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Abstract

Like other fields of science, NLP/ML has seen
growing interest in, and work on, reproducibil-
ity and methods for improving it over the past
10 years. Identical experiments producing dif-
ferent results can be due to variation between
samples of evaluation items or evaluators, but
it can also be due to poor experimental prac-
tice. Both can be mitigated by bringing multi-
ple comparable studies together in systematic
reviews that can draw conclusions beyond the
level of the individual studies, but such sys-
tematic reviews barely exist in NLP/ML. The
alternative is to focus on improving experimen-
tal practice and study-level reproducibility, and
the first step in this direction is awareness of the
importance of reproducibility and knowledge
of how to improve it. In the work reported in
this paper, we aim to assess (i) what NLP/ML
practitioners’ current views and experience of
reproducibility are, and (ii) to what extent they
have changed over the past two years, a period
of rapidly growing interest in reproducibility.
We report, for the first time, results from two
identical surveys, the first carried out in 2022
and the second in 2024, each time surveying
149 NLP and ML researchers. We report the
results from the 2024 survey to address i above.
We then compare the results of the two surveys
in order to address ii above. We find that views
and experience overall are moving towards bet-
ter practice and appreciation of reproducibility.

1 Introduction

Poor reproducibility of experimental results is a
point of concern not just in NLP/ML (Pedersen,
2008; Wieling et al., 2018; Belz et al., 2021), but
also in science more generally (Baker, 2016). In
NLP/ML, reproducibility concerns have led to a
flurry of activity aimed at diagnosing the prob-
lem (Belz et al., 2020; Arvan et al., 2022; Belz
et al., 2022; Belz, 2022; Belz et al., 2023; Storks
et al., 2023; Kapoor and Narayanan, 2023; Xue
et al., 2023; Thomson et al., 2024; Semmelrock

et al., 2025), encouraging researchers to share full
details and resources of their work (Pineau et al.,
2021; Shimorina and Belz, 2022; Belz and Thom-
son, 2024b; Ruan et al., 2024), and understanding
how differences between evaluation methods im-
pact reproducibility (van Miltenburg et al., 2024;
Belz et al., 2025b; Popp et al., 2025). Some confer-
ences have introduced checklists and/or guidelines
for reproducibility, e.g. ACL (an NLP venue) and
AAAI (a more general ML venue) use reproducibil-
ity checklists.!»> ICLR encourages authors to in-
clude a reproducibility statement, wheras ICML
encourages authors to “submit code to foster repro-
ducibility.” See Appendix B for more details.
Some work has looked at whether previous in-
terventions have had any effect on poor levels of
reproducibility. Raff and Farris (2023) describe ex-
isting interventions as a ‘siren song,” pointing out
that whilst many conferences have appointed repro-
ducibility chairs, they rely mainly on self-reporting
of code inclusion, clearly not the same thing as re-
producibility. Magnusson et al. (2023) perform an
analysis of the *CL reproducibility checklist data,
albeit without answering the question of whether it
is effective at improving reproducibility. For inter-
ventions like checklists to be effective, they need
to result in changed understanding and practices
relating to reproducibility, beyond a small increase
in reviewer scores for reproducibility. What we cur-
rently do not know is whether the checked boxes
and reviewer scores actually lead to improved re-
producibility and understanding of related issues.
The work presented here, in tandem with other
research on reproducibility of NLP evaluations
Belz and Thomson (2023, 2024a); Belz et al.
(2025b) is intended to address this question. We
conducted two identical surveys of researchers’
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views and experience of reproducibility two years
apart, in 2022 and 2024, to determine (i) what cur-
rent stances on reproducibility are, and (ii) how
they have changed over the past two years, a pe-
riod of increasing research focus on reproduciblity.
We start below with a summary of related research
(Section 2). We describe our study design (Sec-
tion 3), and present the results of the 2024 survey
(Section 4) and an analysis of the differences be-
tween the 2024 survey and an identical survey con-
ducted in 2022 (Sections 5 and 6). We finish with
some discussion and conclusions in Section 7.

2 Related Research

Sporadic surveys have investigated reproducibil-
ity for science in general (Baker, 2016), and NLP
(Mieskes et al., 2019) in particular. Baker (2016)
asked whether respondents thought there was a re-
producibility crisis, as well as how severe they felt
it was, both generally and within their field. They
also asked about attempts to repeat experiments and
reproduce results, respondents’ experience publish-
ing such work, and contributing factors and barri-
ers that lead to poor reproduction practices. Baker
(2016) surveyed scientists in all disciplines, finding
that 70% of researchers had attempted to reproduce
the work of others, and failed. Biologists made up
45% of responses, with only around 1.5% working
broadly in computer science, including one par-
ticipant in Al (none in NLP). It is therefore not
representative of NLP and the issues it faces.

Mieskes et al. (2019) asked about respondents’
experiences when trying to repeat their own work,
and that of others. Questions on where respon-
dents accessed code, data, and parameters were
also included, as was a question on the outcome of
attempts at contacting original authors. This survey
focuses on whether similar results were obtained,
where researchers were able to access resources
(the authors website, GitHub, etc., and what respon-
dents’ experiences were when contacting authors.
Respondents thought the issues were important, al-
though the majority obtained different results when
reproducing the work of others.

The survey conducted by van Miltenburg et al.
(2023) looked at the barriers encountered when at-
tempting to perform an error analysis of previously
published results. Whilst not directly investigat-
ing reproducibility, it similarly found that whilst
researchers felt error analysis to be important, there
are barriers such as time, money, publication page
limits, and peer-reviewer interest.

3 Overview of Study Design

We designed a survey of NLP/ML researchers’
views and experience of reproducibility and con-
ducted it once in 2022, near the start of the Repro-
Hum Project,’ and again in 2024, after the project
concluded. For the 2024 survey, we collected re-
sponses from the same number of respondents with
the same characteristics (see below) as in 2022.

Following survey question design principles (de-
scribed in Appendix C), we created our survey
of 25 multiple-choice/select-one questions, and 6
multiple-choice/select-all-that-apply questions, to
take about 10 minutes on average. The survey flow
structure is shown in Appendix Figure 9.

Respondents were first shown a landing page and
introduction (Appendix, Figure 10). The survey it-
self was structured into seven sections (as reflected
both in the flow chart and in Ssections 4.1-4.4
which present the 2024 results):

1. Participant characteristics (Section 4.1): Ques-
tions 1-7 (Q1-Q7) collect demographic infor-
mation, e.g. field of work, career stage and
sector.

2. Recreating research (Section 4.2):

(a) Other people’s research: Q8—Q10 are
about respondents’ experience recreating

other people’s research.
(b) Recreating own research: Q11-Q13 are

about respondents’ experience recreating
their own research.
3. Recreating human evaluations (Section 4.3):
Q11-Q17 are about recreating human evalua-
tions specifically.

4. Barriers and self-reflection (Section 4.4):

(a) Q19-Q21 cover aspects that might
stop researchers from addressing repro-

ducibility in their work.
(b) Q22-Q27 are about things researchers

do in their work that makes recre-

ation/reproduction easier.
(c) Q28-Q31 address some remaining views

and practice.

We ensured that the proportions of high-level par-
ticipant characteristics in the 2024 survey were
the same as in the 2022 instance: 125 NLP re-
searchers (45 students, 80 non-students); and 24
ML researchers (8 students, 16 non-students).

We first present results from the 2024 survey
(Section 4), then analyse the change from 2022 to

Shttps://reprohum.github.io
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Figure 1: 2024 Results: Answers to Q1-Q7 about demographics.

2024 in terms of (i) percentage increase/decrease
in response values (Section 5), and (ii) significant
changes in responses when recoded for three spe-
cific aspects (Section 6).

the survey includes conditional branching, where
some follow-up questions are shown only to certain
respondents. However, the branching proportions
remain stable across the two time points, allow-
ing us to simplify the analysis by disregarding the
branching structure while normalising for sample
size. While a bootstrap-based conditional analy-
sis could be applied for greater rigour, the consis-
tently high rate of Yes responses suggests that such
complexity would not alter our conclusions. For
multi-item scales, we follow standard aggregation
practices: items are typically summed, unless evi-
dence suggests they reflect non-ordinal artifacts, in
which case we treat a single positive response as
sufficient evidence of the construct.

3.1 Statistical methods

Our repeated cross-sectional longitudinal study of
reproducibility in NLP/ML utilises straightforward
statistical methods. Participants are deidentified
and thus we cannot study individual-level longitu-
dinal change. Instead, we make a weaker indepen-
dence assumption. It is unlikely that the overlap
between survey participants is large.

For ordinal survey items, we use the
Mann—Whitney U test to assess statistical
significance. While a t-test could also be applied,
prior work suggests it would yield similar conclu-
sions in practice (de Winter and Dodou, 2010).
For categorical data, we apply Chi-squared tests,
justified by our sufficiently large sample size
(Agresti, 2018).

As shown in the survey flow chart (Figure 9),
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4 2024 Survey Results

This section reports the results of the 2024 survey,
reflecting current views in NLP/ML. We present
results for multiple-choice/select-one questions as
pie charts unless the possible answers form an or-
dinal range in which case they are presented in hor-



izontal bar charts. If the responses are in the form
(Yes/No/Unsure) they are presented in vertical bar
charts. Results from multiple-choice/select-all-that-
apply questions are presented as vertical bar charts.
All figures include the verbatim question(s) in the
caption, and the set(s) of possible answers in the
chart legend. To make charts accessible, we use
the light colour scheme by Paul Tol.*

4.1 Participant characteristics (2024)

In this section, we briefly discuss the results from
the participant characteristics questions Q1-Q7
(Section 4.1) at the start of the survey. Briefly,
about 5/6 respondents worked in NLP/ML, with
1/6 working in ML (but not primarily on NLP).
Of the 149 respondents, 53 were students, all ex-
cept 4 of whom were PhD students. Of the 96
non-students, 74 had a PhD, obtained in roughly
equal numbers 0-5, 5-10, 10-15, and 15+ years
ago, with a few more from the first and last time
spans.

Most respondents (80%) were from academic
institutions, 9% from industry or third sector, 9%
had both affiliation types. Free text responses for
the Other option were either public research in-
stitutions (3), or no affiliation (2). Respondents
tended to work in different subfields of NLP/ML,
with a high number selecting resources and evalua-
tion. This may not be representative of the field as
a whole; this may reflect a degree of self-selection
of participants with experience in this subfield.

4.2 Recreating research (2024)

In this section, we look at responses to Q8—Q13
(Figures 2 and 3) which ask participants about their
general experience recreating their own, and other
researchers’ experiments.

From Q8 (Figure 2a) we can see that just un-
der 5/6 of respondents had attempted a recreation
of others’ research in the past 5 years. Of those,
42% obtained broadly the same results always or
frequently (Q10, Figure 2¢). From Q9 (Figure 2b)
we see that difficulties obtaining and running code,
protocols, models and other resources were encoun-
tered by almost all researchers who had tried a
recreation; compute, communication with original
authors and results analysis posed problems for
about half, with financial cost not much of an issue.
The issues identified under Other were differences
between code and paper, as well as changes in
crowdsourcing site participant pools.

4https ://cran.r-project.org/web/packages/
khroma/vignettes/tol.html. Original URL unavailable.

From Q11 (Figure 3a) we can see that over half
of respondents had attempted recreating their own
work (fewer than for other people’s work), and
from Q13 (3c¢) that in all but 6 cases they obtained
broadly the same results always or frequently (a far
larger proportion than for others’ research).

Fewer issues were encountered than when recre-
ating the work of others (Q12, Figure 3b). With (ob-
viously) no barrier in contacting the author of the
research, respondents found it much easier to ob-
tain code, models, etc. However, difficulty running
code, protocols or models remained the biggest is-
sue. Seven of the eight Other responses were to
do with the passage of time, resulting in changes
in APIs and infrastructure, as well as staff turnover.
Some respondents also mentioned difficulties re-
membering how their code worked.

4.3 Recreating human evaluations (2024)

Participants were first asked if they had performed
a human evaluation in the past 5 years (Q14). From
Figure 4a we can see that 72% had, and of those,
two thirds had attempted to recreate one (Q15, Fig-
ure 4b). Of the third who had not, a lack of time
and funding, as well as difficulty recruiting par-
ticipants were among the top reasons both for not
performing a human evaluation (Q16, Figure 4d),
and not recreating one (Q17, Figure 4e).
Comparing Q16 and Q17, the top two ranked
issues are the same: time and money. Difficulty
recruiting participants was also ranked highly. The
biggest differences were that no respondents who
had recreated human evaluations (Q17) felt that
human evaluations were unnecessary (joint top in
Q16), and, proportionately, more than three times
as many respondents to Q17 indicated difficulty in
publishing recreations of human evaluations than
those who indicated it was a barrier to performing
them in the first place (respondents to Q16).°
Respondents who had recreated a human eval-
uation reported difficulty obtaining design details
as the most common issue (over two thirds), fol-
lowed by some experimental conditions being im-
possible to recreate (about three fifths). For Q18
(Figure 4c), about half of respondents reported dif-
ficulty recruiting participants, and a similar number
that tools and other resources were no longer avail-
able. Responses under Other were difficulty assess-
ing degree of reproducibility, and poor memory

>Whilst the raw numbers indicate 5-6 times as many re-
sponses, we need to account for Q16 only being shown to 41
respondents, whilst Q17 was shown to 72.
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Figure 2: 2024 Results: Answers to Q8—Q10 about recreating the work of others.
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Figure 3: 2024 Results: Answers to Q11-Q13 about recreating own work.

(suggesting a lack of documentation).

4.4 Barriers and self-reflection (2024)

In Q19-21 (Figure 5), participants were asked
about barriers in performing reproduction stud-
ies that participants faced. From Q19, 64% of
participants agreed (either somewhat or strongly)
they would submit more reproduction studies if
some conference acceptance rate was reserved for
them. 60% of participants agreed they would sub-
mit more such applications if funding was reserved
for reproduction studies (Q20). 62% agreed that
they would perform more reproduction work if a
toolkit was available (Q21).

Next, we asked about participants’ views of
their own efforts toward recreatable research
(Figure 6). 57% agreed strongly or somewhat that
others could easily reproduce their work (Q22).

From Q23, we can see that 81% of participants
believe they always/frequently take steps to en-
sure their published work can be reproduced. For
reporting code and data, 77% always/frequently
make model code available (Q25), and 76% the
data (Q26). Lastly, 66% of participants reported
always/frequently performing a human evaluation
alongside metric scores (Q27). Looking at Q25 in
detail, we see that more junior researchers are the
more likely they are to share their code: 86% of
PhD students, 87% of researchers with <5 years
experience, 80% of those with 5-10 years, 66% of
those with 10-15 years, and 71% of those with 15+
years of experience *always* or *frequently* share
their code.

Finally, we asked about views on reproducibil-
ity more generally (Figure 7), and level of engage-
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Figure 4: 2024 Results: Answers to Q14-Q18 about human evaluation.

PhD <5 5-10 1015 15+
Student years years years years

always 28 14 5 7 3
frequently 14 6 7 3 12
sometimes 6 3 3 4 4
rarely 1 0 0 1 1
never 0 0 0 0 1

Table 1: Response frequencies by career stage for Q25;
always/frequently make model code available.

ment on reproducibility issues. Nearly all partici-
pants (97%) agreed that work in their field should
be easy to recreate (Q28), with only 9% happy with
how their field currently addresses reproducibility
(Q29). As many as 31% of participants were aware
of recreation attempts of their own work (Q30);
56% indicated that they comment on reproducibil-
ity issues as reviewers.

5 Change Analysis 2022 vs. 2024

In this section, we look at the proportional differ-
ences (up or down) between the 2022 and 2024
response counts. We can’t just describe the change
in terms of how many more/fewer people selected
different responses, because in some cases, a ques-
tion was answered by a different number of people
in 2022 and 2024 (due to the conditional logic of
the question flow, see Figure 9, Appendix). Instead,
we discuss change in terms of the difference AZ’?
in the proportion of people who selected a given
answer A; ; to a question in two different years Y;
and Y5:

AT = (AR/RE - AT/RY) ()

i gl .3/ Y

where Az./’;

to the ith question in year Y}, and R}f’“ is the num-
ber of respondents who answered the ith question

is the answer count for the jth response
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Figure 5: 2024 Results: Answers to Q19—Q21 about
things organisations could do to enable reproduction.
Participants were asked indicate the degree to which
they agreed with the below statements. Q19: “If the
conferences I usually submit to reserved some of their
acceptance rate for reproduction papers, I would sub-
mit (more) such papers.” Q20: “If the funding bodies
I usually apply to reserved some of their funding for
reproduction projects, [ would submit (more) such ap-
plications.” Q21: “If there was an easy to use toolkit
available for this purpose, I would carry out (more) re-
production work.”

in year Yx. In our comparison, Y; = 2022 and
Y> = 2024. We discuss some of the bigger differ-
ences in the remainder of this section, grouped into
subsections as in Section 4. See also Figures 11-39
in the Appendix.

5.1 Participant Demographics (2022 — 2024)

Q3 (Figure 11) saw a significant increase in number
of PhD vs. other students. Other changes were
minimal; Q1-2 had no changes by design.

5.2 Recreating Research (2022 — 2024)

When recreating the research of others, interest-
ingly, whilst there was a 7.59%pt drop in difficulty
communicating with authors, there was a a 7.41%pt
increase for difficulty obtaining resources (Q9, Fig-
ure 17).

When recreating own research, there was a
5.2%pt drop in difficulties communicating with for-
mer team members (Q12, Figure 20), accompanied
by a 5.39%pt drop in issues obtaining resources.

19

28

0 20 40 60
#participants

(] strongly agree [ somewhat agree [ neither disagree nor agree

[ somewhat disagree ] strongly disagree

(a) Question 22: Please indicate the degree to which you
agree with the following statements: [Other researchers
could easily recreate my work, without contacting me]

T T T
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10
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Q27 31 g
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(b) 2024 Results: Answers to Q23-Q27 about efforts re-
searchers make to enable reproduction. Participants were
asked to indicate the frequency with which they do the
following, Q23: “I take steps to ensure that my published
work can be easily recreated”, Q24: “When reporting work
with metric scores, I also carry out human evaluations”,
Q25: “When reporting work with models, I make the code
available”, Q26: “When reporting work with data, I make
the data available”, Q27: “When reporting human evalu-
ations, I make full details available, including evaluation
interface and evaluator instructions”

Figure 6: 2024 Results: Answers to Q22-Q27 about
efforts researchers make to enable reproduction.

There was also a 7.28%pt increase in researchers re-
porting insufficient compute, not unexpected given
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Figure 7: 2024 Results: Answers to Q28—Q31 about
researcher‘s opinions on reproducibility. Participants
were asked to indicate whether or not the below state-
ments applied in your case. Q28: “I think it’s important
that work in my field should be easy to recreate.” Q29:
“I’m happy with how my field currently addresses repro-
ducibility.” Q30: “I’m aware of recreation attempts of
my own work.” Q31: “As a reviewer, I have commented
on reproducibility issues.”

the ever increasing size of many NLP models. Fi-
nally, there was an 8.79%pt drop in results always
being broadly the same (Q13, Figure 21).

5.3 Recreating human evaluations (2022 —
2024)

It was encouraging to see increases in respondents
who had performed a human evaluation (+3.36%pt
for Q14, Figure 22), and the number who had recre-
ated a human evaluation (+6.15%pt for Q15, Fig-
ure 23). Looking at issues raised in Q16 (perform-
ing human evaluations, Figure 24) and Q17 (recre-
ating human evaluations, Figure 25) together, there
was a drop in both of about 15%pt for those report-
ing a lack of toolkits and/or other resources being
an issue. For Q18 (Figure 26), issues encountered
when recreating human evaluations, there was a
21.83%pt increase in experiment conditions being
impossible to recreate, as well as a 7.94%pt in-
crease in resources no longer being available.

5.4 Barriers and self-reflection (2022 — 2024)

Looking at things that would encourage researchers
to perform more reproducibility work, there was
an 7.38%pt increase in those agreeing they would

submit more reproductions if conferences reserved
acceptance rate for them (Q19, Figure 27). When
asked whether they would perform more reproduc-
tion studies if a toolkit was available, there was
an 6.04%pt decrease in those who agreed. There
was a 6.04%pt drop in respondents always making
data available (Q26, Figure 34) and a 7.38%pt drop
in participants being happy with how their field
addresses reproducibility (Q29, Figure 37). Ques-
tion 30 (Figure 38) showed a 14.77%pt increase in
those who were unaware of recreation attempts of
their work. Finally, for Q31 (Figure 39), addressing
whether respondents comment on reproducibility
during peer review, we see about a 10%pt drop.

6 High-level recoded analysis

Whilst there were no significant differences in indi-
vidual questions (other than Q3 in the participant
characteristics section), we were also interested
in whether there was a higher-level improvement
in reproducibility work and awareness of repro-
ducibility issues. We therefore recoded responses,
to address three higher-level questions:

HQ1 (reproduction activity): Have re-
searchers increased in engaging in reproduc-
tion efforts?

HQ?2 (enabling reproducibility practices): Has
there been an increase in researchers actively
taking steps to make their work reproducible?

HQ3 (awareness): Is there an increase in re-
searchers valuing reproducibility and under-
standing its relevance to the field?

For recoding responses, we used the following
questions for each construct: HQ1-Are researchers
doing, or attempting, recreation/reproduction stud-
ies?; HQ2-Are researchers doing things to make
recreation/reproduction of research easier?; HQ3—
Are researchers aware of the importance of issues
related to recreatability/reproducibility? In order
to prevent bias, the recoding was performed by two
non-author annotators from the same group.

For each construct, we mapped each ques-
tion/response pair, excluding demographic ques-
tions (Q1-7), to one of the below options:

Supports Yes: The Question-response pair
supports an answer of “Yes” to the construct
question.

Supports No: The Question-response pair
supports an answer of “No” to the construct
question.
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W 2024: Supports Yes
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*
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Figure 8: Change in Construct Support Between 2022
and 2024 (* = statistically significant change at o =
0.05).

Supports Neither: The Question-response
pair does not address the construct question.

The two non-author annotators first annotated three
questions together before discussing the annotation
protocol so that they could agree upon an interpre-
tation of the instructions. They each then annotated
roughly half of question-response pairs.

Figure 8 shows the recoded results for each high-
level construct: for HQ1 (reproduction activity) and
HQ3 (awareness) there is a statistically significant
increase for Yes in 2024. However, whilst there
was an increase in HQ2 (enabling reproducibil-
ity practices), it was not statistically significant.
The Supports Neither mapped responses were ex-
cluded from our analysis, as they indicate question-
response pairs that are not relevant to the construct.

7 Discussion and Conclusion

Among the results that stand out in the 2024 survey
are the large proportion of respondents that have
tried to recreate other people’s work (120/149), yet
only a small proportion (3/120) was always able to
obtain the same result. The most common response
to this question of whether they had obtained the
same results (Q10) was Sometimes (56/149).

108 of 149 participants reported that they have
performed human evaluations, with 65 of the 108
(60%) stating that if they report metric scores they
also carry out human evaluations.® This does not
align with findings by Belz et al. (2025a), who
performed a systematic review of 120 papers from
ACL (2022-2024), finding that of the 115 papers
that reported an evaluation, only 21 included a hu-
man evaluation.

It is encouraging that more researchers are en-
gaging with reproducibility work (HQ1, from the

63 participants had not performed a human evaluation in
the past 5 years, but do so when they report metrics.

high-level analysis in Section 6), and that they are
more aware of reproducibility issues (HQ3). Only
4 of the 41 (10%) respondents who had not per-
formed a human evaluation in the previous 5 years
reported difficulty publishing as a reason. Of the
72 who had performed a human evaluation, but
not reproduction, 23 (32%) reported it as a reason
(Fig. 4). This indicates a perceived lack of interest
in reproducibility work at conferences, from organ-
isers and/or reviewers. That 64% of all respondents
agreed they would submit more reproduction pa-
pers if conferences set aside acceptance rate for
them also supports this.

Unsurprisingly, lack of time and funding were
the two top issues preventing people from doing
reproduction work, with 60% of respondents say-
ing they would perform more reproduction work
if funding bodies earmarked money for it. Just be-
hind time and money for reasons respondents did
not perform human evaluations, was that they did
not know how (13 of 41). Six participants also
suggested a toolkit would be useful.

That significant numbers of respondents are not
doing more things to make reproducibility easier
for others (HQ2, from the high-level analysis) is
perhaps less because they are unwilling, and more
that individual researchers are limited in what they
can do. Giving reproduction work the status it de-
serves as a cornerstone of science is something
that funders and conference organisers can address,
and our survey indicates that researchers would do
more work on reproduction if this was done. Given
the lack of confidence in carrying out reproduc-
tion studies, developing guidance, methodologies
and frameworks for performing evaluations would
enable NLP researchers to learn how to perform
repeatable experiments, and reduce their workload
by not having to reinvent the wheel.

Overall, we have seen that virtually all 2024
respondents agree that NLP/ML work should be
easy to recreate (up from 2022). At the same time,
falling numbers are happy with how the field ad-
dresses reproducibility, and fewer researchers are
sharing data, and are confident in their own work
being reproducible. These results may in fact re-
flect growing understanding not only of the impor-
tance of reproducibility, but also of the difficulties
in doing it properly. Our recoded results show that
researchers are now (i) engaging in reproduction
efforts more, and (ii) valuing reproducibility and
understanding its relevance to the field more. Taken
together, these surely are encouraging signs.
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Limitations

Our survey may have sampling bias and not reflect
the NLP/ML communities as a whole. This may
be inevitable for a survey such as this; researchers
who are interested in issues related to reproducibil-
ity might be more inclined to respond to the survey.
However, given that our work focuses on longitudi-
nal change, the influence of this sampling bias on
our conclusions is somewhat mitigated. Our survey
was conducted in English, which may have lim-
ited geographical diversity. Whilst respondents did
work on a wide variety of tasks (see Figure 1g), it
is unclear whether this distribution is representative
of the NLP community; the number of submitted or
accepted papers per track is not publicly available
for ACL 2024.
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Figure 9: Flow chart of the survey design and question control.
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A Reproducibility & Ethics

ChatGPT (4o0-mini-high) was used as an aid in
writing python code that generated tikz pictures.’
The code was manually checked to ensure correct
working.

All participants who volunteered for the survey
completed our institution’s standard consent form,
that includes questions on data use. The Google
Form instructions they were shown are included as
Figure 10.

B Conference Checklists & Guidelines

The checklists and guidelines mentioned in Sec-
tion 1 can be found here:

ACL: https://aclrollingreview.org/
static/responsibleNLPresearch. pdf

AAALIL https://aaai.org/
conference/aaai/aaai-25/
aaai-25-reproducibility-checklist

ICLR:  https://iclr.cc/Conferences/
2022/AuthorGuide
ICML: https://icml.cc/Conferences/

2025/AuthorInstructions

C Survey Design Principles

In this section we briefly summarise the design prin-
ciples we applied in creating our surveys (Clark and
Schober, 1992). They address issues fundamental
to the process of asking questions, and are impor-
tant for even the most basic of surveys.

Clark and Schober (1992) note that whilst survey
design can appear to be a simple task, creating a
shared meaning of questions between researcher
and respondent is difficult. This shared meaning
is described as a construct by Fowler and Cosenza
(2008), by which they mean the abstract concept
that can be measured using the answers provided
to well designed questions. They describe four key
stages a respondent will go through when answer-
ing a question:

1. Understand intended meaning of the question.

2. Have or be able to retrieve the information
required to answer it.

3. Translate the information into the question re-
sponse format, for example, with close-ended
response options.

"https://openai.com/index/chatgpt

4. Be willing and able to provide the answer.

The vast majority of issues that prevent respon-
dents from following this process are related to (i)
ambiguity, and (ii) lack of familiarity. Questions
must be clear, using unambiguous words that are
either familiar to respondents, or explained. Only
one question should be asked at a time and any
close-ended questions should have exhaustive and
mutually exclusive response options. If a time-
frame or selection of events might be ambiguous, it
should be clearly specified. Finally, things should
not be assumed of the respondent, any presupposi-
tions that do not apply to an individual will change
how they comprehend the question.

D 2022 Survey Results

Figures 40, 41, 42, 43, 44, 45, and 46 show the
results of the 2022 survey in the same format and
figure grouping as the 2024 results in Section 4
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2024 Survey of NLP and
ML researchers' experience and views of
reproducibility

Thank you for your interest in our survey on experience and views of reproducibility among
Natural Language Processing (NLP) and Machine Learning (ML) researchers. You will be
asked between 16 and 21 multiple-choice questions related to reproducibility in NLP and
ML work, depending on your answers.

The survey consists of multiple choice questions and should take 5-10 minutes to
complete, depending on your answers. We want to hear from as many people in the field

as possible, so please feel free to share the survey link widely.

If you completed a similar survey in 2022 then you can still complete this one, we are
interested in the difference in your experience and views between then and now.

& Saving disabled

Next Clear form

Figure 10: Screenshot of the 2024 survey Google Form showing the introduction. The 2022 version was the same,
except that it omitted the final sentence, and the year in the title was 2022.
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Figure 15: Question 07: Which of the following NLP subfields have you worked in in the past 4 years (select all that

apply)?
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Figure 16: Question 08: Have you in the past 5 years
tried to recreate any aspect of other people’s research?
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Figure 17: Question 09: Which of the following issues
did you encounter when trying to recreate other people’s
research (select all that apply)?
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Figure 18: Question 10: Thinking about results when
you recreated other people’s research, were your results
broadly the same as those reported in the original work?
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Figure 19: Question 11: Have you in the past 5 years
tried to recreate any aspect of your own research?
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Figure 20: Question 12: Which of the following issues
did you encounter when trying to recreating your own
research (select all that apply)?
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Figure 23: Question 15: Have you in the past 5 years

tried t t Ise’s h
&= always (I frequently [ sometimes [ rarely [ never riec fo recreate your own or Someone else's uman

evaluation of an NLP system?
Figure 21: Question 13: Thinking about results when

you recreated your own research, were your results

broadly the same as your earlier results?
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Figure 22: Question 14: Have you in the past 5 years
performed a human evaluation of an NLP system?
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Figure 24: Question 16: Which of the following are among the reasons why you have not carried out human

evaluations in the past 5 years (select all that apply)?
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The need to reproduce a human evaluation has not arisen in my research
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Figure 25: Question 17: Which of the following are among the reasons why you have not attempted to recreate a
human evaluation in the past 5 years (select all that apply)?
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Figure 26: Question 18: Which of the following issues
did you encounter when trying to recreate your own or
someone else’s human evaluation in the past 5 years over
and above the issues mentioned in previous questions
(select all that apply)?
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Figure 27: Question 19: Please indicate the degree to
which you agree with the following statements: [If the
conferences I usually submit to reserved some of their
acceptance rate for reproduction papers, I would submit
(more) such papers]
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Figure 28: Question 20: Please indicate the degree to
which you agree with the following statements: [If the
funding bodies I usually apply to reserved some of
their funding for reproduction projects, I would sub-
mit (more) such applications]
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Figure 29: Question 21: Please indicate the degree to
which you agree with the following statements: [If there
was an easy to use toolkit available for this purpose, I
would carry out (more) reproduction work]
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Figure 30: Question 22: Please indicate the degree to
which you agree with the following statements: [Other
researchers could easily recreate my work, without con-
tacting me]
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Figure 31: Question 23: Please indicate the frequency
with which you do the following : [I take steps to ensure
that my published work can be easily recreated]
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Figure 32: Question 24: Please indicate the frequency
with which you do the following : [When reporting work
with metric scores, I also carry out human evaluations]
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Figure 33: Question 25: Please indicate the frequency
with which you do the following : [When reporting
work with models, I make the code available]
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Figure 34: Question 26: Please indicate the frequency
with which you do the following : [When reporting
work with data, I make the data available]
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Figure 35: Question 27: Please indicate the frequency
with which you do the following : [When reporting hu-
man evaluations, I make full details available, including
evaluation interface and evaluator instructions]
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Figure 36: Question 28: Please indicate whether or not
the following statements apply in your case [I think
it’s important that work in my field should be easy to
recreate]
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Figure 37: Question 29: Please indicate whether or not
the following statements apply in your case [I’'m happy
with how my field currently addresses reproducibility]
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Figure 38: Question 30: Please indicate whether or not
the following statements apply in your case [I’'m aware
of recreation attempts of my own work]

20| :
- 3.36 4.7 2.01
g oo |
—10.07
—20 I |
ByYes Eno [Ounsue O na

Figure 39: Question 31: Please indicate whether or
not the following statements apply in your case [As a
reviewer, | have commented on reproducibility issues]
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[E Machine Translation and Multilinguality O Phonology, Morphology,
and Word Segmentation Question Answering Resources and
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and Argument Mining | Speech and Multimodality Syntax:
Tagging, Chunking and Parsing [CJoTtHER

(g) Question 07: Which of the following NLP subfields have
you worked in in the past 4 years (select all that apply)?

Figure 40: 2022 Results: Answers to Q1-Q7 about demographics.
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models, including evaluation metrics O Difficulty communicating with
original author(s) [ Financial cost [ sufficient computing power

Uncertainty about how to compare and analyse results O orHer

(a) Question 08: Have you in
the past 5 years tried to recre-
ate any aspect of other peo-
ple’s research?

(b) Question 09: Which of the following issues did you en-
counter when trying to recreate other people’s research (select
all that apply)?

| always | frequently
Osometimes [ rarely [ never

(¢) Question 10: Thinking
about results when you recre-
ated other people’s research,
were your results broadly the
same as those reported in the
original work?

Figure 41: 2022 Results: Answers to Q8—Q10 about recreating the work of others.
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(b) Question 12: Which of the following issues did you en-
counter when trying to recreating your own research (select

all that apply)?
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(c) Question 13: Thinking
about results when you recre-
ated your own research, were
your results broadly the same
as your earlier results?

Figure 42: 2022 Results: Answers to Q11-Q13 about recreating own work.
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(d) Question 16: Which of the following are among the
reasons why you have not carried out human evaluations in
the past 5 years (select all that apply)?
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(c) Question 18: Which of the following issues did you
encounter when trying to recreate your own or someone
else’s human evaluation in the past 5 years over and above
the issues mentioned in previous questions (select all that
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(e) Question 17: Which of the following are among the
reasons why you have not attempted to recreate a human
evaluation in the past 5 years (select all that apply)?

Figure 43: 2022 Results: Answers to Q14-Q18 about human evaluation.
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Figure 44: 2022 Results: Answers to Q19-Q21 about

things organisations could do to enable reproduction.

Q19: Please indicate the degree to which you agree
with the following statements: [If the conferences I
usually submit to reserved some of their acceptance rate
for reproduction papers, I would submit (more) such
papers] / Q20: Please indicate the degree to which you
agree with the following statements: [If the funding
bodies I usually apply to reserved some of their funding
for reproduction projects, I would submit (more) such
applications] / Q21: Please indicate the degree to which
you agree with the following statements: [If there was
an easy to use toolkit available for this purpose, I would
carry out (more) reproduction work]
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(a) Question 22: Please indicate the degree to which you
agree with the following statements: [Other researchers
could easily recreate my work, without contacting me]
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(b) 2022 Results: Answers to Q23-Q27 about efforts re-
searchers make to enable reproduction. Q23: Please indi-
cate the frequency with which you do the following : [I
take steps to ensure that my published work can be easily
recreated] / Q24: Please indicate the frequency with which
you do the following : [When reporting work with metric
scores, I also carry out human evaluations] / Q25: Please
indicate the frequency with which you do the following :
[When reporting work with models, I make the code avail-
able] / Q26: Please indicate the frequency with which you
do the following : [When reporting work with data, I make
the data available] / Q27: Please indicate the frequency
with which you do the following : [When reporting human
evaluations, I make full details available, including evalua-
tion interface and evaluator instructions]

Figure 45: 2022 Results: Answers to Q22—-Q27 about
efforts researchers make to enable reproduction.
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Figure 46: 2022 Results: Answers to Q28-Q31 about
researcher‘s opinions on reproducibility. Q28: Please
indicate whether or not the following statements apply
in your case [I think it’s important that work in my
field should be easy to recreate] / Q29: Please indicate
whether or not the following statements apply in your
case [I’'m happy with how my field currently addresses
reproducibility] / Q30: Please indicate whether or not
the following statements apply in your case [I’'m aware
of recreation attempts of my own work] / Q31: Please
indicate whether or not the following statements apply
in your case [As a reviewer, | have commented on re-
producibility issues]
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