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Abstract

The practices for if and how scholarly journals instruct research data for published research
to be shared is an area where a lot of changes have been happening as science policy moves
towards facilitating open science, and subject-specific repositories and practices are estab-
lished. This study provides an analysis of the research data sharing policies of highly-cited
journals in the fields of neuroscience, physics, and operations research as of May 2019.
For these 120 journals, 40 journals per subject category, a unified policy coding frame-
work was developed to capture the most central elements of each policy, i.e. what, when,
and where research data is instructed to be shared. The results affirm that considerable dif-
ferences between research fields remain when it comes to policy existence, strength, and
specificity. The findings revealed that one of the most important factors influencing the
dimensions of what, where and when of research data policies was whether the journal’s
scope included specific data types related to life sciences which have established meth-
ods of sharing through community-endorsed public repositories. The findings surface the
future research potential of approaching policy analysis on the publisher-level as well as
on the journal-level. The collected data and coding framework is provided as open data to
facilitate future research and journal policy monitoring.
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Introduction

The connection between a research article and its underlying data is strong and direct for
authors involved in the preparation process of article manuscripts, but the immediate link
can weaken or become completely absent as the article gets published without any data
to support the reported findings being made available for readers to access. Journal poli-
cies for research data sharing have been developing actively since over two decades ago
(Piwowar and Chapman 2008), but only more recently has uptake among journals gained
wider support, with progress so far having been observed to be uneven across disciplines
(Resnik et al. 2019). Journal data sharing policies becoming more common and detailed
can be perceived as part of the larger push towards open science driven by science policy
as well as individual researchers, where open data sharing is a central element for making
research more transparent, reproducible, and increasing its potential impact (McKiernan
et al. 2016). A summarised way of expressing the various aims of this movement as it
concerns research data are the FAIR principles, where research data is urged to be made
findable, accessible, interoperable, and reusable (Wilkinson et al. 2016). Due to the large
emphasis on journal publications for disseminating new research findings within most dis-
ciplines, journal data sharing policies have a large potential influence on what, when, and
where researchers make their research data available.

One factor influencing the rate at which research data is shared has been the lack of
incentives or requirements for researchers to do so—if data sharing is not necessary for
getting funded or published then why do so? Data citations, i.e. citations to published data-
sets, are still an emerging practice not fully standardised nor a well-established metric in
researcher merit systems. However, it has been found that research articles with shared
research data receive a higher number of citations on average (Piwowar and Vision 2013;
Dorch et al. 2015). As the study reported in the present article will look closer at, some
journals require authors to make the data associated with published articles publicly avail-
able. This requirement might act as a data sharing incentive for authors (as in “In order
to get published in this forum I will have to make my data available, it is worth the extra
effort”), but also as a potential deterrent for reluctant authors (as in “I will publish in some
other journal that does not require data sharing for its articles”). The influence of data shar-
ing requirements on how researchers select which grants to apply financing from and which
journals to publish in is still largely unknown.

In disciplines where infrastructures have been created for aggregating research data
from individual studies the process of data sharing is well-integrated into the research pro-
cess by being predictable, supported, and expected by all stakeholders. In disciplines where
research data sharing is more sporadic and emerging, the initiative to share research data
can be triggered late in the research process by, e.g. a journal requiring it upon publica-
tion of the article. The definition and standards for research data is also still a developing
practice within many disciplines where data formats and integration are not already well-
established. For the purposes of transparency and reproducibility not all shared data is of
equal quality. If there are no discipline-specific standard formats to adhere to the level of
detail and quality of documentation might be so low that the data gives limited utility for
researchers who want to build upon the work in the future (Mbuagbaw et al. 2017). This
is one of the reasons why there has been an ongoing shift towards peer-review processes
that also increasingly include review of underlying data so as to get assurance of methodo-
logical integrity, the correct conclusions being drawn, and the utility of the dataset in its
publicly shared form.
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For this study our main research questions is:

What do the journal data sharing policies within the fields of neuroscience, physics,
and operations research instruct with regards to what, when, and where?

Literature review

As briefly alluded to in the introduction, journals are not the only actors that influence
research data sharing, organisations such as research funders and research performing
organisations (e.g. universities) have also developed policies that recommend or require
researchers to make their research available to various degrees. There is a wealth of litera-
ture available on the broad landscape of research data sharing, however, we limit our focus
to the context of data sharing as it relates to the activity of journal publishing and there
specifically on the ways that journals have (or have not) integrated research data sharing as
part of their publication policies. Journal research data policies have actively been studied
for over a decade, but what has remained a constant obstacle for making the results from
various studies over time comparable is the variance in disciplinary focus, sample selection
criteria, and the variation in how researchers have coded these policies. There is no univer-
sally adopted standard for journals to express their policies, which is one reason for why
researchers have developed their own ways of making policies comparable to each other. In
an attempt to summarise the diverse existing research on this topic, Table 1 presents a sum-
mary of prior studies of journal research data and editorial policies.

As can be seen from Table 1 research on the topic has been active during the last
10 years. Journal research data policies have previously been studied in the fields of
environmental sciences (Weber et al. 2010), political science (Gherghina and Katsani-
dou 2013), genetics (Moles 2014), social sciences (Herndon and O’Reilly 2016; Cro-
sas et al. 2018), biomedical sciences (Vasilevsky et al. 2017) and through multidiscipli-
nary approaches (Piwowar and Chapman 2008; Sturges et al. 2015; Blahous et al. 2016;
Naughton and Kernohan 2016; Castro et al. 2017; Resnik et al. 2019). Within the find-
ings of recent multidisciplinary studies on journal research data policies, circa 50-65% of
journals had a research data policy and 20-30% of these policies were either classified as
strong policies or mandated data sharing into a public repository (Sturges et al. 2015; Bla-
hous et al. 2016; Naughton and Kernohan 2016). Furthermore, studies suggest that journals
with high Impact Factors also have the strongest data sharing policies (Vasilevsky et al.
2017; Resnik et al. 2019).

Prior studies have presented various classification frameworks for evaluation of jour-
nal’ research data policies (Piwowar and Chapman 2008; Moles 2014; Sturges et al. 2015;
Herndon and O’Reilly 2016; Blahous et al. 2016; Crosas et al. 2018; Resnik et al. 2019).
As an overall trend, the classification frameworks of research data policies have become
more detailed and intricate over time. High-level classifications examining a perceived
strength of policies, i.e. whether policies were in general seen as strong or weak, were first
to emerge and are used in more recent studies as well (e.g. Piwowar and Chapman 2008;
Blahous et al. 2016). However, a more intricate line of policy classifications has emerged
where coding schemes include up to 24 variables (e.g. Stodden, Guo and Ma 2013; Moles
2014; Vasilevsky et al. 2017; Resnik et al. 2019). In most recent studies, specific data
types, such as life science data, are acknowledged as factors affecting journal data policies
and included as variables in classification schemes (Vasilevsky et al. 2017; Resnik et al.
2019).
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Journal research data policies related to fields of neuroscience, physics and operations
research have previously been examined as follows. Vasilevsky et al. (2017) examined
research data policies of 318 biomedical journals and found that 21% of journals required
data sharing and, in addition, 14.8% journals addressed only sharing of protein, proteomic,
and/or genomic data. Of biomedical journals of that addressed research data in their edi-
torial policies, the most recommended methods of data sharing were public repositories
(57.6%) and data hosted in the journals® online platforms (20.7%) (Vasilevsky et al. 2017).
In general, the journal research data policies of physics and mathematics (operations
research is often considered as a field related to applied mathematics) have been previously
examined through large multidisciplinary approaches (Resnik et al. 2019). Even though the
focus of Womack’s (2015) study was not on journal research data policies per se, his find-
ings offer insight into research data practices within the fields of physics and mathematics.
These including that even though only 25% of the 50 sampled articles representing math-
ematics used original data, the share of available data was relatively high (31.6%). Within
the field of physics, Womack (2015) observed that even though 88% of the 50 articles rep-
resenting the field used data (either original data or reused data), only in 8% of articles was
the data available for reuse. More detailed domain-specific analyses of journals in the fields
of physics and operations research would be beneficial to gain a better understanding of the
current state of policies and their intricacies.

A recent paper by Jones et al. (2019) provides an overview of research data policies for
all journals published by Taylor & Francis and Springer Nature. Taylor & Francis launched
their data sharing policy initiative for journals at the start of 2018 offering journals five
different standardised policies of various policy strength. By the end of the year, the aver-
age uptake of their basic data policy (encouragement to share data when possible) ranged
between 71 and 83% across journals in various disciplines. Springer Nature started rolling
out standardised research data policies for their approximately 2600 journals in 2016, hav-
ing four different types of standard statements ranging from encouragements (Type 1 and
2) to requirements (Type 3 and 4). As of November 2018 more than 1500 Springer Nature
journals have adopted one these four policies, some slightly modified to accommodate for
disciplinary specificity. The distribution of policies in ascending order of policy strength:
Type 1 (39%), Type 2 (34%), Type 3 (26%), and Type 4 (< 1%). Based on the overview of
Jones, Grant and Hrynaszkiewicz (2019), which authors are employed at one of the two
publishers, there seems to be momentum in more journals adopting data sharing policies
that are expressed in standardised way across the publisher-level.

Looking beyond these two publishers and very recent developments, prior longi-
tudinal studies confirm growth in scientific journals adopting research data policies.
In their longitudinal study of 170 journals representing computational sciences, Stod-
den, Guo and Ma (2013) observed that the amount of research data policies increased
by 16% between 2012 and 2013, along with increases in code (30%) and supplemen-
tary materials policies (7%). Herndon and O’Reilly (2016) observed that within the
period of 2003-2015, the amount of high Impact Factor social science journals hav-
ing a research data policy increased from 10 to 39%. Furthermore, their findings also
suggest that on average the policies of 2015 are more exact and demanding than their
2003 counterparts (Herndon and O’Reilly 2016, 229). Castro et al. (2017) found that
research data policies of a sampled set of multidisciplinary open access journals did
not show signs of adoption of stronger data policies observed during 2 years inter-
val of 2015-2017. Even though the amount of longitudinal studies is limited and ear-
lier domain specific studies have not been replicated recently to observe change in the
journal policies, the observations of Stodden et al. (2013) and Herndon and O’Reilly
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(2016) combined with the editorial efforts reported by Jones et al. (2019) suggests that
scientific journals are more frequently adopting research data policy and that these pol-
icies are becoming more demanding. Previous studies also support the notion that it
is more common for journals with higher Impact Factor ranking to have data policies.

The development of common frameworks for journals to express, and by extension
for researchers to study journal data policies, has been gradually improving over the
last decade. In Table 1 we summarised how 14 previous studies had approached devel-
opment and use of journal selection and coding frameworks. The first study directly on
journal data policies by Piwowar and Chapman (2008) relied on relatively crude clas-
sification of 70 journals into categories of “No”, “Weak”, or “Strong®, while the most
recent by Resnik et al. (2019) incorporated an extensive 24-point framework in a study
of 447 journals. For this study we will incorporate a scaled down 14-point framework
that is capable of registering the central variables relating to the questions of what,
where, and when data is to be shared based on policies from highly cited journals from
different disciplines. Previously, an analysis on what, where, and when dimensions of
research data policies has been done by at a multidisciplinary level by Sturges et al.
(2015). However, Sturges et al. (2015, p. 2449) focused on providing recommendations
regarding research data policies of scientific journals and presented their empirical
findings at a very general level without domain specific differences, for example. The
present study takes the approach of what, where, and when data is to be shared based
on coding categories that are mutually exclusive, which helps comparisons between
journals representing different fields of science, for example. The framework and data
collection methodology is described more closely in the following section.

Methodology
Research aim of the empirical study

To answer the research question of the present study, an empirical study was con-
ducted. Given the multitude of previously developed journal research data policy
frameworks and quickly developing field of research data related editorial policies
(e.g. Jones et al. 2019), the present article seeks to gain recent in-depth observations
by conducting a qualitative analysis of current journal policies within the fields of
neuroscience, physics and operations research. The fields of physics and operations
research were included in the analysis due to lack of detailed studies of journal data
policies of these fields. By incorporating neuroscience journals into the analysis, the
present study seeks to understand the research data policies of physics and operations
research journals in relation to fields whose data policies are affected by inclusion of
life science data (e.g. protein, proteomic, genetic and genomic data). Although the
above three fields are science, technology and medicine related disciplines, previous
studies suggest that they could have different approaches to underlying research data
(Womack 2015; Vasilevsky et al. 2017).
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Data collection

Since data collection is a manual process due to the lack of machine-readable policies,
the sampling strategy focused on capturing the policies of the most highly cited jour-
nals within each discipline, which is a similar approach to many previous studies due
to such journals more reliably having an explicit data policy. For selection of journals
within the field of neuroscience, Clarivate Analytics’ InCites Journal Citation Reports
database was searched using categories of neuroscience and neuroimaging. From the
results, journals with the 40 highest Impact Factor (for the year 2017) indicators were
extracted for scrutiny of research data policies. Respectively, the selection journals
within the field of physics was created by performing a similar search with the catego-
ries of physics, applied; physics, atomic, molecular and chemical; physics, condensed
matter; physics, fluids and plasmas; physics, mathematical; physics, multidisciplinary;
physics, nuclear and physics, particles and fields. From the results, journals with the
40 highest Impact Factor indicators were again extracted for scrutiny. Similarly, the 40
journals representing the field of operations research were extracted by using the search
category of operations research and management.

Journal-specific data policies were sought from journal specific websites providing jour-
nal specific author guidelines or editorial policies. Within the present study, the examina-
tion of journal data policies was done in May 2019. The primary data source was journal-
specific author guidelines. If journal guidelines explicitly linked to the publisher’s general
policy with regard to research data, these were used in the analyses of the present article. If
journal-specific research data policy, or lack of, was inconsistent with the publisher’s gen-
eral policies, the journal-specific policies and guidelines were prioritized and used in the
present article’s data. If journals’ author guidelines were not openly available online due to,
e.g. accepting submissions on an invite-only basis, the journal was not included in the data
of the present article. Also journals that exclusively publish review articles were excluded
and replaced with the journal having the next highest Impact Factor indicator so that each
set representing the three field of sciences consisted of 40 journals. The final data thus con-
sisted of 120 journals in total.

Data analysis and coding

The journals’ author guidelines and/or editorial policies were examined on whether they
take a stance with regard to the availability of the underlying data of the submitted article.
The mere explicated possibility of providing supplementary material along with the sub-
mitted article was not considered as a research data policy in the present study. Further-
more, the present article excluded source codes or algorithms from the scope of the paper
and thus policies related to them are not included in the analysis of the present article. The
coding scheme of journal data policies utilized in the present article was created through
qualitative analysis the above data by means of constant comparative method (Silverman
2005). Preliminary coding was done incorporating the dimensions of what, where and
when (for such analyses of journals’ article sharing policies, see Laakso 2014). This pre-
liminary coding was further enhanced through comprehensive data treatment until no new
variants of the above dimensions could be inferred from the data. Once the journal research
data policy framework of the present study was formed, the entire data was rescrutinized to
ensure the consistency of the findings.
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Journal research data policy coding framework

The journal research data policy coding framework derived from the empirical data of this
study is presented in Table 2. The framework utilises terminology that is further specified
here. The term ‘data availability statement available’ refers to whether the journal editorial
policies required or encouraged the submitting researcher to issue a statement regarding the
sharing, or lack thereof, of the primary data underlying the submitted work.

‘Public deposition’ refers to a scenario where researcher deposits data to a public repos-
itory and thus gives the administrative role of the data to the receiving repository. ‘Scien-
tific sharing’ refers to a scenario where researcher administers his or her data locally and
by request provides it to interested reader. Note that none of the journals examined in the
present article required that all data types underlying a submitted work should be depos-
ited into a public data repositories. However, some journals required public deposition of
data of specific types. Within the journal research data policies examined in the present
article, these data types are well presented by the Springer Nature policy on “Availability
of data, materials, code and protocols” (Springer Nature 2018). These specific data types
included DNA and RNA data; protein sequences and DNA and RNA sequencing data;
genetic polymorphisms data; linked phenotype and genotype data; gene expression micro-
array data; proteomics data; macromolecular structures and crystallographic data for small
molecules. Furthermore, the registration of clinical trials in a public repository was also
considered as a data type in this study. The term ‘specific data types’ used in the custom
coding framework of the present study thus refers to above life sciences related data types,
including reporting of clinical trials. These data types have community-endorsed public
repositories where deposition was most often mandated within the journals’ research data
policies. The term ‘location’ refers to whether the journal’s data policy provides sugges-
tions or requirements for the repositories or services used to share the underlying data of
the submitted works. The category of ‘immediate release of data’ examines whether the
journals’ research data policy addresses the timing of publication of the underlying data of
submitted works. Note that even though the journals may only encourage public deposition
of the data, the editorial processes could be set up so that it leads to either publication of
the research data or the research data metadata in conjunction to publishing of the submit-
ted work.

The data of the present article is available at https://doi.org/10.5281/zenodo.3268351.

Findings
Research data policies and availability statements

Research data policies were common within the editorial policies of the neuroscience,
physics and operations research journals examined in the present study: from all 120 jour-
nals, 92 (c. 77%) had incorporated a research data policy into their editorial processes.
Research data policies were most common for journals within neuroscience as 35 (85%)
of these journals had a research data policy. Respectively, within the three field of sciences
examined in the present study, they were least common in physics: 26 (65%) of the sam-
pled journals in physics having a research data policy. Editorial processes that incorporated
data availability statements were not as common as only 61 (51%) of all studied journals
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required or encouraged such statements. Tables 3 and 4 summarise the findings on imple-
mented research data policies and data availability statements.

Sharing of previously unpublished data

Within the neuroscience, physics and operations research journals that presented a
research data policy, the highest proportion of journals encouraged, but did not require,
authors to share their data via public repositories: 12 of the neuroscience, 11 of the
physics and 30 of the operations research journals encouraged authors to share their
data via public repositories. This total of 53 journals encouraging public deposition of
research data constituted c. 58% of all examined journals that included a research data
policy in their editorial policy guidelines (n=92).

The research data policy of some journals in the fields of neuroscience (n=7) and
physics (n=7) addressed only specific data types related to life sciences. As stated
previously, these included data types such as DNA and RNA data; protein sequences
and DNA and RNA sequencing data; genetic polymorphisms data; linked phenotype
and genotype data; gene expression microarray data; proteomics data; macromolecular
structures, crystallographic data for small molecules and clinical trials data. However,
instead of a mere encouragement to publicly share data, these journals required the pub-
lic deposition of these data types. Furthermore, some journals from neuroscience (n=6)
and physics (n=4) similarly required the open deposition of the above specific data
types and also in addition encouraged open deposition rest of the research data used in
the submitted article. These 24 journals that had adopted either one of the above policy
types consisted 26% of all journals that presented a research data policy (n=92).

The percentage of journals that mandated the sharing of all data types underlying a
submitted work was highest in neuroscience. Scientific sharing of all data, including
requirement to publicly deposit the specific life science related data types, was man-
dated by 10 of the high impact neuroscience journals. Within the journals of physics,
4 journals similarly required sharing of all underlying data. Respectively, 1 of the high
impact journals of operations research required sharing of all data types underlying a
submitted work. These most demanding research data policies were similar across the
examined disciplines. The policies again explicitly required the open deposition of life
science related data types such as DNA and RNA data; protein sequences and DNA
and RNA sequencing data; genetic polymorphisms data; linked phenotype and geno-
type data; gene expression microarray data; proteomics data; macromolecular struc-
tures, crystallographic data for small molecules and clinical trials data. Furthermore,
also sharing of other data types used in the submitted article was required. For other
data types, the requirement to share could be fulfilled either via public deposition of
data or by giving the data for the scrutiny of any interested reader. This most demanding
research data policy type was adopted by c.16% of the examined journals that included a
research data policy in their editorial guidelines (n=92).

It is important to note that journals who had adopted this last most demanding data
policy type represented major commercial publishers, i.e. Elsevier, Sage and Springer
Nature (incl. PubMedCentral journals). Within the findings of the present article, only
Springer Nature (incl. PubMedCentral journals) required either public deposition or sci-
entific sharing of all data in all of their journals examined, whereas Elsevier and Sage
had adopted also less-demanding policies in their high impact journals. The four high

@ Springer



Scientometrics

Table 2 Journal research data policy coding framework

Data points Coding
Research data policy Yes/no
Data availability statement Yes/no
Sharing of previously unpublished data

Sharing not required or no data policy Yes/no
Public deposition of data encouraged Yes/no
Public deposition of specific data types required Yes/no
Public deposition all data encouraged and for specific types required Yes/no
Scientific sharing of all data required and public deposition of specific types required Yes/no
Location recommendations or requirements

No data policy Yes/no
No stated location recommendations Yes/no
Location recommendations Yes/no
Location requirements for specific types Yes/no
Location recommendations and requirements for specific types Yes/no
Immediate release of data

No data policy Yes/no
Timing of release not addressed Yes/no
Immediate release on publication required Yes/no

Specific data types refer to life sciences data or reporting of clinical trials

impact journals of physics and the one operations research journal, which had this most
demanding research data policy type were all published by Springer Nature.

Figure 1 summarises the field-specific differences in research data policies with
regard to sharing of previously unpublished data.

Location recommendations or requirements

Whether the scope of the journal included works utilizing data types of DNA and RNA
data; protein sequences and DNA and RNA sequencing data; genetic polymorphisms data;
linked phenotype and genotype data; gene expression microarray data; proteomics data;
macromolecular structures, crystallographic data for small molecules and clinical trials
was also affected the where dimension of the research data policies. Journals that published
research related to aforementioned data types also required that their deposition into spe-
cific community-endorsed public repositories. It was only with the data type of registering
clinical trials that examined journals sometimes did not issue location requirements but
mere recommendations. The approach where public deposition of clinical trials data was
required but only locations recommendations were made was found exclusively from the
neuroscience journals examined in the present study. Within the empirical data of the pre-
sent study, if a journal research data policy did not address the above data types, only rec-
ommendations regarding the services used for data sharing were included in the research
data policies.

The examined journals recommended diverse locations for research data sharing, such
as discipline specific repositories, general purpose repositories and data journals. Given the
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Table 3 Presence of journal

research data policies Field of science Data policy defined No data policy
Neuroscience (n=40) 87.5% (35 journals) 12.5% (5 journals)
Physics (n=40) 65% (26 journals)  35% (14 journals)
Operations research (n=40) 77.5% (31 journals) 22.5% (9 journals)
Total (n=120) 77% (92 journals)  23% (28 journals)

Table 4 Presence of data statements as part of editorial processes

Field of science Data availability statements No data availability statements
Neuroscience (n=40) 55% (22 journals) 45% (18 journals)

Physics (n=40) 37.5% (15 journals) 62.5% (25 journals)
Operations research (n=40) 60% (24 journals) 40% (16 journals)

Total (n=120) 51% (61 journals) 49% (59 journals)

large variance in approaches, exact codings of location recommendations seemed unfeasi-
ble. For example, Springer Nature’s (2019) list of recommended data repositories classi-
fies circa 110 different repositories into domain specific categories. However, three main
general approaches were identified from the altogether 70 journals (c. 58% of all examined
120 journals) including location recommendations in their research data policies. First, 28
(c. 23% of all examined journals) journals had adopted an approach where the main rec-
ommendation was a repository supported by the journal platform. Second, 25 journals (c.
21% of all examined journals) had adopted the approach where recommended locations
were presented through domain specific categories listing suitable repositories. Finally, 16
journals (c. 13% of all examined journals) recommended unspecified public repositories as
locations of data sharing.

Figure 2 summarises the field-specific differences in research data policies with regard
to locations for sharing of previously unpublished data.

Policy regarding the release of data

Figure 3 summarises the field-specific differences in research data policies with regard
to when data should be shared. With regard to timing of sharing the underlying data, the
defining factor within research data policies examined in this study appeared to be the edi-
torial processes that were set up so that they lead to publication of the research data in
conjunction to publishing of the submitted work. The highest share of journals requiring
immediate sharing or, with specific data types, public deposition on publication, where
again within the fields of neuroscience and physics. It is noteworthy that often the journals
that published research utilizing aforementioned life science data types often required data
bank accession number and clinical trial registration number information to be included
already in the manuscripts submitted to the journal.
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m Scientific sharing of all data required and public deposition of specific types required

Fig. 1 Journal policies on data sharing

Discussion

The literature review revealed that research in this domain has been active over the last
two decades with various journal population sampling strategies being employed to gain
either deep single-discipline results or results that cut across multiple disciplines. A recur-
ring common theme in both previous research and the study reported on in this article is
the unevenness of policies between research disciplines, and surprisingly large shares of
journals that still do not have research data policies (e.g. in this study a third of physics
journals were found to not have one). Prior longitudinal studies confirm growth in scien-
tific journals adopting research data policies. From the review, which was summarized in
Table 1, it became clear that many different approaches have been used to standardize het-
erogeneously expressed policies. A trend which goes in tandem with journals increasingly
having data sharing policies and also expressing them in a more detailed way, the classi-
fication frameworks have also become more detailed and intricate over time. While some
re-use and iterations of frameworks was found to occur it has been common for studies to
design granularity and classification criteria to specifically support the research agenda of
a specific study. Within the findings of the present study, the requirement of depositing
open data to public repositories was given only to data types related to life sciences. This
supports the recent tendency (Vasilevsky et al. 2017; Resnik et al. 2019) to separately code
these data types within classifications examining journal research data policies in fields
where they are of relevance and in multidisciplinary studies.

The empirical findings revealed that one of the most important factors influencing the
dimensions of what, where and when of research data policies was whether the journal’s
scope included specific data types related to life sciences which have established meth-
ods of sharing through community-endorsed public repositories. As mentioned previously,
these specific data types included DNA and RNA data; protein sequences and DNA and
RNA sequencing data; genetic polymorphisms data; linked phenotype and genotype data;
gene expression microarray data; proteomics data; macromolecular structures, crystallo-
graphic data for small molecules, and clinical trials data. If above data types were included
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Fig.3 Journal policies on when data should be shared

in the scope of the journal, it affected the what dimension so that public deposition of
these data types were required whereas most often research data policies only encouraged
data sharing through public repositories. Furthermore, if above data types were included
in the scope of the journal, the research data policy often mandated the use of specific
community-endorsed repositories, thus affecting the where dimension of research data
sharing. Finally, the pertinence of these life sciences related data types also affected the
when dimension of data sharing as some journals required data bank accession number
and clinical trial registration number information to be included already in the manuscripts
submitted to the journal.

Although no prior detailed analyses of research data policies of neuroscience, physics
and operations research journals existed, in general the findings are in line with the prior
studies of high impact journals (Vasilevsky et al. 2017; Resnik et al. 2019). The most nota-
ble difference between the analysed fields of sciences was that the neuroscience journals,
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being part of life sciences, most often included in their scope specific data types, which
have established methods of sharing through community-endorsed public repositories.
This in turn led to more specific and demanding research data policies than found from
the two other fields of sciences examined. The inclusion of these same life science related
data types also influenced research data policies of high impact physics journals, albeit
not to the same extent as in neuroscience. As exemplified in the findings, these differences
between the fields may diminish over time as publishers are adopting standardized policies
across their journals (Jones et al. 2019). However, what matters perhaps more is estab-
lishing new cultures of open sharing and community-endorsed public repositories around
novel specific data types. This in turn might encourage scientific journals to move from
mere recommendations of data sharing to requiring open deposition of new kinds of data
outside of life sciences.

When the custom coding framework created in the present study is compared to recent
classification frameworks presented by Resnik et al. (2019) and Vasilevsky et al. (2017),
the following observations can be made. The categorization of data sharing into public
deposition and scientific sharing may be seen as a strength of the present study’s classifica-
tion. Even though there are valid limitations to data sharing, such as protecting the identity
of participants, public deposition of shared data may be seen to better reflect the FAIR
principles in data sharing (see Wilkinson et al. 2016) than the scenario where researchers
themselves administer the scientific sharing of data. Thus, the above distinction may be
seen as beneficial when examining research data policies of scientific journals. Further-
more, within the present study’s coding framework the categories are mutually exclusive,
which helps comparisons between journals representing different fields of science.

Limitations

This study is limited to the most highly cited journals of each discipline included in Clari-
vate Analytics’ Web of Science database, would the sample selection have been wider the
results would likely differ considerably based on indications from earlier research. Further-
more, the present article excluded source codes or algorithms from the scope of the paper
and thus policies related to them are not included in the analysis of the present article. It is
also important to note that the fields of sciences examined in the present study represented
science, technology and medicine related fields. Further studies should be conducted using
the policy-coding framework of the present study to examine the research data policies of
in social sciences and humanities, for example. This approach would make visible whether
journals representing these fields of science encourage data sharing, require public deposi-
tion of research data or require scientific sharing of research data.

Conclusion

Our findings continue the consistent trend observed by previous research of considerable
disciplinary differences in presence and strength of journal data policies. Publicly depos-
ited open data was found to be a characteristic requirement for neuroscience as part of life
sciences, where this concerns in particular deposit of protein, proteomic, genetic, genomic
and clinical trial data. For other data types even journals in neuroscience were more lenient
in their policies, encouraging or requiring data sharing among researchers but not making
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it available as open data. In research disciplines where there is no prevalent experiment or
data type that many studies make use of, e.g. operations research, the existence of strong
and specific journal data policies is also less prevalent even among the highly-ranked jour-
nals in the disciplines. Something which also has an influence on this is research funder
requirements, where life sciences is backed by big funders where many have open science
as part of their policies, thus trickling down commonly specified requirements to the top
journals in the discipline.

As part of the data collection process we could observe that the availability and format
through which the journal research data policies were expressed were publisher-depend-
ent, e.g. our results corroborate that Springer Nature has already for several years worked
towards the publishers journals having policies expressed in a standardized way (Hrynasz-
kiewicz et al. 2017). It would be useful for future research to include the publisher level in
addition to the individual journal level of observation and analysis since there seems to be
consolidation happening within several of the large publishers.
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