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Abstract

A reproducibility crisis has been reported in science, but the
extent to which it affects Al research is not yet fully un-
derstood. Therefore, we performed a systematic replication
study including 30 highly cited Al studies relying on original
materials when available. In the end, eight articles were re-
jected because they required access to data or hardware that
was practically impossible to acquire as part of the project.
Six articles were successfully reproduced, while five were
partially reproduced. In total, 50% of the articles included
was reproduced to some extent. The availability of code and
data correlate strongly with reproducibility, as 86% of arti-
cles that shared code and data were fully or partly repro-
duced, while this was true for 33% of articles that shared only
data. The quality of the data documentation correlates with
successful replication. Poorly documented or miss-specified
data will probably result in unsuccessful replication. Surpris-
ingly, the quality of the code documentation does not corre-
late with successful replication. Whether the code is poorly
documented, partially missing, or not versioned is not impor-
tant for successful replication, as long as the code is shared.
This study emphasizes the effectiveness of open science and
the importance of properly documenting data work.

Introduction

There is evidence that science is undergoing a reproducibil-
ity crisis (Baker 2016). (Ioannidis 2005) claims that most
published research findings are false. Research in artificial
intelligence (Al) is not spared (Hutson 2018; Haibe-Kains
et al. 2020; Gundersen 2020), and machine learning-based
science, which is science that uses machine learning algo-
rithms, is severely affected (Kapoor and Narayanan 2023).
Some even argue that Al might be one of the causes of ir-
reproducibility (Ball 2023). However, it is not clear how
much science is reproducible. Notable examples of stud-
ies that have tried to estimate the reproducibility exist for
psychology (Collaboration 2015), social science (Camerer
et al. 2018), economics (Camerer et al. 2016), medicine
(Prinz, Schlange, and Asadullah 2011), and social psychol-
ogy (Klein et al. 2014). (Raff 2019) estimated the repro-
ducibility of machine learning to be 63.5% by attempting to
independently reproduce 255 articles by reimplementing the
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Figure 1: An R3 type reproducibility study is conducted
where only the research report and data are shared pub-
licly, so the code implementing both the AI method and
experiment as well as hardware an ancillary software dif-
fer from the original experiment, as illustrated by differing
icons. Many assumptions must be made when conducting a
reproducibility study as the research report cannot possibly
cover all design decisions. Difference in implementation as
well as differences in hardware and ancillary software can
introduce differences between the output produced by the
original and the reproducibility experiments. Sometimes the
differences lead to different conclusions even after doing the
exact same analysis. This is indicated for one of the repro-
ducibility experiments by the black light bulb icon. When
the original article describes several experiments, the over-
all result of the reproducibility study depends on whether all
the conclusions of all these experiments agree or not. If only
a subset of the conclusions is the same, the reproducibility
study is considered Partial Success.

algorithms, while (Gundersen and Kjensmo 2018) estimated
the reproducibility of research published in AAAI and IJCAI
to be 26% indirectly by analyzing 400 research articles.

Many studies in machine learning have investigated repro-
ducibility in various ways. (Pham et al. 2020) and (Zhuang
et al. 2022) investigate how different sources of variabil-
ity affect the results of neural networks, and (Gundersen
et al. 2023) investigate how variability affects conclusions.
Natural language processing is the focus of (Melis, Dyer,
and Blunsom 2018), who find that standard LSTM archi-



tectures, when properly regularized, outperform more re-
cent models, and (Belz et al. 2021) found that replication
under the same conditions yields results that are more of-
ten worse than results that are better than those reported.
(Lucic et al. 2018) did not find any evidence that the algo-
rithms they tested consistently outperformed (Goodfellow
et al. 2014), although this was claimed in the articles in-
troducing these algorithms. (Bouthillier, Laurent, and Vin-
cent 2019) focus on image recognition. They note the lack
of clarity on whether exploratory or confirmatory research
is reported and argue the need to increase the rigor of em-
pirical research in deep learning. (Varoquaux and Cheply-
gina 2022) argue that as long as there is no incentive for
clarity in publications, researchers optimize for publication.
Therefore, publication norms should be improved. The em-
pirical results presented in (Makridakis, Spiliotis, and As-
simakopoulos 2018) stress the need for objective and un-
biased ways to test the performance of forecasting meth-
ods, while (Dacrema, Cremonesi, and Jannach 2019) inves-
tigates recommender systems and finds that less progress is
made than what is reported.(Henderson et al. 2018) investi-
gate reinforcement learning and illustrates several practices
that lead to poor reproducibility. (Werner et al. 2024) stud-
ies how to extend machine learning research by reexecut-
ing, reimplementing, and evaluating an algorithm on another
dataset. (Arvan, Pina, and Parde 2022) reproduce eight NLP
papers based on open code and data at a success rate of 25%
and propose that the complete experiment is shared as self-
contained and executable artifacts. (Gundersen et al. 2022)
provides an overview of 41 design decisions that could be
sources of irreproducibility.

The purpose of this study is to shed light on what is impor-
tant in ensuring the reproducibility of artificial intelligence
research. Evidence is found by attempting to reproduce 30
Al studies, documenting the problems encountered during
reproduction of them, and analyzing which of the problems
lead to irreproducible studies. Our main contributions are:

* A systematic replication study of 30 Al studies that iden-
tifies 20 different problem types and their correlation
with irreproducibility.

Empirically establishing the importance of sharing both
code and data to ensure the reproducibility of Al re-
search. We also found that the quality of the data doc-
umentation has a higher correlation with reproducibility
than the quality of the code documentation.

We estimate the reproducibility of Al research to be 33%
when data from the original experiment are available and
86% when both code and data are available.

Selecting and Retrieving Articles

In total, 30 articles were included in this study. We included ten
articles from each of the years 2012, 2014, and 2016. Using sco-
pus.com, a search was performed for each year for empirical ar-
ticles in Al, and the results were ranked according to the number
of citations. Then, the ten most cited articles from each year were
selected for inclusion.An initial check revealed that not all the arti-
cles returned by Scopus were empirical studies. These articles were
excluded from the study and replaced by the empirical studies that

26212

followed next in the ranking. Therefore, the final list of articles con-
tains the ten most cited articles (as of January 2018) reporting em-
pirical Al research from 2012, 2014, and 2016. (Raff 2019) saw
an increase from 63.5% reproducibility to 84% after contacting the
authors of the original article. We did not contact the authors as the
documentation should contain all necessary information.

Determining Reproducibility Type

Before starting our attempt at reproducing the 30 retrieved articles,
we determined their reproducibility type. (Gundersen, Shamsaliei,
and Isdahl 2022) describes four types of reproducibility based on
the documentation available to third parties: RI Description where
only the research report (scientific article) is available, R2 Code
where the research report and the code implementing the exper-
iment are available, R3 Data where the research report and data
used in the experiments are available, and finally R4 Experiment
where the research report, code, and data are available. We rely on
this classification here.We only included articles that were of type
R4 Experiment and R3 Data. All articles for which we found both
code and data were classified as R4, while those for which we only
found data were classified as R3. We did not attempt to replicate
articles that relied on closed data, as it was practically impossible
due to the workload associated with data collection, restricted ac-
cess to data sources, and privacy issues. So, articles that were of
type R1 Description and R2 Code were not reproduced. Articles of
both types are classified as R1 Description.

Code Retrieval

For a study to be classified as R4 Experiment, the code implement-
ing the method was required to be publicly available for at least
one of the experiments described in the article. As such, replicating
R4 articles may involve the writing of new code, primarily imple-
mentation of experiments. We search for the code in three different
ways when determining whether a study is of type R1. First, we
checked whether the research article contained a link to the code.
Then, if it did not contain a link to the code, we searched the Web
using google.com twice if necessary: one search containing only
the name of the study and another with the name of the study fol-
lowed by the term “github” to specifically check whether the code
was hosted at github.com. Finally, we checked the web pages of
the main authors of the study. If an implementation was found,
we tried to determine whether it was the original implementation
or one done by a third party. This was done by checking whether
the implementation explicitly mentioned being part of the original
study or whether the code maintainer was one of the authors of the
original study. If either of these requirements were met, the imple-
mentation was assumed to be original. Implementations that were
shared in an uninspectable manner, that is, as compiled programs,
were included in this study as R3 and not R4 studies.

Data Retrieval

A similar procedure was used when searching for data sets. For ar-
ticles relying on data sets, we checked whether the article provided
links to web pages hosting the data sets or references to articles that
introduced the data set. If a link was not provided, we searched for
the data set name using the Google search engine. If no matches
were found, we searched the referenced articles for information on
where to find the data sets. When determining whether a data set
found online was the same as the one used in the study, it was as-
sumed that the data set was the same if the name was identical or if
the original article and the page that hosted the data set referenced
the same research article.

In some cases, articles will rely on popular data sets in one or
more of its experiments but will perform significant preprocess-



Reference Type Time Total Compl. Ident. Cons. Fail. Cause Result
(Alexe, Deselaers, and Ferrari 2012) R4 40 18 22% 0% 22% 0% Time S
(Chen et al. 2016) R3 40 4 50% 25% 0 25% Time PS
(Li, Niu, and Xiao 2012) R3 40 46 100% 37% 37% 26% 0 PS
(Saad, Bovik, and Charrier 2012) R4 25 10 10% 0% 10% 0% Code S
(Li and Yao 2011) R3 40 21 33% 0% 19% 14% Time PS
(Guha and Ward 2011) R3 40 14 7% 0% 0% 7% Time F
(Zeiler and Fergus 2014) R3 40 20 0% 0% 0% 0% Time NR
(Jia et al. 2016b) R3 22 1 100% 0% 100% 0% 0 S
(Akay and Karaboga 2012) R3 40 68 12% 0% 1% 10% Time PS
(Peng et al. 2012) R4 10 31 77% 0% 0% 77% Code F
(Liu and Tao 2015) R3 40 6 17% 0% 0% 17%  Data, Time F
(Ordéiiez and Roggen 2016) R4 20 4 50% 0% 25%  25% Code PS
(Goferman, Zelnik-Manor, and Tal 2012) R3 40 2 100% 0% 0% 100% 0 F
(Le and Mikolov 2014) R3 40 3 0% 0% 0% 0% Time NR
(Chen and Guestrin 2016) R4 40 4 50% 0% 50% 0% Time S
(Zhang et al. 2014) R3 40 12 0% 0% 0% 0% Time NR
(Chen et al. 2014) R4 8 16 37% 19% 19% 0% Code S
(Huang et al. 2014) R3 40 38 13% 0% 0% 13% Time F
(Lietal. 2014) R3 22 6 0% 0% 0% 0% Text NR
(Jia et al. 2016a) R3 8 10 0% 0% 0% 0% Text NR
(Rodriguez and Laio 2014) R4 33 7 86% 86% 0% 0% Text S
(Donahue et al. 2014) R3 40 4 25% 0% 0% 25% Time F

Table 1: Overview of the results from the reproducibility studies where Compl. is Completed, Ident. is Identical, Cons. is
Consistent and Fail. is Failure. Results of the reproducibility studies can be Success (S), Partial Success (PS), Failed (F), No
Result (NR), and Not Started (NS). Paper with ID 23 through ID 30 were R1 studies that were not started (NS).

ing on the data before using it in the proposed method. Prepro-
cessing may change the data samples or the composition of the
data set resulting in a new data set slightly different from the orig-
inal. However, since studies often use data sets owned by other re-
searchers or institutions, authors may have limited ability to share
the new data sets that are preprocessed. When encountering stud-
ies with data preprocessing where the processed data is not shared,
we tried to re-run, and if necessary reimplement, the data prepro-
cessing pipeline. The only exceptions to this were studies where the
preprocessing had to be reimplemented and involved multiple com-
plex stages, or where the preprocessing required manual editing. In
these cases, the likelihood of us creating a data set that is identical
or equivalent to the original data set was deemed low. Studies with
these types of preprocessing were considered R3 reproducible, on
the grounds that an important part of the methodology used to pro-
duce the results needed reimplementation.

The Replication Study

A reproducibility study that reproduced the results reported in an
article was carried out at the highest reproducibility level possible.
So, if an article was considered to be of reproducibility type R4, a
reproducibility study relying on both code and data was attempted.
Hence, for R4 articles, we did not reimplement the code, except if
parts of the code were missing. The maximum time we spent on
a reproducibility study was 40 hours of focused work. Breaks did
not count towards the limit. The limit was set for practical reasons,
and we considered 40 hours a reasonable effort. To some extent, we
based this decision on the prediction that well-documented studies
should be reproducible within this time frame.

Many published articles include more than one experiment, so
one reproducibility study could contain several reproducibility ex-
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periments. We focused on one experiment at a time. When decid-
ing which experiment to start with, we emphasized the importance
of the experiment to the article, i.e. how much it is discussed, as
well as the order in which the experiments were presented. In most
cases, the first eligible experiment was conducted first. Some ex-
periments described in the articles were excluded on the basis of
which material was available for exactly that experiment. For ex-
ample, when deciding that an article could be reproduced at the R4
reproducibility level, only the experiments in the article covered by
the provided method code were considered eligible. If after having
achieved results for the first experiment and there was still time left
of the 40 hours, we move on to the next eligible experiment.

Counting the number of experiments in an article and distin-
guishing between the experiments was difficult at times. Since dif-
ferent articles used the term experiment in different ways, there is
a need for a clear definition. The definition we rely on is that one
experiment is one method run on one data set or function. When
running multiple methods or using multiple data sets, these are con-
sidered to be multiple experiments, even if the original article does
not specify them as such.

For R4 articles, we implemented methods and experiments from
scratch. In these cases, we chose to use the same programming lan-
guage and third-party libraries that were used in the original study.
If the programming language was not specified, we chose a suit-
able programming language. When the use of a third-party library
was mentioned, we attempted to use the same library and version
as specified in the article. However, if the library mentioned was
unavailable, a substitute library was used. We also used third-party
libraries not mentioned in the original article in our implementa-
tion in cases where this was considered practical. For example, in
cases where a study used a known algorithm as part of its method



ID Source

Description of Problem # TPR  wj
P1 Code Method code is shared, but not experiment code. 5 0.2 0.16
P2 Code Method code is shared but does not cover the entire method. 1 0.0 0.12
P3 Code Poor documentation of code. 1 0.0 0.12
P4 Code Experiment setup not not described or differ from article. 2 0.0 047
P5 Code Not clear which version of the code is used for the experiments. 3 0.0 044
P6 Code Code is shared in a compiled or non-inspectable form. 2 1.0 -04
P7 Code Random seeds and random number generators not specified. 4 0.0 0.88
P8 Article Ambiguous description of method. 5 0.6 -0.28
P9 Article Ambiguous description of the experiment. 7 07 -027
P10 Article Ambiguous description of the implementation of the method or experiment. 12 06 -0.15
P11 Article Multiple methods for solving a sub-task are mentioned but not specified. 2 0.5 0.11
P12 Article Hyperparameters are shared online, but differ from those used in experiment. 1 0.0 0.12
P13 Article Experiment- or hyper-parameters are not shared. 6 03 039
P14 Article The article contains an error. 1 0.0 0.26
P15 Data Mismatch between dataset specified and version of it found online. 5 1.0 -1.00
P16 Data A subset of a dataset is used, but which exactly is not specified. 1 1.0 -0.20
P17 Data The preprocessed or augmented version of a dataset is not shared. 4 0.8 -0.06
P18 Data How dataset is partitioned into training, validation, and test is not described. 4 1.0 -0.82
P19 Results Results are presented in a way that makes a comparison hard. 2 0.5 0.29
P20 Resources Lack of access to hardware or software needed to conduct the experiment. 1 1.0  -0.36

Table 2: Problem ID, the source of the problem, description of the problem, how many times we encountered the problem, the
true positive rate (TPR) and the weights of a logistic regression performing a binary classification on reproducibility result.

but did not describe how this algorithm was implemented, we re-
lied on a third-party implementation. Whenever a random number
generator was used, we explicitly set the seed in the code. All re-
sults produced by a method, not just metrics and result aggregates,
were written to file in our study.

Some reproducibility studies were aborted before all experi-
ments were attempted, or the time limit was reached. We also
aborted reproducibility studies where the hardware demand ex-
ceeded what was available to us or in cases where a reproduction
attempt reached a situation where it was impossible to get any re-
sults within the remaining time of the reproducibility study. Such
situations were recorded as spending all the time (40 hours) even
though this was not the case in practice. We used personal comput-
ers and a high-end GPU cluster to execute experiments.

Figure 1 shows how a reproducibility study relates to the original
study reported in an article. The research design, which is part of
the article, describes how the experiment should be conducted, and
the experiment is executing tailor-made code on a dataset utilizing
some ancillary software, i.e. libraries, frameworks, and operating
systems, on some computer hardware. The outcome of the compu-
tational experiment is analyzed and a conclusion is reached. Many
assumptions must be made when conducting an R3 reproducibility
study, as the article cannot possibly cover all design decisions. The
figure also emphasizes that the code, hardware, and ancillary soft-
ware differ from the original experiment, as does the outcome for
all of the experiments reported in the article. As one of the conclu-
sions differs, the study is deemed a Partial Success.

Classifying Results

Analyzing whether replications are successful requires that the re-
sults be grouped together. There are two levels of results to con-
sider: 1) the result produced by reproducibility experiments, of
which there can be many per study, and 2) the results of repro-
ducibility sfudy, which is the aggregate of these reproducibility
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experiments. The distinction between the results reported in the
study as a whole and each individual experiment is usually not
discussed. For example, (Gundersen et al. 2022) does not explic-
itly distinguish between the study and the experiments. However,
their definition of a reproducibility experiment is compatible with
an individual experiment but not with the whole study, which po-
tentially consists of many experiments. (Raff 2019) distinguish be-
tween these and considers a study to be reproduced if more than
75% of the experiments support the conclusion.

Experiment Result Classification

The classification of each of the individual reproducibility experi-
ments reported in an article is addressed first. We follow the termi-
nology used by (Gundersen et al. 2022) in which they distinguish
between outcome reproducible and analysis reproducible. In cases
where the reproduced outcome of an individual reproducibility ex-
periment is identical to the original experiment, the reproducibility
experiment is considered outcome reproducible. However, in many
cases, the reproduced outcome will not exactly match the original
values, but the same analysis of the different outcomes will lead
to the same conclusions. Reproducibility experiments that gener-
ate different outcomes than the original study are analysis repro-
ducible if the analysis is consistent with the original analysis and
results in the same conclusion. If the result of a reproducibility ex-
periment is classified as neither identical nor consistent, it is clas-
sified as failed, and the reproducibility experiment is negative; the
result is not reproduced. Hence, there are three possible outcomes
for each reproducibility experiment: 1) identical, 2) consistent, and
3) failed.

Study Result Classification

The result of a reproducibility study is decided on the basis of the
aggregate result of all individual reproducibility experiments. A re-
producibility study is defined as Success if all of the experiments



are either outcome or analysis reproducible, which means that each
of the reproducibility experiments is identical or consistent with the
original experiment. If there is a mixture of identical, consistent
and failed reproducibility experiments, the reproducibility study is
classified as Partial Success. If all reproducibility experiments of
a study failed, the reproducibility study is classified as Failure. If
none of the reproducibility experiments was completed success-
fully, the result of the reproducibility study is No Result. The R1
reproducibility studies that we were unable to conduct because we
did not have access to relevant data were classified as Not Started.

What constitutes a Partial Success? A study for which only
one of the experiments were identical or consistent is classified
as Partial Success even though the study reported many exper-
iments. There are many sources of irreproducibility (Gundersen
et al. 2022), some of which are hard to control, such as variabil-
ity introduced by different hardware or software stacks. This could
mean that the researchers conducting the original study could re-
produce the results they reported consistently while we, a third
party, were not able to. So, a Partial Success provides evidence
of the experiments being documented so well that third parties are
able to repeat them.

Results

Table 1 provides an overview of the 22 studies we attempted to
replicate. The table shows the type of reproducibility, the amount
of time spent on reproducibility studies, the total number of exper-
iments in a study, the percentage of experiments that were com-
pleted and the percentage of results that were identical to, con-
sistent with, or different from the original study. The reason for
not completing all experiments in a study is presented next, and fi-
nally, the results of the reproducibility studies are provided. Eight
of the 30 articles were rejected because they required us to collect
new data (R1 Description type) or use special hardware, and these
were (Cheng, Zhou, and Han 2016), (Meng et al. 2016), (Shin et al.
2016), (Silver et al. 2016), (Graves and Jaitly 2014), (Yin et al.
2013), (Zhang et al. 2012a), (Zhang et al. 2012b). Seven of the 22
articles were of reproducibility type R4 where both data and code
were made public, while the remaining 15 articles were of repro-
ducibility type R3 where only data were made available.

We completed all experiments for three of the studies, and we
spent all available time (40 hours) for 12 studies without complet-
ing all experiments, which means that 40 effective working hours
is not enough time to replicate a study — surprisingly also for R4.
Missing code was the second most common cause for not complet-
ing a study. This meant that even though parts of the code were
made available, not all code was, so we had to reimplement parts
of the codebase, which, of course, is time-consuming. This was the
reason for not completing four of the studies. For three of the stud-
ies, poor descriptions were the reason for not completing them, as
it was not clear what to do.

Figure 2 provides an overview of the results of the reproducibil-
ity studies. As Figure 2a shows, of the seven R4 studies, five were
reproduced successfully and one partially, while only one of the 15
R3 studies was reproduced successfully and four partially, which
means that ten were failures (5) or not completed (5). Figure 2b
illustrates well that the sharing of code and data leads to successful
replications. Studies that only share data are the most prevalent for
partial successful replications, but more fail and end with no result.
We reproduced 11 out of 22 studies successfully (six) or partially
(five), while we did not reproduce six and obtained no result for
five, leading to a success rate of 50% for those we started.

In Table 2, we provide an overview of the 20 different types of
problem that we encountered when trying to reproduce the 22 stud-
ies. The problem types represent five different sources of problems:
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Type S PS F NR IS IF
R3 1 4 5 5 5 10
R& 5 1 1 0 6 1

Table 3: Results grouped by reproducibility type: Success
(S), Partial Success (PS), Failure (F), No Result (NR), In-
clusive Success (IS) and Inclusive Failure (IF).

1) source code, 2) article, 3) data, 4) results, and 5) resources. The
code and the article were the most prevalent sources of problems,
as they were the source of seven problem types each, while the data
was the source of five of the problem types. The reporting of results
was the source of one problem type, and the lack of access to re-
sources, such as the computing infrastructure, was the source of
one problem type. The 20 problem types were observed in total 69
times (sum of column # in the table). Ambiguous descriptions of
the method (P8), experiment (P9), and implementations (P10) were
encountered totally 24 times. More than half of the studies (12)
described the implementations ambiguously (P10). Precisely de-
scribing how an experiment is conducted will in most cases require
careful documentation and often longer descriptions than what is
possible in academic literature, which emphasize the importance
of sharing code; code helps to disambiguate the description.

The sample size of this replication study is small. It includes 30
studies in total, however, eight of them were rejected, which means
our analysis includes only 22 studies. To increase the robustness of
the findings, we group the results into Inclusive Success, which is
the sum of Successes (S) and Partial Successes (PS), and Inclusive
Failure, which is the sum of Failure (F) and No Result (NR). Table
3 provides an overview of the results for the two types of repro-
ducibility studies. The main findings are that sharing both code and
data increases the chance of reproducing results immensely. For R3
studies in which only data is shared, the probability of a success-
ful reproducibility study (IS) is only 33% (five out of 15 studies),
while for R4 studies in which both data and code are shared, repro-
ducibility increases to 86% (six out of seven studies).

To determine which types of problem are most relevant for dis-
tinguishing between studies that are reproducible and those that are
not, we performed a binary classification using logistic regression,
which is a simple and efficient way of doing this. We classified the
studies into whether they were reproducible or not with problem
types as features. With 11 samples from each class, the data set is
balanced. Due to the small sample size and the aim of determin-
ing the significance of the features, we dropped the validation and
test sets. The accuracy of the classification was 0.91 and a bias of
0.20, so the logistic regression was clearly capable of distinguish-
ing between reproducible and non-reproducible studies. As can be
seen in Table 2, the three most significant features (||w;|| > 0.8)
are P15 which is a mismatch between the specified dataset and the
one found online, P7 which is that random seeds or random num-
ber generator are not specified, and P18 when the description of
the dataset lacks information on how it is divided into training, val-
idation, and test sets. The source of both P15 and P18 is the data,
while the source of P7 is the code.

It is interesting to establish which problems correlate with irre-
producible studies. To analyze this, we calculated the true positive
rate (TPR) for each type of problem. The result is listed in the TPR
column of Table 2. A problem type with a TPR of 1.0 is observed
only in irreproducible studies, whereas problem types with a TPR
of 0.0 are only observed in reproducible studies. As our goal is to
find out what causes irreproducibility, we focus on the five types
of problem with a TPR of 1.0. The source of three of these types



25 Result
S
20 PS
F
- 15
(@) NS
10
7 8
5
0
R4 R3 R1
Type

(a) Results per reproducibility type.

Count

12 Type
R4
1
0 R3
8 R1 8
6 6
6 5 5
4
2
0
S PS F NR NS
Result

(b) Reproducibility types per result.

Figure 2: Overview of the results.

of problem, P15, P16, and P18 is the data, while code being shared
in compiled form (P6) and lack of access to specialized hardware
or software are the two others (P20). Notably, P17, which is the
fourth of the problem types with data as the source of problems,
has a TPR of 0.8, indicating that problems with documenting the
data work are the most important source of irreproducibility. This
is further emphasized by the fact that both the weights of logistic
regression and TPR indicate that problem types P15 and P18 char-
acterize irreproducible research. The source of these is poor data
documentation.

The most surprising result might be the fact that the sharing of
code is so effective in ensuring reproducible studies, as 86% of R4
studies are reproduced, while problem types related to code are not
indicative of irreproducible research. Problems related to the qual-
ity of the documentation of code, whether it is partially missing or
not versioned, are not important for successful replication as long
as code is shared. Only when code is shared in an uninspectable
manner is it a source of irreproducibility. The fact that both stud-
ies that shared code in an uninspectable form were not reproduced
might indicate that sharing code in this way is a mark of sloppy re-
search; the research poses as open, as the code is shared, but actu-
ally it is closed, as the code is uninspectable. Sharing uninspectable
code is like not sharing code at all.

Discussion

Clearly, sharing code and data will enable others to carry out the
experiment, as is emphasized by (Arvan, Pina, and Parde 2022;
Stodden, Seiler, and Ma 2018; Collberg and Proebsting 2016) who,
respectively, were able to repeat 25%, 26%, and 32% of the se-
lected studies by executing the open experiments. However, unless
those reproducing the results check and understand the code, the
results might not reflect a true finding, even in a restricted sense
where findings only apply for the selected datasets. The code may
not implement the methodology or experiment described in the ar-
ticle (Raff and Farris 2023), or the code or the ancillary software
may contain errors (Thomson, Reiter, and Belz 2024). Sharing self-
contained and executable artifacts will simplify the verification that
running the code produces the reported result, but is not sufficient
for reproducibility; repeatability is not reproducibility. Our concern
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is reproducibility.

Sharing both code and data is important, as illustrated by the re-
producibility checklists of the top Al conferences. We reviewed
the reproducibility checklists for IJCAI 2024, AAAI 2024, and
NeurIPS 2023, and therefore also the ICML reproducibility check-
list, which was based on the NeurIPS checklist. All checklists re-
quire researchers to share code and data, but it is not required.
However, only 46% of the articles claim to open-source their code
(Magnusson, Smith, and Dodge 2023). One could ask whether
open code and data should be mandated and that exceptions should
be argued for before a paper is accepted for publication. Then, poor
reasons for not sharing code and data could lead to summary re-
jection. The reproducibility checklists also request that the hyper-
parameters of the experiments be shared. Surprisingly, according
to this study, sharing experiment parameters and hyperparameters
is not associated with successful replications. AAAI, NeurIPS and
ICML emphasize the need for sharing not only the method code but
the experiment code as well. This reduces ambiguity, but our study
finds that this does not correlate with reproducibility. Sharing some
code is sufficient. [JCAI’s reproducibility checklist contains only a
few items, but gives extra focus to describing the computing infras-
tructure. The computing infrastructure is not found to be important
for reproducibility. While NeurIPS and ICML specify that impor-
tant details of experiments should be described in the article even
if code is shared, the AAAI checklist details that method, experi-
ment and data should be described in detail, which is best practice
according to this study.

Not surprisingly, ambiguous descriptions of the method, experi-
ment, and implementation will affect the reproducibility of a study
(P8, P9, and P10). However, whether a study is reproducible or not
depends on the information left out. Some information is, of course,
more important to relay than others. This indicates that researchers
might not be able to distinguish between which information is im-
portant and which is not. As we did not document this in more
detail, our study does not provide further insight, but clearly this
could be a subject of future research.

It is natural to compare our approach to the approach used by
(Raff 2019), which was a study carried out by a person over sev-
eral years where The articles were selected according to their rel-
evance to the JSAT library (Raff 2017). The sample is biased to-



wards statistical methods. Also, the knowledge required for imple-
menting these methods is narrow in one sense, and the knowledge
of previous methods could increase the success of implementing
the next method, which, of course, is a positive side-effect of expe-
rience. However, this could mean that the estimated reproducibil-
ity of 63.5% for machine learning probably is an overestimation.
Our sample of studies has a different bias, as we retrieved studies
covering Al that were highly cited. The sample is broader in the
topics covered. However, retrieving the most cited articles could
contribute to an overestimation, as many have found these studies
valuable and cited them. Furthermore, our study was conducted by
a small team with less knowledge in the very broad scope of the
retrieved studies, probably leading to less positive effects of expe-
rience in reproducing previous studies. (Raff 2019) does not rely
on any source code released by the authors of the original articles;
it is not clear on which data the reproducibility experiments rely.
Therefore, the studies could be of type R1 description or R3 data.
In addition, (Raff 2019) mentions that a study is deemed repro-
ducible if 75% of the claims in the article are supported, which is
less restrictive than Success and more restrictive than Partial Suc-
cess. However, it is not clear from the paper how claims are inter-
preted or evaluated.

Limitations

This research has several limitations. First, we estimate the repro-
ducibility of Al research to be 50% for articles that rely on open
data. However, this number is highly uncertain. We reproduce well-
cited research, which could lead to overestimation. These articles
were the most cited empirical studies in Al when the selection
was done in 2018. Currently, the most cited article is cited over 34
000 times, and the least cited article is cited just below 300 times
(mean citation is 4499 and median citation is 1666). According to
(Van Noorden, Maher, and Nuzzo 2014), having 100 or more cita-
tions makes a study among the top 2.6% most cited articles. Hence,
the articles part of this study can arguably be considered highly
cited articles, which means that the selection of articles is biased
towards high-quality research, indicating that our estimation of the
reproducibility is an overestimation. However, our estimate could
be an underestimation. (Pineau et al. 2021) found that the introduc-
tion of the reproducibility checklist in ICML and NeutIPS made
publicly shared code more prevalent. However, this study contains
articles from before reproducibility checklists were introduced at
all the top Al and machine learning conferences. Although their
finding has not been verified to apply generally, one would assume
that reproducibility has increased because of the introduction of
reproducibility checklist, especially as these reproducibility check-
lists focus on making code and data publicly available. Our esti-
mate of reproducibility is only for papers that share data or code
and data, which means that it estimates just a subset of all repro-
ducibility types. This probably also points towards an overestimate.

Second, the introduction of reproducibility checklists has prob-
ably on average increased the prevalence of code and data shar-
ing given how this was the case when introduced for ICML and
NeurIPS (Pineau et al. 2021). This means that the number of R1
vs. R3 vs. R4 studies reported here probably does not reflect the
actual current state - at least for the top conferences that have in-
troduced such checklists.

Third, we only allotted 40 hours per article, which clearly was
not enough to reproduce all the experiments of the studies reported
here. All experiments were completed for only three of the 22 stud-
ies that we attempted to reproduce, and for only one of these, less
than 40 hours were used to complete the experiments. Surprisingly,
only articles that did not share code were 100% completed.

Fourth, we did not get a result (NR) for articles (Li et al. 2014)
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and (Jia et al. 2016a), as the articles did not provide enough infor-
mation for us to reproduce them (Text as Cause in Table 1). The
root cause could be that the article lacked detail or that we lacked
the knowledge required to properly reproduce the articles. Could
one expect that anyone (in Al) should be able to reproduce the re-
sults of an article listed as Al and in 40 hours? We only reproduced
all experiments reported in three of the 22 articles in 40 hours or
less, so clearly this could not be expected. The allotted time was
not enough even for R4 studies that shared both code and data. Re-
searchers might spend many years understanding a concept and a
long time designing and implementing experiments. It takes time
to both deeply understand a study and reimplement it even when
code and data are shared.

Fifth, the sample size is small, since the study only attempts to
reproduce 22 articles, which means that all estimates are highly
uncertain. Increasing the sample size by including more articles
would reduce uncertainty, but due to resource constraints, this was
not possible. Finally, although we have tried our best to avoid it,
our implementations can, of course, contain errors and bugs, and
we could have misunderstood concepts we thought we understood.
Hence, our experiments and findings might, of course, have similar
types of issue as all other research and even the problem types that
were identified and discussed in this article.

Conclusion

This study emphasizes the effectiveness of open science. The shar-
ing of both code and data publicly is extremely important to en-
sure the reproducibility of Al studies, since 86% of the studies that
shared both code and data were reproduced while only 33% of the
studies that only shared data were reproduced. This study also es-
tablishes that documenting the data work is extremely important to
ensure reproducibility, while documenting code is less so, as long
as code is shared. Not sharing data is an obstacle for third parties to
reproduce studies, as it requires third parties to collect new data. In
many cases, this cannot be avoided, that is, when protecting privacy
is important, which is typically the case in medical studies.

Although requiring all studies published in a venue to share both
code and data could be too strict, the default expectation should be
that both code and data are shared. Researchers should be required
to argue why they cannot share data or code. If the reasons for not
sharing are poor, then one option might be to summarily reject the
research. This would be a clear incentive for researchers to conduct
open science and enable others to build on their findings. Our study
clearly suggests that this will improve the reproducibility of Al re-
search. It will also simplify generalizing to new data (Werner et al.
2024).

These results have important implications for current research
trends. A worrisome trend in research on large language models
(LLMs) is that experiments are conducted on LLMs for which nei-
ther code nor training data are available, such as those developed by
large technology companies. It means that the results could be (al-
most) impossible to independently reproduce, whether it is emer-
gent behaviors (Wei et al. 2022) or something else. Importantly,
third parties will not be able to investigate exactly what is the cause
of different effects when the code and data are not available.

Code — https://github.com/AIReproducibility2018
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