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Computer code plays a vital role in modern science, from the
conception and design of experiments through to final data anal-
yses. Open sharing of code has been widely discussed as being
advantageous to the scientific process, allowing experiments to
be more easily replicated, helping with error detection, and re-
ducing wasted effort and resources. In the case of psychology,
the code used to present stimuli is a fundamental component
of many experiments. It is not known, however, the degree to
which researchers are sharing this type of code. To estimate
this, we conducted a survey of 400 psychology papers published
between 2016 and 2021, identifying those that openly share stim-
ulus presentation code. For those that did, we established if it
would run following download and also appraised the code’s us-
ability in terms of style and documentation. It was found that
only 8.4% of papers shared stimulus code, compared to 17.9%
sharing analysis code and 31.7% sharing data. Of shared code,
70% ran directly or after minor corrections. For code that did
not run, the main error was missing dependencies (66.7%). The
usability of the code was moderate, with low levels of code anno-
tation and minimal documentation provided. These results sug-
gest that stimulus presentation code sharing lags behind other
forms of code and data sharing, potentially due to less emphasis
on such code in open-science discussions and in journal policies.
The results also highlight a need for improved documentation to
maximise code utility.
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Introduction

Computer code plays a vital role in modern science, from the
conception and design of experiments through to final data
analysis (10). This importance of code has recently come
further into focus to the scientific community both through
the lens of the response to the "replication crisis" (2, 37)
and through the growth of the open science movement (3).
This has lead to the active promotion of code sharing across
a range of scientific disciplines (6, 32, 42, 49).

In the case of psychology, the code used to present stimuli
is a fundamental component of many experiments. It is this
code which determines what form stimuli take and the man-
ner in which they are displayed, determining what the partic-
ipants experience and the responses they can make. Viewed
through the lens of code sharing, there are clear advantages
to making this stimulus presentation code openly available.
Such sharing increases the opportunity for the detection of er-
rors (21, 56). This can help reduce potentially erroneous find-
ings resulting from incorrectly specified stimulus presenta-
tion properties. Relatedly, having access to the original code
is of use to those trying to replicate previous work as it re-
moves the scope for flaws in the replication attempt that could
arise from having to reverse-engineer a stimulus presentation
paradigm (14, 34, 48). Finally, since psychology studies of-
ten involve the use of similar experimental paradigms, hav-
ing the code to instantiate those paradigms already available
for reuse and adaptation reduces wasted effort and resources
(8,22, 50). This is particularly true in the case of experiments
that utilise complex stimuli or require integration of multiple
modalities.

The described advantages of code sharing are diminished
if other researchers are unable to understand or execute it.
In terms of code comprehension, the computing community
has developed guidelines and standards for how one writes
and shares code in order to make it as readable as possible.
For example, annotation of code is encouraged so that it is
easy to understand what is being done by any given line or
section. Similarly, informative variable names are encour-
aged so that their purpose is clear and they are easy to track
through the program (16). Going along with these in-code
steps is the need to provide detailed and accurate documen-
tation. This allows other researchers to understand what has
been done and, ideally, why it has been done (53). Although
resources are available for researchers to become familiar
with good coding principles (30, 44), the majority of peo-
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ple creating scientific coding are estimated to be self-taught
(18, 43) and so there is potential for considerable variation in
the interpretability, and thus utility, of what stimulus presen-
tation code is shared (33, 59). Similarly, the utility of shared
code is lessened if it cannot be run by other researchers with-
out extensive user intervention.

Although there are clear potential advantages to sharing
stimulus presentation code, it is not clear to what extent psy-
chology researchers are currently making their code available
in this way. Previous work identifying a low level of gen-
eral research material sharing within the field suggests that
the majority of researchers are not, but those studies did not
look at stimulus presentation code specifically (15, 19). This
leaves the question of participation levels open and so a more
specific understanding of the current state of the field would
be useful for motivating future improvements.

Based on the described issues, the first aim of the cur-
rent work was to survey a selection of recent publications in
psychology that involved some form of experimental stimu-
lus being presented to participants to establish what propor-
tion of studies provided the stimulus presentation code in an
openly usable format. Having identified those that did pro-
vide code, we then established whether or not it could be
executed without significant user modification. Finally, the
code and related documentation was appraised for how read-
able and informative it was.

Methods

Literature search

A literature search was conducted in June of 2021 using
Google Scholar. Google Scholar was chosen as it includes
searching of article main texts whereas other scholarly search
engines, such as PubMed, only include titles and abstracts
(39). This functionality was important as details of stimulus
presentation methods are generally only given in the main
body of an article.

The search target had two components, namely program-
ming language and psychology topic. Since Python and
MATLAB are the two of the most commonly used program-
ming languages for psychology research (5), we limited our
search to the two primary open-source stimulus presentation
libraries for those languages: Psychtoolbox for MATLAB
(28) and PsychoPy for Python (38). E-prime is also widely
used by psychologists but is not open-source and so was ex-
cluded (5). The psychology topics searched for were: atten-
tion; emotion; executive function; learning & decision mak-
ing; masking; motor & action; visual perception; and work-
ing memory. These eight widely studied topics were selected
to produce a representative snapshot of the overall psychol-
ogy literature.. These components were combined to produce
the search string: ("PsychoPy" OR "Psychophysics Toolbox"
OR "Psychtoolbox") AND ("(name of topic)").

The search period was limited to between 2016 and 2021.
Experimental works published in peer-reviewed journals or
hosted on preprint servers were included in the study. Review
papers were excluded, as were meta-analyses and preprints

where data or code were embargoed. The first fifty suitable
papers for each topic were retrieved (400 across eight top-
ics). This number was chosen as it was observed that search
results became less topic-specific after around the fifth page
of Scholar results. Having collected this set of papers, du-
plicates that appeared under multiple psychology topics were
removed (n = 9). The resulting set of papers was then ap-
praised in a two step process. The first step involved estab-
lishing basic information about each work, including whether
or not open data and/or code was available, along with pub-
lication metrics (Table 1). Those that provided stimulus pre-
sentation code were then passed on to a detailed code ap-
praisal. A visual overview of the search and appraisal proce-
dure can be found in Supplementary Figure 1.

Code appraisal

Stimulus presentation code was appraised according to three
sets of criteria: Execution, Programming environment, and
Usability (see Table 2).

The first of these, ’Execution’, is concerned with whether
the code runs or not. Code was deemed to run if the shared
version executed successfully directly as downloaded or with
minor modifications. Modifications that were classed as mi-
nor included installing a missing package, commenting out a
line, or making small changes to syntax (e.g., changing data
folder path names or altering slashes to fit operating system
(OS) requirements). Such tasks were judged to be easily un-
dertaken by researchers with non-expert levels of program-
ming knowledge. Where code did not run, the type of error
that prevented execution was recorded.

The ’Programming environment’ category includes infor-
mation about the tools used to write the code, including the
OS of the computer where the code was created, the program-
ming language, the stimulus presentation toolbox used, and
the respective versions of these software. Software version
was noted as software generally evolves over time, introduc-
ing incompatibilities that can affect the reusability and repli-
cability of the code. Information about the programming en-
vironment was taken from various sources, including: the re-
search article; descriptions or documentation provided on the
platform where code was shared; and in annotations present
in the code itself. Since each code set was appraised twice
(see Appraisal Procedure, below), both appraisers indepen-
dently searched for this information and resolved any incon-
sistencies between themselves.

Finally, the ’Usability’ category recorded factors that
are deemed good programming practice and which make
code easier to understand and work with. Such factors in-
cluded: the level of modularity in the code; whether vari-
ables were given meaningful names (e.g., stimulus_duration,
visual_angle, etc.); the degree to which code was annotated;
and the amount of documentation that was available for the
code. In cases where experiment code was split over multi-
ple files, the usability appraisal was conducted on the file that
generated the stimuli.
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Field Description

Sharing

Stimulus presentation ~ Stimulus presentation code was shared [1] or not [0]

code

Data Any form of data was shared [1] or not [0]

Analysis code Code for statistical analysis or computational modelling was shared [1] or not [0]
Platform Where code or data were shared [GitHub; OSF; Other]

Publication metrics

Citations Number of citations as shown in Google Scholar

Journal IF Most recent journal impact factor listed on https://www.bioxbio.com/.

For those not listed there, the first IF given by a search on Google was used

Table 1. Basic information recorded for each article identified through literature search. Relevant coding for each item is given in brackets.

Field Description

Execution

Code runs Code runs in its original form/with minor corrections [1] or not [0]
Corrections Corrections are required for code to run [1] or not [0]

Error type Error(s) stopping code from running [syntax, hardware, missing

Programming environment
Operating system
Language

Toolbox

Usability
Modularity

Variable naming
Annotation

Documentation

dependency]

OS and version upon which code was run (e.g., Windows XP)
Programming language used [MATLAB, Python]

and its version (e.g., MATLAB 2016a)

Toolbox used for stimulus presentation [Psychtoolbox, PsychoPy]

and its version (e.g., Psychtoolbox 3.0.12)

Stimulus presentation code comprised of one file with no helper functions [0];
one file with helper function(s) defined inside it [1]; or helper function(s) were
in separate file(s) [2]

Meaningful [1] or arbitrary [0] variable names used in code

Extent of comments in the code [minimal, moderate, comprehensive]

Level of documentation available for code in the article, README file, website
or within code. Mutually inclusive levels:

[1] Specifies file that runs experiment

[2] Provides information on code usage

[3] Provides explanation of code implementation rationale and/or suggestions

for adaptation of code for other uses

Table 2. Criteria used for code appraisal. Relevant coding for each item is given in brackets.
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Appraisal procedure

Each set of stimulus presentation code was appraised inde-
pendently by two researchers, assigned randomly amongst
the four researchers undertaking appraisals. Each researcher
would attempt to run the code on their own computer (see
Table S1 for details about configuration) and then noted out-
comes according to the different criteria outlined above, in
Code appraisal.

Differences in objective criteria related to the code and
metadata could occur for the following fields - Programming
language and version, OS and version, Stimulus presentation
toolbox and version, and Modularity. In these cases, dis-
crepancies between the two appraisals could arise due to the
same information being documented in different detail in dif-
ferent sources. For example, the Psychtoolbox version men-
tioned in an article and its corresponding GitHub README
could have been ’PTB-3’, while the OSF Wiki mentioned
"PTB-3.0.12°. Here, both appraisals would be matched to
include the same amount of detail, as found in the most de-
tailed source (OSF Wiki, in this example). Ratings of Vari-
able naming, Annotation, and Documentation include a sub-
jective element and so could vary between researchers. A
single consensus rating between the two researchers was then
arrived at through discussion between them. Each researcher
ran code on different computers and so any cases where there
were differences in Code runs, Corrections, and Error types
were noted.

Description of data and statistical analyses

Variables of interest were presented as raw count of papers,
along with percentage of total papers. To test whether data
and code sharing were influenced by journal status (as taken
to be reflected by the JIF), and whether sharing practice
boosted the paper’s popularity, we used Mann-Whitney U
tests to compare JIF and citation counts for papers that shared
stimulus presentation code, analysis code, or data, with pa-
pers that did not. P-values were adjusted for multiple compar-
isons according to the Benjamini-Hochberg procedure (4).

Results

Code and data sharing from 2016-2021

The search identified 391 unique articles (13 preprints).
Amongst these, 30 (8.4%) shared their stimulus presentation
code, 70 (17.9%) shared their analysis code, and 124 (31.7%)
shared their data (Figure 1A). Throughout the five years sam-
pled, there was an upward trend in the sharing of data, anal-
ysis code, and stimulus presentation code. In 2016, none
of the articles shared stimulus presentation code, whereas in
2021 the number had increased to 10.20%. The same trend
occurred for data sharing (19.64% to 44.90%) and analysis
code sharing (1.79% to 26.53%) (Figure 1B). The relative
proportions of code/data sharing held true across all of the re-
search topics surveyed (Figure 1C). Regarding the choice of
sharing platform, in the 131 (33.5%) articles that shared code
and/or data, 66 (50.4%) were linked to OSF and 22 (16.8%)
were linked to GitHub. Other options, including Dropbox,

FigShare, OpenNeuro, Zenodo, Neurovault, and institution
websites, accounted for the remaining 32.8%.

Looking at publication metrics, there was no difference
in the number of citations to articles that shared stimulus pre-
sentation code and those that did not (U = 5,548.0, Prpgr =
0.29). There was also no difference in citations for articles
that did or did not share analysis code (U = 10,001.0, Prppr
= 0.29) or data (U = 15,546.5, Prpr = 0.29). In contrast,
JIF was higher for articles that did share stimulus presenta-
tion code (U = 3649.0, Prpgr < 0.001). JIF was also higher
for articles that shared analysis code (U = 6815.5, Prppr
< 0.001), and data (Mann-Whitney U = 11,245.5, Prppr <
0.001). Data are shown in Supplementary figure 2.

Appraisal of 30 stimulus presentation code sets

Execution

In our sample of 30 code sets, 21 (70.0%) could be made
to run in the first round of appraisal and 22 (73.3%) in the
second (Figure 2A). The one code set that differed between
rounds would run on Windows but not on Linux. Among
these, corrections or modifications had to be made to 14 code
sets (66.7%) in the first round of appraisal for them to run,
and to 11 (50.0%) in the second. These corrections included
actions such as commenting-out lines of code that required
certain hardware (such as an eye-tracker), commenting-out
code that attempted to load files not supplied with the source
code, or adding additional lines of code to overcome an ex-
plicit error. For code sets where code could not be executed
even after corrections, we categorized errors into three cat-
egories: syntax, hardware, and missing dependency. In the
first round of appraisal, we encountered one syntax (11.1%;
proportion within the total number of errors), two hardware
(22.2%), and six missing dependency errors (66.7%), while
in the second round, we encountered no syntax, two hard-
ware (25%), and six (75%) missing dependency errors (Fig-
ure 2B).

Usability Eleven of the code sets (36.7%) included doc-
umentation (Figure 3A). Amongst these, ten (90.9%) explic-
itly specified which file (script/function) would execute the
experiment code, eight (72.7%) provided information on the
usage of the code, and eight (72.7%) provided explanations
of their code implementation or suggestions on how to mod-
ify or adapt the code for other purposes.

Among the 30 code sets, six (20%) mentioned the OS
of the computer where code was originally executed, five
(16.7%) mentioned the OS and also its version, while the re-
maining 19 (63.3%) did not provide any details about the OS
at all (Figure 3B). In terms of the programming language,
26 code sets (86.7%) were written in MATLAB (using Psy-
chtoolbox) and the remaining four (13.3%) in Python (using
PsychoPy). The version of the programming language was
mentioned for five (16.7%) datasets. As for the toolbox (Psy-
chtoolbox/Psychopy), 11 (36.7%) mentioned only the tool-
box, while 19 (63.3%) mentioned toolbox and its version.

Regarding the level of annotation present in the code,
21 code sets (73.3%) had moderate and six (20%) code sets
had comprehensive levels of annotation. Only two code sets
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Figure 1. Descriptive statistics for the 391 unique articles identified. (A) Percentage proportion of articles that shared stimulus presentation code, analysis code, or data
(coloured patches), and those that did not (denoted in grey). (B) Percentage proportion of articles each year that shared stimulus presentation code, analysis code, or data.
(C) Percentage proportion of articles each that shared stimulus presentation code, analysis code, and data across eight major topics in psychology and cognitive science.

(6.7%) had minimal levels of annotation (Figure 3C). Look-
ing at the modularity of the code sets, ten (33.3%) were
assigned a modularity value of 0, meaning that the stimuli
were presented from a single file that included all compo-
nents and had no helper functions to modularize code func-
tionality. Four code sets (13.3%) were assigned a modularity
value of 1, where the single-file script included helper func-
tions. The remaining 16 (53.3%) were assigned a modularity
value of 2, where helper functions or meaningful components
were separated into separate files. In all 30 code sets, for both
rounds of appraisal, the appraisers found the majority of vari-
able names to be meaningful, in that they reflected the values
stored in those variables rather than having an arbitrary name.

Discussion

The results of this survey of recent literature reveal an appar-
ent trend towards increased sharing of experimental materials
and data for psychology research. Rates of stimulus presenta-
tion code, analysis code, and data sharing all increased over
the period studied. This increase mirrors that seen in other
research domains and would seem to indicate wider adop-
tion of open science principles (15). The overall proportion
of studies that are sharing materials remains low, however,
particularly in the case of stimulus presentation code. Data
was shared with almost one third of articles (31.7%) but only
8.4% shared stimulus code.

The difference in rates of sharing between data and code
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may reflect a greater emphasis on the former in journal poli-
cies (51). At the same time, researchers may have less con-
fidence in sharing their code than they do data, feeling that
their code is not written to a sufficient standard for other peo-
ple to see. This lack of confidence in coding ability may arise
in part from many research scientists having little or no for-
mal training in how to write code (18, 43). Compounding this
may be a lack of time and resources, which are cited by sci-
entists as the primary reasons for them not sharing both code
and data (1, 36, 54). Finally, a lack of enthusiasm for sharing
code may be related to such behaviour not being rewarded by
current academic incentive structures (1, 17, 20).

Addressing the aforementioned issues may help increase
the sharing of stimulus presentation code. Firstly, journal
policies that require code sharing in addition to data shar-
ing would seem advantageous. Such policies need to be ac-
tively enforced though, as evidence suggests that current data
sharing policies are often ignored by authors (13, 52). These
active policies are preferable to more passive ones, such as
the awarding of "badges", as evidence for the effectiveness
of such measures is mixed (25, 46, 47). Secondly, learning
how to code effectively could be encouraged as a fundamen-
tal skill for a modern research scientist (24). A wide range of
educational resources are available online to assist with this
(30, 44). It would be important that any move towards in-
creased coding training not require it in addition to existing
workloads though, given that a lack of time is already seen as
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a barrier to code sharing (1, 54). In terms of incentives, shar-
ing of data and other research materials is promoted through
community guidelines such as FAIR (58) and TOP (34), as
well as policies such as the European Union strategy for open
science (7). How these schemes translate into changes in how
hiring or promotion committees act, for example, or alter the
academic prestige economy, will be key for changing stimu-
lus presentation code sharing behaviour (11, 57).

Some prior work has suggested that data sharing can lead
to the relevant work being cited more (9, 41, 60). No such
effect was seen here in terms of increased citations for arti-
cles that shared stimulus presentation code. It may be that
this contrast reflects field-specific citation behaviour, as prior
work on data sharing and citations was not based on the psy-
chology literature. Alternatively, the works included here

may have been published too recently for an effect on cita-
tions to have become apparent. It also remains possible that
citation behaviours differ depending on what type of mate-
rials are shared (e.g., data compared to stimulus presentation
code), with direct investigation of this possibility perhaps jus-
tified in the future. Although no relationship was seen be-
tween stimulus presentation code sharing and citations, it was
the case that sharing was associated with higher journal im-
pact factors. This fits with prior observations that journals
with higher impact factors are more likely to have stronger
forms of data sharing policy (26, 45).

Although there was some variation in where experimen-
tal materials were shared, most was shared through either
GitHub or OSF. These each have their advantages and disad-
vantages relevant to the utility of stimulus presentation code
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sharing. GitHub provides good functionality in terms of inte-
grating with code creation pipelines and with ongoing collab-
orative code development. At the same time, GitHub repos-
itories are not permanent and may be removed at any time
by the author or, potentially, by GitHub itself. The utility of
persistent links has been demonstrated in the context of data
sharing and so is likely to also be salient for code sharing
(12, 47). Services such as Zenodo that produce permanent
objects and persistent DOI links may be useful in this con-
text (23). OSF does allow for persistent storage and links and
has additional advantages in terms of keeping all aspects of
a research project together in one place (e.g., preregistration,
experimental protocols, preprint, etc). Its current functional-
ity is less developed from a code development and mainte-
nance point of view than specialist services such as GitHub,
which may act as a barrier to some researchers using it for
stimulus presentation code sharing (29).

Of the stimulus presentation code that was shared, the
majority of it ran with at most minor corrections. Approx-
imately one third of code sets could not be run, primarily
due to there being missing files or dependencies. A relatively
high proportion of shared code that fails to run has been re-
ported previously (55), often also highlighting missing files
and dependencies as a major cause (52). This points to a need
for improved code testing by authors upon upload to ensure
that all files are present and that the code will run when ported
to another system (35). Containerisation (e.g., Docker) and
the use of environment build files (e.g., for Conda) may also
aid in increasing the usability of code across different sys-
tems by packaging all required dependencies or providing
machine instructions to install them automatically (40, 50).

A minority of stimulus presentation code that was shared
included documentation. Of the documentation that was
available, it most commonly provided only minimal informa-
tion (e.g., specifying which file to run). Poor documentation
like this is contrary to best practice and has been cited by re-
searchers as a major barrier to reusing the code of others (1).
As with code sharing more generally, community guidelines
on software documentation have been produced (e.g., FAIR)
but it remains to be seen what impact these have on commu-
nity norms and what changes to incentive structures occur to
support them (27, 31).

The level of annotation in the code was generally rated
as moderate and variable names were mostly rated as be-
ing meaningful. Both of these factors are important for the
reusability of the code. They are also important if the code
is to be used as a resource for people to learn how to create
and present experimental stimuli. As such, it is to be encour-
aged that the highest degree of annotation as is practical be
included in shared code to help it become a resource for the
community.

Conclusion

Stimulus presentation code has been increasingly shared over
time. The level remains low, however. Such code is a poten-
tially valuable resource for the psychology research commu-
nity and so it may be worth taking steps to promote a culture
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in which sharing it is valued.
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