
The Shift Toward Open and Reproducible AI

Research

Kevin L Coakley1,2*, Thijs Snelleman3, Holger Hoos3,4,
Odd Erik Gundersen1*

1*Department of Computer Science, Norwegian University of Science and
Technology, Sem Sælands Vei 7-9, Trondheim, 7031, Trønderlag, Norway.
2San Diego Supercomputer Center, University of California San Diego,

9500 Gilman Dr, La Jolla, 92093, California, USA.
3Chair of AI Methodology, RWTH Aachen University, Theaterstrasse

35-39, Aachen, 52062, North Rhine-Westphalia, Germany.
4Leiden Institute of Advanced Computer Science, Leiden University,
Einsteinweg 55, Leiden, 2333 CC, South Holland, The Netherlands.

*Corresponding author(s). E-mail(s): kcoakley@sdsc.edu;
odderik@ntnu.no;

Contributing authors: snelleman@aim.rwth-aachen.de;
hh@aim.rwth-aachen.de;

Abstract

The reproducibility crisis has directed the AI research community toward improv-
ing documentation practices. Several studies have identified methodological issues,
and in response, the most impactful venues in the field have introduced repro-
ducibility checklists. We seek to understand whether documentation practices
have changed over time by assessing all published papers at five leading AI con-
ferences over the past decade. Seven reproducibility variables were identified,
quality-assured and used to analyse 56 800 publications. Our analysis reveals that
in the period 2014 to 2024, documentation practices have improved; papers shar-
ing both code and data increased nearly sixfold, from 11% to 64% Building on
empirical reproducibility rates from a prior study, we estimate — inferred from
documentation practices, not direct testing — that reproducibility increased from
28% in 2014 to 64% in 2024. Improvements in documentation practices predate
the introduction of reproducibility checklists, suggesting these changes reflect a
broader movement toward open science rather than a direct response to formal
requirements.
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Many scientific results cannot be reliably reproduced [1], and therefore conclusions
cannot be trusted [2]. This phenomenon is called the reproducibility crisis [3] and has
been described in a number of studies covering a broad range of disciplines, including
psychology [4–6], economics [7], medicine [8–10], neuroscience [11], and genetics [12].
Reproducibility concerns also gained prominence in artificial intelligence (AI) [13, 14],
where rapid growth in the field and increasing social importance have intensified the
urgency to mitigate the problem.

One way to mitigate the reproducibility crisis is to provide detailed descriptions
of the research alongside open code and data, and therefore a cultural shift toward
open science [15] has emerged, advocating for transparent and accessible knowledge.
As a large portion of empirical research in computer science and AI is conducted on
computers and experiments are described in code, sharing detailed descriptions of
experiments should, in principle, be straightforward [16]. Achieving this relies critically
on high-quality documentation of experimental methods and artifacts, such as code,
data, and workflows [17–20]. This has again led communities and venues to demand
stronger requirements from authors, reflected in the introduction of reproducibility
checklists for example at NeurIPS [21] and JAIR [22]. However, the effect of these
procedural and communal changes remains difficult to measure, especially at scale,
due to the manual labour required to reproduce studies and the tenfold increase in
published studies in the past decade, see Figure 1.

It is widely acknowledged that empirical AI research can fail in subtle ways.
Nondeterminism due to variability between execution (or computing) environments
can cause results to vary so much that it affects reproducibility [23–27]. Poor data
treatment, including poorly documented datasets, dataset splits, and data leakage also
pose challenges to reproducibility [28–30]. Inadequate hyperparameter optimisation can
lead to irreproducible results [23, 31–33], and the same holds for parallelization [34],
compiler settings, and operating system [35]. Even when code is provided, software
dependency issues, errors, and post-publication updates can prevent empirical AI
research from being reproduced [36, 37]. Gundersen et al. [38] categorizes different
sources of irreproducibility, but few papers investigate to what degree empirical AI
research results can be trusted.

Several attempts have been made to quantify the reproducibility of empirical
research in computer science and AI. Following Gundersen [39], we use reproducibility
to refer to the ability of independent investigators to draw the same conclusions from
an experiment by following the documentation shared by the original investigators. No
distinction is made between reproducibility and replication, consistent with Gundersen
[39], Schmidt [40], Nosek and Lakens [41], Goodman et al. [42], and Gundersen and
Kjensmo [13]. Collberg and Proebsting [43] were only able to execute the code of
48.3% of the 601 computer science papers that shared code as part of the publication,
not even attempting to evaluate whether the results were reproduced. Raff [44] was
able to reproduce 63.4% of 255 papers by reimplementing algorithms from scratch,
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while Gundersen et al. [45] reproduced 33% of papers that only provided data and
86% of papers that shared both code and data.

These studies, while insightful, reveal intrinsic limitations of manual reproduction.
Efforts are limited by the time required for manual reproduction, which introduces
selection biases when choosing which papers to replicate and reduces sample size. Accu-
rately measuring reproducibility trends in a field in which the leading five conferences
publish more than 12 000 papers annually cannot be done manually.

Another approach avoids reimplementing experiments entirely and instead focuses
on the quality of documentation and the inclusion of open artifacts as a practical means
of evaluating reproducibility in the spirit of open science. Gundersen and Kjensmo [13]
manually evaluated 400 randomly selected papers for characteristics associated with
reproducibility. Random selection reduced selection bias and documentation analysis
allowed for increasing the sample size to 400, yet their results still represent only a
fraction of conference papers published between 2013 and 2016. The reliance on manual
effort, whether for full reproduction or documentation analysis, renders a large-scale,
longitudinal analysis of the impact of open science on empirical AI research infeasible.

To address this methodological gap and, to the best of our knowledge, provide the
first comprehensive longitudinal analysis of open science in AI research, in this study,
we automate the evaluation of reproducibility documentation at scale leveraging large
language models (LLMs). We systematically assess documentation practices and the
use of open artifacts, such as code and datasets, of 56 800 papers from five leading
AI conferences — AAAI (Association for the Advancement of Artificial Intelligence
Conference on Artificial Intelligence), ICLR (International Conference on Learning
Representations), ICML (International Conference on Machine Learning), IJCAI (Inter-
national Joint Conference on Artificial Intelligence), and NeurIPS (Conference on
Neural Information Processing Systems) — spanning from 2014 to 2024. We confirmed
the reliability of our approach through prompt optimisation against a manually anno-
tated dataset; furthermore, we manually evaluating 160 randomly sampled papers
from the resulting dataset. This automated method circumvents the prohibitive costs
and inherent selection biases of manual reproduction, as well as the costs of manual
documentation analysis that have constrained previous work, enabling an, previously
infeasible, exhaustive analysis. With this scalable framework, our study tracks trends
in artifact sharing, quantifies the impact of community practices, such as require-
ments for reproducibility checklists, and characterizes the evolution of the estimated
reproducibility rate of AI research.

Our analysis reveals a quantifiable cultural shift toward open science through
improved quality of documentation and increased artifact sharing within the AI research
community. We estimate that the reproducibility rate of empirical research — inferred
from documentation practices and the empirical rates reported by Gundersen et al.
[45], not direct testing — has more than doubled, increasing from 28% in 2014 to
64% in 2024, a trend supported by a fivefold increase in papers sharing both code
and relying on open datasets. Our results show that improvements in documentation
practices were underway before reproducibility checklists were introduced. Our study
advances the literature on AI reproducibility by demonstrating quantifiable trends
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Annual publication counts across five leading AI conferences from 2014 to
2024.
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Fig. 1 The number of papers published at five leading AI conferences (AAAI, ICLR, ICML, IJCAI,
and NeurIPS) from 2014 to 2024. Publications increased tenfold over this period, from 1 206 papers in
2014 to 12 026 in 2024, reflecting the rapid expansion of AI research. IJCAI did not hold a conference
in 2014. A tabular representation of this data can be found in Supplementary Table 10.

in documentation practices, validated against manually annotated datasets, while
establishing an LLM-based methodology for conducting meta-science at scale.

1 Results

We analysed 56 800 papers from five top-tier AI and ML conferences, AAAI, ICLR,
ICML, IJCAI, and NeurIPS, published between 2014 and 2024. The number of publica-
tions at these conferences has grown substantially over this period, from 1 206 papers
in 2014 to 12 026 in 2024, a tenfold increase. 52 328 papers (92%) were identified as
empirical research and thus form the basis of our analysis; we excluded theoretical
papers, as the reproducibility of theoretical work warrants an analysis of an entirely
different nature.

1.1 Reproducibility Variables

To quantify the progress of open science and documentation practices in empirical AI
research, we evaluated each paper in our dataset for a set of variables. These variables
have been proposed in other studies [13, 44, 46] and cover the previously introduced
reproducibility checklists (see Supplementary Table 1). We use the reproducibility
variables as seven Boolean indicators that represent whether a given paper contains the
following information: (1) availability of open source code; (2) use of one or more open
datasets; (3) specification of dataset splits; (4) pseudocode describing the algorithm(s)
used; descriptions of (5) the hardware used to conduct the experiment; (6) the software
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Distribution of empirical papers by number of documented reproducibility
variables from 2014 to 2024.
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Fig. 2 The distribution of empirical papers grouped by how many of the seven reproducibility
variables (pseudocode, open code, open datasets, dataset splits, hardware specification, software
dependencies, and experiment setup) they document, shown for each year from 2014 to 2024. Each
coloured band represents papers documenting a specific count of variables, from zero (top, dark green)
to all seven (bottom, light orange). Documentation comprehensiveness improved substantially: the
proportion of papers documenting none of these variables decreased from 3% to 0.3%, while papers
documenting all seven increased from 0.1% to 1.7%. Most notably, papers documenting at least five of
the seven variables increased more than fivefold, from 8% in 2014 to 43% in 2024, demonstrating a
sustained shift toward more thorough documentation practices.

dependencies; and (7) the setup of the experiment. In addition, we distinguish whether
the study is considered empirical or theoretical, and capture whether at least one
author has an industry (rather than academic) affiliation to assess how institutional
context influences documentation practices.

1.2 Improved Documentation and Open Science Practices

Research documentation has improved from 2014 to 2024; we observed a substantial
positive trend for reproducibility variables. In 2014, only 8% of the empirical papers
provided documentation for five or more reproducibility variables (Figure 2), while by
2024 this figure had increased to 43%, representing more than a fivefold increase over
the decade. The fraction of papers providing documentation for none of these variables
vanished by 2019; at the same time, papers providing documentation for all variables
emerged.
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Open code and open dataset documentation rates across five AI
conferences from 2014 to 2024.
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Open Code Results by Conference
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Fig. 3 The percentage of empirical papers documenting the availability of open code (left) and the
use of open datasets (right) for each of the five conferences from 2014 to 2024. IJCAI did not hold a
conference in 2014. Both metrics show substantial increases across all venues. Open code availability
rose from 13% in 2014 to 69% in 2024 across all conferences (dashed black line), while open dataset
usage increased from 68% to 91% over the same period.

The seven reproducibility variables were selected because each captures a distinct
artifact or methodological description that reduces ambiguity for an independent team
attempting to reproduce an experiment. Because empirical AI research encompasses a
wide variety of methodologies, from reinforcement learning in simulated environments
to benchmarking on static corpora, none of the seven is strictly required for every
paper, and documenting all seven does not guarantee reproducibility. However, the
absence of each variable introduces a specific barrier: without pseudocode or open
code, algorithmic ambiguity increases [44, 47]; without open datasets or dataset splits,
an independent team must invest substantial time and compute identifying data
and splits that yield comparable results [45, 48, 49]; without hardware and software
specifications, environmental differences can shift results enough to alter conclusions,
particularly when performance margins are small [35, 50, 51]; and without experiment
setup details, hyperparameter search requires additional time and compute [44, 52, 53].
Each documented variable therefore removes one such barrier. At the population level,
papers that document more variables leave fewer barriers in place, increasing the
likelihood of successful reproduction. The year-over-year increase in the proportion of
papers documenting five or more variables reflects a measurable shift in the expected
reproducibility of the published literature, not a guarantee for any individual paper.

Our analysis shows that the AI community has broadly adopted open science
practices. Open science promotes transparency, accessibility and reproducibility in
research, and sharing of code and data is a cornerstone for achieving this [16]. Our
results show an increasing trend towards open source code and open datasets, as seen
in Figure 3; the use of open datasets increased by 23 percentage points from 68% to a
of 91%, whereas open source code increased five-fold from 13% to 69%.
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Rates of empirical papers documenting both open code and open datasets
versus neither from 2014 to 2024.
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Fig. 4 The percentage of all empirical papers across the five conferences that document both the
availability of open code and the use of open datasets (blue) versus papers that document neither
(orange), from 2014 to 2024. Papers sharing both code and data increased nearly sixfold, from 11% in
2014 to 64% in 2024, while papers sharing neither decreased sevenfold, from 29% to 4% over the same
period. This shift represents a fundamental change in research transparency, as the combination of
open code and open datasets is most strongly associated with reproducible findings [45]. The crossing
point occurred around 2017, after which sharing both became more common than sharing neither.

Sharing code and data correlates with successful replication [45]. Over the time
period we analysed, the number of papers that provide open source code and open
data, the combination most strongly associated with reproducible findings, increased
fivefold, while the proportion that shares neither code nor data, which requires the
most effort to reproduce, decreased by a factor of seven, as illustrated in Figure 4. The
substantial growth in papers sharing both code and data is associated with a higher
probability of reproducible findings.

To estimate what proportion of publications can be reproduced, we performed an
analysis based on the empirical reproducibility rates reported by Gundersen et al. [45].
Specifically, we applied two fixed rates from that study: 33% for papers sharing only
open datasets, and 86% for papers sharing both open code and open datasets. For
each year, we computed a weighted sum of these rates using the observed proportions
of papers in each category as weights, providing the estimated reproducibility rate
for each year (Figure 5). This procedure assumes that the reproducibility rates from
Gundersen et al. [45] hold as constants across all five conferences and the full 2014–2024
period, and that papers using private datasets can be excluded from the estimate; the
resulting values should therefore be interpreted as approximations rather than precise
measurements.

To quantify the uncertainty in these estimates, we computed Wilson score 95%
confidence intervals for the two empirical reproducibility rates reported by Gundersen
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Estimated reproducibility rate of empirical AI papers from 2014 to 2024.
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Fig. 5 Estimated reproducibility rate of empirical AI research from 2014 to 2024. The estimated
reproducibility of papers based on the availability of open code and open datasets, applying the
empirical reproducibility rates reported by Gundersen et al. [45]: 33% for papers using open datasets
only and 86% for papers sharing both code and open datasets. The overall estimated reproducibility
rate (dot-dash black line) more than doubled from 28% in 2014 to 64% in 2024. The dashed black line
shows the percentage of papers using open datasets, which directly determines whether reproducibility
can be estimated, increased from 68% to 91% of all empirical papers, while papers with unknown
reproducibility (blue, no open datasets) decreased from 32% to 9%. The hatched band represents the
95% confidence interval for the estimated reproducibility rate, derived from a Monte Carlo simulation
using Beta distributions parametrised from the replication counts of Gundersen et al. [45].

This substantial improvement demonstrates the tangible impact of increased code and
data sharing on the reproducibility of AI research.

et al. [45]: 86% (6/7) for papers sharing both open code and open datasets and 33%
(5/15) for papers sharing only open datasets. The lower and upper bounds were then
applied to the per-year reproducibility rate estimate (Figure 5).

Over the 11 years covered by our study, our results show a substantial increase in the
estimated reproducibility rate, inferred from the documentation of the reproducibility
variables, not direct testing, more than doubled from 28% in 2014 to 64% in 2024
(Figure 5). The proportion of empirical papers using private datasets, for which
reproducibility could not be estimated, decreased by 72%, from 32% of the research
analysed in 2014 to 9% in 2024. Although the overall number of published empirical
papers increased tenfold during that time, the number of papers estimated to be
reproducible increased nearly 24-fold, from approximately 305 in 2014 to approximately
7265 in 2024. These results illustrate how increased documentation, especially in the
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form of open code and datasets, and the broader adoption of open science practices have
tangibly improved the rigour of AI research, even as the field has expanded rapidly.

1.3 The Effect of Introducing Reproducibility Checklists

Reproducibility variable trend slopes (pp/year) before and after checklist introduction,
by conference.

Reproducibility Variable
All Papers AAAI ICLR

Before After Before After Before After
2014-2018 2019-2024 2014-2020 2021-2024 2014-2021 2022-2024

Pseudocode -0.7 0.5 -1.12 -3.1 3.52 -1.44
Open Code 4.24 5.76 4.47 4.42 4.92 0
Open Datasets 3.48 1.26 4.66 1.11 -0.38 -0.01
Dataset Splits 2.19 0.41 5.09 -3.15 0.01 -3.27
Hardware Specification 0.51 7.58 1.05 1.92 1.62 2.17
Software Dependencies -0.38 1.1 -0.78 -0.86 -0.07 0.68
Experiment Setup 1.19 1.26 3.17 -1.36 0.29 0.07

Reproducibility Variable
ICML IJCAI NeurIPS

Before After Before After Before After
2015-2022 2023-2024 2014-2020 2021-2024 2014-2018 2019-2024

Pseudocode -0.31 -4.44 -2.13 -0.35 -0.94 0.59
Open Code 5.67 1.42 4.8 5.2 5.04 4.91
Open Datasets 1.35 1.62 3.61 0.53 2.77 1.6
Dataset Splits -0.15 -0.61 3.91 -2.24 0.28 2.1
Hardware Specification 1.56 7.35 -0.34 1.23 0.81 11.74
Software Dependencies 0.37 -0.25 -1.3 0.73 0 1.64
Experiment Setup -0.02 -0.78 1.98 -0.69 -0.8 3.06

Table 1 The slope of the trend line for each reproducibility variables before and after reproducibility
checklists were introduced by the conference organizers. For all papers, we used the year 2019, when
NeurIPS introduced the first reproducibility checklist of the five leading AI conferences.

Reproducibility checklists have been introduced to improve and standardize docu-
mentation practices in the field, as checklists help establish a higher standard of baseline
performance [54] yet little information on the effect of these checklists is available.
To determine whether reproducibility checklists have had a positive effect on actual
or predicted reproducibility of AI research, we analysed the correlation between the
introduction of reproducibility checklists and the reproducibility variables. Four of the
five leading AI conferences have introduced reproducibility checklists (Supplementary
Table 11). NeurIPS was first in 2019, followed by AAAI and IJCAI in 2021, and ICML
in 2023. ICLR has introduced a guideline in 2022 to include an optional reproducibility
statement. Authors may self-select into conferences based on their requirements, includ-
ing the presence of reproducibility checklists, a factor we are unable to control for. We
fitted a trend line to each reproducibility variable. The slope quantifies the average
rate of change in percentage points per year (pp/year). We expect to see an effect of
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Reproducibility variable documentation rates with pre- and post-checklist
trend lines, across all five conferences from 2014 to 2024.
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All Papers Results with Trendlines
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AAAI Results with Trendlines
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ICLR Results with Trendlines
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ICML Results with Trendlines
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IJCAI Results with Trendlines
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Fig. 6 The percentage of empirical papers documenting seven reproducibility variables across all five
conferences and for each conference individually from 2014 to 2024. Dashed lines show the observed
annual percentages for each reproducibility variable; solid lines show the trend lines fitted before and
after reproducibility checklist introduction, with slopes quantifying the rate of change in percentage
points per year (pp/year). For aggregated results across all conferences, 2019 serves as the reference
year, corresponding to NeurIPS’s introduction of the first reproducibility checklist. IJCAI did not
hold a conference in 2014. The trends demonstrate that improvements in documentation practices
were largely established before formal checklist requirements, with the notable exception of hardware
specification, which showed increased slopes after checklist introduction, particularly at NeurIPS.
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a reproducibility checklist – if there is any – would appear as a change in the slope
of the trend line after it is introduced. To evaluate the impact of the reproducibility
checklist, we test the hypothesis that the pp/year increased after checklist introduction,
comparing pre- and post-checklist slopes using a one-sided binomial test.

Our analysis shows that reproducibility checklists did not systematically improve
the documentation rates of the reproducibility variables; the trends towards bet-
ter documentation practices were present before formal procedural mandates were
introduced.

Figure 6 illustrates these trends graphically for the aggregate dataset of all papers
across the conferences and for each conference individually, while Table 1 provides
the slope (pp/year) values for each reproducibility variable before and after the
reproducibility checklist was introduced.

Across the seven reproducibility variables and five conferences (n = 35), 15 exhibited
a higher post-checklist pp/year (Supplementary Table 3). A one-sided binomial test (H0 :
p = 0.5) indicates this is consistent with chance variation (p = 0.84, Cohen’s h = −0.16),
providing no statistical evidence that the adoption of the reproducibility checklist
increased the rate of improvement in documentation. The exception is Hardware
specification (purple line in Figure 6), which experiences an increase in all conferences
after the introduction of reproducibility checklist. Although the increase is moderate
for most conferences, the steep increase in Figure 6 is mainly driven by NeurIPS.

1.4 Comparison of Academia and Industry Documentation
Practices

Observations suggest that papers associated with industry-affiliated authors share less
code and data than papers solely by academic authors [43, 55]. Industry-affiliated
authors may have incentives to withhold code or data to protect intellectual property
and to thus maintain a competitive advantage [21, 43], or may be required to do so by
their employer. To examine whether there are systematic differences in documentation
practices, we evaluated which affiliation type documented each reproducibility variable
at a higher rate. We applied one-sided binomial tests to assess whether the proportion
of academic or industry papers with a higher percentage exceeded the 0.5 expected by
chance if both groups were equally likely. Across the seven reproducibility variables, the
five conferences, and 11 years (n = 378), academic papers documented more variables
177 times, while industry-affiliated papers had a higher percentage 200 times, with
one instance being a statistical tie, see Supplementary Table 4. This result according
to the binomial is consistent with chance variation and does not provide statistical
evidence that there are systematic differences between academia and industry.

Although it may appear that these findings are in disagreement with prior research,
our analysis — in which industry-affiliated papers documented more variables overall,
is broadly consistent with Gundersen [55], whose analysis found academic papers to
document reproducibility variables at higher rates, and indicates a shift in the trend of
open code and open dataset sharing by industry-affiliated authors beginning in 2018.
When restricting our analysis to the set of conferences common to both Gundersen
[55] and our study and aggregating the results following their methodology, we observe
comparable patterns: academic papers document six of the seven reproducibility
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Industry affiliation rates and documentation practices relative to academia
across five AI conferences from 2014 to 2024.
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Fig. 7 Left: The percentage of empirical papers at the five AI conferences that have at least one
or more authors with industry affiliation. While the overall number of industry-affiliated authors
has increased from 2014 to 2024, there has been a notable decline since the peak between 2018 and
2021. IJCAI did not hold a conference in 2014. Right: For each year, we counted — across all 35
variable-conference combinations (seven reproducibility variables × five conferences) — how many
combinations academic papers (blue) documented at a higher rate than industry-affiliated papers,
and how many industry-affiliated papers (orange) documented at a higher rate. The pattern reveals a
notable shift: academic papers consistently demonstrated superior documentation practices in early
years (2014-2017), but industry-affiliated papers began documenting variables more comprehensively
starting in 2018, a trend that has persisted through 2024. This reversal coincides with the decline in
overall industry participation.

variables at higher rates, with dataset splits, a variable not examined by Gundersen
[55], showing a higher rate of documentation in industry papers, see Supplementary
Table 5. Extending the analysis to the entire decade revealed a notable shift beginning
in 2018, when industry-affiliated papers began to document reproducibility variables at
higher rates than academic papers and continued to do so in subsequent years (Figure 7
right). This improvement in documentation quality among industry-affiliated papers
coincides with a decline in their overall publication share (Figure 7 left), suggesting
that while fewer industry-affiliated papers are now being published, those that are
exhibit more comprehensive documentation of reproducibility variables, a reversal of
the trend observed earlier in the decade. Gundersen [55], based on analyses from AAAI
and IJCAI conferences in 2014 and 2016, and Collberg and Proebsting [43], published
in 2016, both reported that industry-affiliated papers shared code less frequently than
academic ones, a pattern consistent with our results, but began to change in 2018,
when industry-affiliated papers started to exhibit more comprehensive documentation
practices.

A possible explanation for the relative improvement in documentation quality
among industry-affiliated papers is that the number of industry papers has declined
since the 2018–2021 peak (Figure 7 left). What remains as industry submissions may
be essentially academic research conducted by researchers with academic backgrounds
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following similar standards. Consequently, when industry-affiliated researchers do
choose to publish at conferences, they may do so with the intention of including code
and data; the materials may no longer offer a competitive edge, or to align with
strategic or reputational goals.

1.5 The Prevalence of Theoretical Research

The trend in the last decade reveals a diminishing proportion of purely theoretical
work, driven by the rapid expansion of empirical AI research rather than a contraction
of theoretical work in absolute numbers (Supplementary Figure 1). Across the five
leading AI conferences, the proportion of theoretical papers decreased from 10% in
2014 to 6% in 2024. This decline has been steady after a peak of 15% in 2015. As
the field has shifted toward empirical research, open science practices have become
increasingly important. Unlike theoretical work, where the logical and mathematical
rigour of proofs is self-contained within papers, empirical research depends on access to
external artifacts and explicit methodological descriptions for independent verification.
With empirical papers now constituting 94% of the published works at the five leading
AI conferences in 2024, open science practices, such as comprehensive documentation,
open source code, and open data, are now even more important to ensure the rigour,
reliability, and trustworthiness of AI research.

An analysis of NeurIPS 2019 found that 9% of the submissions were designated by
the authors as mainly theoretical [21]. Our LLM-based methodology, which analyses
published papers rather than author-reported metadata, identified 10.3% of accepted
papers as theoretical. The close agreement between these estimates, despite their
derivation from different data sources and methodologies, provides evidence for the
validity of our approach.

2 Discussion

We analysed 11 years of AI research from five top-tier AI conferences to assess how
documentation trends have changed and influenced the reproducibility of empirical
AI studies. Across 56 800 papers, documentation improved substantially over time:
the share of empirical papers that provided documentation for five or more of the
reproducibility variables increased from 8% in 2014 to 43% in 2024. This improvement
included increased sharing of source code and datasets, which raised the estimated
reproducibility rate of papers from 28% to 64%, under the assumptions described
in Section 1.2. Statistical analysis revealed no evidence that the introduction of
reproducibility checklists accelerated these changes. The upward trend in documentation
started several years before the introduction of reproducibility checklists, indicating
that broader shifts toward open science and improved documentation practices either
preceded formal reproducibility requirements at these conferences or that formal
requirements emerged as a response to the same underlying trends driving improved
documentation practices.

Given this progress, a critical question emerges: can this trajectory be sustained?
The slowing growth in our estimated reproducibility rate in recent years suggests the
community may be approaching practical limits. One limit is the use of closed datasets,
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which accounted for 9% of empirical papers in 2024. Achieving 100% open data is
neither realistic nor desirable, as legitimate privacy and confidentiality concerns renders
in some cases openly sharing data unrealistic.

A more tractable frontier for improvement lies with the 27% of papers that use
open datasets but do not share code. Gundersen et al. [45] finds one third of these
papers to be reproducible; closing this gap represents the most direct path to increasing
the estimated reproducibility rate as the mentioned concerns of sharing of data rarely
applies to code. Intellectual property is cited as a concern for researchers working in
industry [21, 43]. As AI research has become increasingly profitable, industry may
have become more reluctant to publish work that is closest to actual applications to
maintain a competitive advantage. However, if the implementation is described in
sufficient detail to enable reproduction, code sharing reveals no additional proprietary
information while reducing barriers to building on existing work, though this efficiency
gain may diminish authors’ competitive advantage in pursuing follow-up research.

Withholding code reduces transparency and hampers reproducibility, as code often
contains crucial implementation details that may not be documented. Although there
may be good reasons for withholding both code and data, the default should be an
expectation to share. Those who cannot share should be asked to state why.

Overcoming these challenges to push beyond the current plateau will require a
more fundamental evolution in how we author and publish AI research. The principles
behind initiatives such as the ”Geoscience Paper of the Future”, articulated by Gil
et al. [56], would strengthen AI reproducibility by ensuring that data and software are
reusable, properly licensed, and persistently identifiable, while computational workflows
are explicitly documented to capture provenance and support transparent verification
and reuse. This is critical not just for human researchers, but for the next generation
of AI research. As argued by Gil [57], published papers are often too unstructured
for automated analysis and reproduction. Tools that analyse papers, code, and data –
such as Reproscreener [58], which automatically assesses computational reproducibility
– and Reproducibility Copilots – such as OpenPub [59], which uses AI to facilitate
replication by generating Jupyter Notebooks with code and actionable recommendations
– demonstrate the use of AI to work around the challenges in extracting reproducibility
information from traditional paper formats. These tools must work around incomplete
or unstructured documentation and would benefit from an approach to publication
that prioritizes documentation and open artifacts. By making publications machine-
readable, we facilitate the development of AI systems that can independently reproduce,
extend, and ultimately generate new scientific discoveries on their own. Researchers
have already developed tools to help scientists generate novel hypotheses and research
proposals, such as Google AI co-scientist [60]; although not without limitations [61], it
has already shown to be valuable [62, 63].

Our study has several limitations. First, our LLM-based analysis relied exclusively
on the plain text extracted from papers, excluding information potentially contained
in figures, tables, supplementary materials, or external repositories not mentioned in
the text. Second, our assessment of reproducibility variables is binary; it does not
capture the quality or completeness of the shared artifacts. For example, a paper
sharing partial code is treated the same as one with a complete, well-documented
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repository. Third, LLMs can exhibit generalisation bias [64], and while our prompts
were designed to mitigate this, a subtle influence on the model cannot be ruled out.
Finally, our estimation of reproducibility is based on the availability of code and data
and is highly uncertain. The numbers on which we base the analysis come from a small
study that evaluated whether the authors were able to draw the same conclusions from
the same data. The study did not evaluate whether the claims can be generalised to
new data. Still, these are the best source data that we have found to base a field at
scale estimation of reproducibility from.

Future work should focus on addressing these limitations, and on expanding the
scope of inquiry. Methodologically, future tools could move beyond binary classifications
and plain text to assess documentation quality, parse code repositories, and interpret
figures. Additional descriptive analyses, breakdowns by institution type, subfield, and
geographic region, and a before/after analysis centered on the public release of AI
coding assistants would complement the longitudinal trends we report. Expanding
the analysis to include more conferences and journals would enable a more rigorous
examination of researcher self-selection into venues with or without reproducibility
checklists, and could support an empirical estimate of the probability of reproducibility
when all seven variables are documented.

Furthermore, comparing trends in AI to other scientific disciplines would provide
valuable context, revealing whether this embrace of open science is unique to AI or
part of a larger movement.

3 Methods

3.1 Reproducibility Variable Selection

The 20 variables identified by Gundersen and Kjensmo [13] provide the basis for our
selection of the reproducibility variables used to assess the progress of open science in
AI research. Gundersen and Kjensmo [13] provided both the conceptual framework
and, critically, a prompt optimization dataset of 400 manually annotated papers.
Building on this existing dataset allowed us to begin prompt engineering without first
investing substantial time and resources in manual annotation, and the breadth of
the variable set covers the major dimensions of empirical AI research documentation
— method, data, experiment, and metadata — making it a well-motivated starting
point. These include aspects of the method documentation (problem, objective/goal,
research method, research questions, pseudocode), data documentation (training data,
validation data, test data, results), experiment documentation (hypothesis, prediction,
method source code, hardware specifications, software dependencies, experiment setup,
experiment source code), and miscellaneous information about the research (research
type, research outcome, affiliation, and contribution). The necessity of documenting
these variables is rooted in the principle that sufficient detail must be provided for an
independent team to reproduce the work. The variables are primarily Boolean, with
one binary variable, research type (empirical/theoretical), and one ternary variable,
author affiliation (academia/industry/collaboration).

A subsequent replication study by Gundersen et al. [45] reinforced the critical
importance of sharing code and data. This finding prompted us to refine the original
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data-related variables. Instead of checking for separate training, validation, and test
data sharing, we replaced them with two new reproducibility variables, reducing the
effective variable set from 20 to 19:

• Open Datasets: This is true if the paper uses a well-known public dataset or shares
the dataset via a URL, DOI, or formal citation.

• Dataset Splits: This is true if the paper specifies how data is split, whether through
exact percentages, absolute counts, predefined splits, stratified methods, or cross-
validation.

To select a robust subset of variables for our automated analysis, we applied three
criteria. First, we required class balance, excluding variables where one class had too
few instances for reliable LLM evaluation; the first criterion eliminated seven variables,
Result Outcomes, Research Method, Research Question, Hypothesis, Prediction, Open
Experiment Code, and Results, from consideration. Supplementary Table 6 shows the
class balance for each reproducibility variable. Second, we prioritized variables deemed
most important for reproducibility based on the findings of Gundersen et al. [45], which
emphasised that providing code and data are paramount. Accordingly, we classified
pseudocode, open datasets, dataset splits, results, open code, hardware specification,
software dependencies, experiment setup, and open experiment code as important.
We also included affiliation and research type as important variables, as their results
may influence whether code and data are shared. Third, we required the LLM to
achieve an F1 score of 75% or greater for the reproducibility variable during our prompt
engineering phase on the prompt optimisation dataset; this threshold was selected to
ensure reliable classification while retaining sufficient variables for a comprehensive
analysis. Supplementary Table 2 shows the F1 scores for the reproducibility variables
on the prompt optimisation dataset. The three remaining excluded variables, Problem
Description, Goal/Objective, and Contribution, passed the class balance criterion
but did not achieve F1 scores of 75% or greater on the prompt optimization dataset.
These variables are not always stated explicitly using consistent terminology in papers
and require a higher level of contextual understanding than we were able to achieve
reliably through prompting on the LLMs we tested. The excluded variables are not
necessarily less important in principle; rather, their reliable automated extraction
was not achievable within our current methodology, and we chose not to include any
variable for which we lacked confidence in the results.

We made modifications to the original dataset from Gundersen and Kjensmo [13] to
better suit the capabilities of our LLM-based evaluation. The open code variable was
reevaluated; the original study verified if the code was still accessible at the provided
link, a task current LLMs cannot perform. Our revised criterion only checks if the
paper mentions a link to the code. We also reevaluated software dependencies to ensure
the criterion was consistently applied, requiring the mention of both a software package
and its version number. Justifications, with quotes from the papers, for the changes
to open datasets, dataset splits, open code and software dependencies are provided
in supplementary material. For the affiliation variable, we noticed that the original
dataset contained only 11 papers in the industry category (i.e., with all authors from
industry). With such a small sample size, we would not have been able to reliably
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assess the ability of our method to detect this type of papers. We thus used a binary
classification instead: papers written by authors solely from academia vs ones with at
least one author affiliated with industry.

3.2 Automated Evaluation of Reproducibility Variables

To develop and validate the LLM prompts used for our automated evaluation method,
we used the dataset created by Gundersen and Kjensmo [13] containing 400 papers
from AAAI (2014 and 2016) and IJCAI (2013 and 2016) and manually evaluated for
their 20 reproducible variables, which we refer to as the prompt optimisation dataset.
We downloaded PDF versions of the 400 papers from the AAAI and IJCAI proceedings
websites and extracted just the text of the papers, excluding figures but including figure
captions and the text of the tables, without the table formatting. Then we created a
script to automate the process of submitting the paper text and the reproducibility
variable evaluation prompt to the APIs for Anthropic, Google, OpenAI and open
weight models for inference and save the results in a structured format.

We undertook an iterative prompt engineering process to optimise LLM accuracy
on each of the 20 reproducibility variables with the prompt optimisation dataset. We
did not modify the weights of the model or use other techniques, such as Retrieval-
Augmented Generation (RAG). Instead, we utilised a few-shot prompting technique.
A few-shot prompt provides a few natural language demonstrations of the task at
inference time, but no weight updates are performed [65]. As the papers analysed in
this study were almost certainly used to train the LLMs we evaluated, the degree to
which responses reflect in-context reasoning versus recall remains an open question; the
method nonetheless achieved F1 scores exceeding 90.0% for six of nine variables on the
Evaluation Dataset (Supplementary Table 9). For each variable, we drafted a few-shot
prompt and used it to evaluate a subset of the 400 papers. For each reproducibility
variable we asked the LLM to return two values: (1) the Boolean, binary, or ternary
result of the engineered prompt and (2) a string result that includes a quote of the text
from the paper that supports the first result, otherwise explain why the information in
the paper is insufficient. The classifications obtained from the LLM were then compared
against the ground truth of the prompt optimisation dataset using a confusion matrix.
We closely examined the false positives and false negatives, reviewing the quotes from
the LLMs string output with the source text of the papers to identify patterns of
error. This analysis informed subsequent revisions of the few-shot prompt and the cycle
was repeated until the performance of the LLM stabilised at a high level of accuracy
and F1 score. Examples demonstrating the model’s handling of negated statements,
such as explicit declarations that a dataset is not publicly available, are provided in
Supplementary Section S6.

The final prompt submitted to the model for each paper consisted of a single API
query containing a brief task description followed by the full plain text of the paper
and the specific few-shot prompts for each of the 20 variables. The prompts for each
variable asked the LLM to determine if the paper met the criterion, provided a list of
positive and negative examples to guide its decision, requested a direct quote from the
paper to support its answer, and concluded with a final yes/no question. The model
was instructed to return its output in a structured JSON format, containing its binary
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answer and the supporting text from the paper. The full prompt, excluding the text of
the individual papers due to size limitations, is available in supplementary material.

3.3 Model Selection and Prompt Engineering

We evaluated 17 models from Anthropic, Google, OpenAI, Alibaba Cloud, and Microsoft,
of which three were open weight models (Supplementary Table 8). We selected the
Google Gemini 2.5 Flash model for the final large-scale evaluation based on four key
criteria:

LLM API Features: The task required reliable structured output. The Google, OpenAI,
and Ollama (used with the open weight models) APIs support generating JSON output
based on a predefined schema, ensuring consistency. The Anthropic API lacked this
native capability and was therefore eliminated.
Time: Due to limited access to GPU resources, we excluded the three open weights
models, since we could not process 58 600 papers within a reasonable timeframe.
Cost: Reserving funds for reasoning and output tokens, which are more expensive and
difficult to predict the length of, we selected models that would fit our budget for
input tokens for all 56 800 papers, based on an estimated 13 000 input tokens per paper
(Estimated costs are in Supplementary Table 8).
Accuracy: In preliminary tests, Gemini 2.5 Flash demonstrated superior accuracy on
our task compared to other models within our budget constraints, a result corroborated
by the public LLM leaderboard LMArena (https://lmarena.ai/) [? ].

The LLM-generated results for each of the 400 papers were systematically evaluated
against the ground truth from the prompt optimisation dataset over five runs. We
calculated the mean accuracy and mean F1 score for each reproducibility variable to
quantify model performance and selected affiliation, research type, pseudocode, open
datasets, dataset splits, open code, hardware specification, software dependencies, and
experiment setup as the final variables for our large-scale analysis. The results for each
run can be found in Supplementary Table 7.

Google Gemini 2.5 Flash demonstrated high performance and stability across five
evaluation runs. For affiliation and pseudocode, mean F1 scores greater than 90%
was achieved. For research type and hardware specification, open code, open datasets,
and dataset splits, we found F1 scores greater than 80%. Software dependencies and
experiment setup were also predicted reliably, with F1 scores of 78.3% and 78.8%,
respectively. The variance across runs differed substantially for the different variables;
the accuracy range varied from 0.5% (hardware specification) to 4.8% (dataset splits),
and the F1 score range varied from 1.0% (hardware specification) to 11.9% (software
dependencies) – see Supplementary Table 7 for all means and ranges. Furthermore,
the consistency of classifications for individual papers was high. For research type,
affiliation, pseudocode, open code, hardware specification, and software dependencies,
the evaluation was identical across all five runs over 95% of the time. Open dataset,
dataset splits, and experiment setup also showed high consistency, with consistent
evaluations 87%, 84%, and 74% of the time, respectively, see Figure 8.
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LLM classification consistency across five runs for each reproducibility
variable.
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Fig. 8 The consistency of classification from the LLM over five runs for each of the reproducibility
variables. Light orange represents the number of papers the LLM consistently correctly classified
reproducibility variable and the purple represents the number of papers the LLM consistently incorrectly
classified reproducibility variable. The dark orange, red, pink and blue, represents the number of
papers the LLM did not consistently make the same classification over multiple runs.

3.4 Large-Scale Conference Paper Analysis

For our large-scale analysis, we selected five top-tier AI conferences: AAAI, ICLR,
ICML, IJCAI, and NeurIPS. We collected all published papers over an 11-year period
to analyse trends over time. After excluding papers from affiliated workshops and
papers from joint proceedings, which often have different reviewing criteria, our final
dataset comprised 56 800 main conference papers. We did not include journals in our
analysis. Although these journals, such as JAIR and JMLR, play major roles in AI
research, we excluded these due to time constraints. This set also included 300 papers
from the original analysis by Gundersen and Kjensmo [13] (AAAI 2014, AAAI 2016,
and IJCAI 2016). A detailed description of the paper selection and collection process
is available in Supplementary Section S3.

The workflow for processing the 56 800 papers mirrored the one used for the initial
400-paper evaluation. Each PDF was converted to text, and the same engineered
prompt was used with Google Gemini 2.5 Flash for all of the reproducibility variables.
Only the nine selected reproducibility variables from Section 1.1 were analysed. The
results from the 56 800 paper LLM analysis containing the binary answer and the
supporting text from the paper are provided as supplementary material.

3.5 Does the Method Generalise to the Population?

To validate how well our approach generalised from the prompt optimisation dataset
to the full set of papers, we sampled 160 papers uniformly at random from full set of
56 800 papers and labelled them manually to create an evaluation dataset. The results
are presented in Supplementary Table 9. The year and conference distributions of the
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evaluation dataset closely mirror those of the full corpus (Supplementary Figure 2 and
Supplementary Figure 3), supporting the generalisability of the results reported below.
Surprisingly, the F1 scores show a substantial improvement for all classes, achieving
greater than 90.0% with the exception of three variables; data set splits (81.48%),
software dependencies (81.25%) and experiment setup (86.21%). This increase in
performance can be attributed to various factors. First, the prompt optimisation dataset
is a biased subset of the population, representing only AAAI and IJCAI in 2013, 2014
and 2016. Secondly, the LLM was not actually fitted to the training data, but rather the
prompts were optimised, which prevents possible overfitting through backpropagation.
Only for one variable a decrease in performance was measured between the prompt
optimisation and evaluation datasets: for dataset splits performance dropped from
81.48% to 79.56%, a decrease of 1.92 percentage points. We found that the majority
of the papers in the evaluation set that had mislabelled data splits were caused by
inflexibility in the prompt; in 60.0% of the errors, the procedure produced a false
negative due to the authors choosing not to use a validation set and therefore not
providing the full data split containing training, validation and test sets. Overall, the
results show us that our method generalises well to the full dataset of papers.

Supplementary information. The LLM prompt, code, results, and analysis can
be found online: https://doi.org/10.5281/zenodo.20785801 [66].
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