared to those with
a single programming language. This indicates
that LLMs struggle to ensure consistent execution
across diverse programming languages.

Data in multiple formats does not introduce per-
formance degradation. We compare the accuracy
of the three agents on task instances where repro-
duction packages contain source data in either a
single or multiple formats. Despite data variety, the
agents achieve comparable accuracy: the average
accuracy across all three agents is 54% for tasks
with a single data format and 52% for tasks with
multiple data formats. This indicates that LLMs
are capable of leveraging data loaders to effectively
integrate knowledge from data of diverse formats.

5.2 Qualitative Analysis

We analyze agent traces on REPRO-BENCH to
demonstrate agents’ ability to reason critically and
autonomously perform complex assessments.

Phase 1: General
Information Retrieval

$ list_folder(".")
$ read_file("paper.pdf")
$ read_file("reproduction_package/readme.txt")
$ cd reproduction_package

Phase 2: Code
Inspections

$ read_file("main.R")

Phase 3: Script
Edition & Execution

Phase 4: Result Comparison

$ Rscript main.R
$ <PATH & Package fixes>

$ list_folder("output")
$ read_file("output/main.tex")
$ query_vision_language_model(prompt="Are the reproduced results consistent?", 
        images=[<Original PNG>, <Reproduced PNG>])

Figure 4: Agent workflow for REPRO-BENCH tasks,
exemplified by the traces of CORE-Agent for Task 4.

Workflow of AI agents. By analyzing the traces
of all successful cases, we outline a general work-
flow of the agents in Figure 4. Specifically, the
agents start by developing a broad understanding of
the task and the environment in Phase 1, where they
(1) list all files and directories in the workspace to
identify available materials, (2) read the paper, and
(3) read the README file. In Phase 2, they inspect
the provided code for potential inconsistencies. In
Phase 3, they edit and execute scripts, and in Phase
4, they compare the execution results with the orig-
inal results. This workflow closely aligns with
real-world scenarios (Brodeur et al., 2024), demon-
strating the effectiveness of REPRO-BENCH tasks.

Why do AI agents fail to reproduce and analyze
results? By analyzing all the traces that misclas-
sify score 4 tasks as score 1 across the 3 agents,
we summarize the general workflow of executing
scripts and comparing results (i.e., Phases 3 and
4 in Figure 4), categorize the sources of failure to
reproduce results in social science papers into 4
types, and illustrate their distributions in Figure 5.

Type 1 failures occur when result comparison
is incorrect. For example, CORE-Agent wrote an
erroneous Python script for comparison in Task
50, falsely classifying consistent results as un-
matched. Type 2 failures occur when agents see
no terminal output for Stata scripts because er-
ror messages are stored in log files rather than
printed in the terminal, leading them to conclude
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Figure 5: Occurrences and distributions of 4 types of
failure sources in reproducing social science papers.

that the script does not produce consistent results,
as SWE-Agent did for Task 76. Type 3 failures
occur when agents cannot correctly install libraries.
Type 4 failures occur when agents fail to locate
files due to incorrect directory placement. For ex-
ample, in Task 62, the reproduction package con-
tains all the required data, but BGLM_Data.dta and
DuvEq-12-24-50.txt are not in the code execu-
tion directory, resulting in file missing errors. Auto-
GPT and CORE-Agent incorrectly concluded there
are missing data without searching the package.

As we illustrate in Figure 5, Type 4 failures occur
most frequently. This is because the organization
of reproduction packages is not as straightforward
as in traditional code repositories like SWE-Bench
(Jimenez et al., 2024) and CORE-Bench (Siegel
et al., 2024). Thus, the agents must infer the direc-
tory layout by inspecting package structures and
README files. Our results indicate that existing
agents lack proficiency in effectively navigating
and interpreting these complex directory structures.

Why do AI agents fail to recognize inconsisten-
cies? We inspect all traces where score 1 tasks are
misclassified as score 4 across the three agents and
identify two primary reasons for overlooking ma-
jor inconsistencies. First, the agents do not strictly
follow the workflow outlined in Figure 4. Notably,
in less than half (42%) of cases, agents incorporate
both Phase 2 (code inspection) and Phase 4 (re-
sult comparison) in their workflows, despite their
crucial role in detecting inconsistencies. Second,
in Phase 2, agents often read entire code files in-
stead of focusing on relevant sections, making error
identification difficult due to long code context.

5.3 REPRO-AGENT

We apply the empirical analysis in Sections 5.1 and
5.2 to build REPRO-AGENT. REPRO-AGENT ad-

dresses common failure patterns in existing agents
through three key strategies: (1) following a struc-
tured template built upon successful reproducibility
assessment cases to improve planning; (2) incor-
porating a dummy score prediction as a fallback
mechanism; and (3) using common error sources as
few-shot examples to enhance in-context learning
effectiveness. Specifically, we adjust CORE-Agent
with the following additional instructions:

REPRO-AGENT

Success Case Template (Figure 4)
- You should follow this general workflow of four
phases:. . .
Low Applicability (Table 3)
- You should always generate a dummy score in the
first step. . .
Common Error Sources (Figure 5)
- If you are using Stata, remember that the error mes-
sages are stored in log files rather than displayed
directly in the terminal.
- In some cases, the data files are provided but not in
the folder as indicated in the README files. . .

REPRO-AGENT achieves an accuracy of 36.6%,
a relative improvement of 71% compared to CORE-
Agent, which had the highest accuracy (21.4%)
among existing AI agents. With the strategy of first
generating a dummy score and then refining it af-
terward, REPRO-AGENT achieves an applicability
rate of 92.9%, a relative improvement of 53% over
AutoGPT, which had the highest applicability rate
(60.7%) among existing AI agents.

REPRO-AGENT’s significantly improved per-
formance validates our two key contributions: (1)
we systematically identify deficiencies and specific
failure modes in existing AI agents, and (2) we
demonstrate concrete and effective directions to
address the limitations of existing AI agents.

6 Conclusion

We introduce REPRO-BENCH, a benchmark de-
signed to evaluate the capability of AI agents in
assessing the reproducibility of social science pa-
pers. We evaluate three representative agents on
REPRO-BENCH, with the highest accuracy reach-
ing only 21.4%. Building on our empirical find-
ings, we develop REPRO-AGENT, which achieves
a 71% relative improvement in accuracy, reaching
36.6%. However, this performance remains insuf-
ficient for practical applications, highlighting the
need for developing more powerful AI agents with
enhanced reasoning capabilities, better contextual
understanding, and robust evaluation frameworks.

23624



7 Limitations

Our work has the following limitations that could
be addressed in future work:

• Lack of alternative versions of task instances:
While REPRO-BENCH’s current design al-
ready presents a robust, challenging, and rea-
sonable evaluation, as evidenced by the ob-
served performance differences across agents,
we believe its granularity can be further im-
proved by introducing multiple versions of
task instances for the same paper, incorporat-
ing intentionally erroneous or corrected code
and/or data.

• Lack of investigations into more complex sce-
narios: REPRO-BENCH follows real-world
scenarios, where reproducers have access to
the entire paper and the reproduction pack-
age. Future work can explore the capability of
agents to reproduce social science papers in
more challenging settings by masking the data
points in the experiment results and providing
the agents only with raw data.

• Extension into diverse domains: Beyond so-
cial science papers, where large-scale re-
production efforts are already underway,
REPRO-BENCH can be extended to other
fields where reproducibility is critical, such
as biology (Begley and Ioannidis, 2015), to
more comprehensively evaluate the ability of
agents to reproduce research findings.

• Building more advanced agents: Inspired by
REPRO-BENCH, more powerful agents than
REPRO-AGENT can be developed to better
accommodate the growing need for automat-
ing reproduction processes in social science.

• Potential for large-scale automation: The an-
noation process from reproduction reports can
potentially be automated. A promising di-
rection involves a lightweight pipeline that
combines OCR, pattern-based extraction, and
LLM-based claim identification from repro-
duction reports.
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