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Open and reproducible research in materials science relies on the availability of data, code, and
established metadata standards. Journal research data policies (RDPs) are a primary mechanism
by which these community norms are enforced. We survey RDPs for 171 materials science journals
spanning 17 publishers, using an expanded coding framework that captures both data-and-code
sharing behavior as well as refereeing standards. We find clear signs of progress in comparison to
earlier research on RDPs: nearly all journals provide an RDP, and most mention data availability
statements. However, enforceable requirements remain uncommon, public deposition of underlying
data is rarely mandatory, and FAIR publication is typically encouraged rather than required. Ex-
pectations for research software are substantially less developed than those for data, with limited
attention to versioning and persistent identifiers, dependency disclosure, reproducible execution en-
vironments, or software quality practices. Aggregating the findings on policy features into an open
research data score reveals pronounced heterogeneity across journals. Neither impact factor nor
access model reliably predicts policy strength. Double-coding further shows that more complex
policies and stricter policies can be more challenging to interpret consistently, and we highlight
challenges in consistent RDP encoding across studies. Lastly, we conclude with recommended best
practice directions for the future.

I. INTRODUCTION

The field of materials science has witnessed a transfor-
mative acceleration of research driven by the integration

∗ Corresponding author: markus.stricker@rub.de

of data-driven approaches and machine learning [1–4].
As researchers strive to develop innovative materials with
tailored properties for applications ranging from energy
storage and conversion to electronics by relying on data-
heavy workflows, the need for data-availability has never
been more critical. Achieving verifiable results requires
systematic management and sharing of the underlying
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research artifacts, including all datasets and the software
and workflows used to generate and analyze them, be-
yond what can be reported in the manuscript alone [5–7].
An environment of data sharing, code sharing and com-
petitive benchmarks ideally lead to a state of frictionless
reproducibility which has been a key driver of progress
in machine learning [8] and its application to materials
science.

A commitment to open research practices fosters col-
laboration, accelerates discovery, enables validation of
results, and facilitates the reuse of tools across disci-
plines [3, 9]. For data-driven methods in particular, the
availability of high-quality, machine-readable datasets
forms the essential foundation for building robust mod-
els [10].

Data sharing practices vary substantially across scien-
tific disciplines. In crystallography and structural biol-
ogy, data sharing is well established: the Protein Data
Bank (PDB) founded in the 1970s [11] evolved into the
global archive for macromolecular structures [12, 13]. By
2008, deposition of not only structure coordinates but
also structure factors and Nuclear Magnetic Resonance
restraints became mandatory [14], enabling validation
and, in some cases, improvement of the original findings.
This policy, coordinated by the Worldwide PDB consor-
tium [15] and supported by major publishers and funding
agencies, substantially improved the availability of struc-
tural data and enabled machine learning success stories,
such as in protein folding prediction [16–19]. More re-
cently, advances in computing and storage have enabled
repositories for raw diffraction and microscopy data [20].

In the materials science community, data sharing is
likewise recognized as essential to advancing the field,
as highlighted by the adoption of international frame-
works such as the FAIR (Findable, Accessible, Interop-
erable, Reusable) principles for data [7] and code [21]
in materials science [22]. Although no single centralized
repository exists for crystal structure data, maintainers of
major computational databases [23–28] have integrated
the OPTIMADE API standard [29], effectively creating a
common data space for basic, simulated crystal structure
data. Although crystal structures are only a small sub-
space of the diverse materials science research data, these
successful data-sharing initiatives demonstrate that best
practices can be adapted to address gaps in materials-
data sharing standards.

Various ongoing projects and communities work on the
development of data and metadata standards, such as
NOMAD [26], the Battery Data Genome [30], the Mate-
rials Genome Initiative [31], and the Materials Research
Data Alliance [32], and strategies have been proposed
to encourage authors to share data at all levels. This
includes initiatives by funding agencies [33–38], universi-
ties [39, 40], research communities such as NFDI FAIR-
mat and NFDI MatWerk in Germany [41–43], and indi-
vidual research groups.

Despite global community efforts, issues such as the
lack of standardization of data formats, reluctance to

share proprietary or sensitive data, insecurities about
sharing data and code, and insufficient infrastructure
for storage and access continue to hinder progress [30,
44, 45]. Furthermore, the complexity, heterogeneity,
and sheer volume of materials science data — much
of it generated without established curation frameworks
— pose persistent obstacles to effective data manage-
ment [42, 43]. In combination with the rapid expansion of
machine-learning–driven research, these limitations raise
a second, more systemic risk: low-quality, weakly doc-
umented, or insufficiently validated datasets and work-
flows can be reused at scale, silently propagating errors
through follow-on studies and into widely used databases,
generating noise and erroneous conclusions. Strength-
ening data stewardship and reproducibility practices is
therefore not only a matter of more efficient data man-
agement, but also a prerequisite for maintaining cred-
ibility as machine learning (ML) becomes increasingly
embedded in materials science.

Research across STEM disciplines (science, technol-
ogy, engineering, mathematics) highlights that journals
are the arbiters of community practice and can, even
more than funding bodies, incentivize authors to follow
community-specific best practices [46] that move the field
forward [47–50]. However, such journal-specific policies
have often been found inadequate in their standards, and
in some cases, entirely absent [48, 51–63]. For exam-
ple, Rousi et al. (2020) [52] reported that 35% of the
highly cited physics journals they examined had no re-
search data policy (RDP), while Resnik et al. (2019) [51]
found that 43.6% of the examined journals did not ad-
dress data sharing in their policies at all.

There are systemic challenges to adopting more com-
prehensive and stringent RDPs. First, such policies in-
evitably impose additional workload on researchers, re-
viewers, and editors [64], which can conflict with the
incentives of profit-driven journals. Stricter standards
may slow publication processes and reduce the number
of accepted manuscripts, potentially lowering revenue,
particularly in open-access models where income is tied
to publication volume. Second, in many materials sci-
ence domains, companies are significant contributors to
research but are often unable to share data [65]. Enforc-
ing strict data publication standards could reduce their
scientific contributions to public research. On the other
hand, access to results and code is necessary for refer-
ees and editors to make informed judgments about re-
producibility. Currently, it is largely up to individual
editors and reviewers to insist on good practices prior to
acceptance, but their mandate is limited without explicit
journal policies related to data and code sharing. On a
positive note, there are already activities aiming at au-
tomating the process of good code sharing practices, such
as FACILE-RS [66].

Nevertheless, longitudinal studies in other fields in-
dicate progress in the adaptation of RDPs: in mathe-
matical and multidisciplinary science journals, the frac-
tion without data policies was 66% in 2011 and 62% in
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2012 [47], while in the social sciences it decreased from
90% in 2003 to 61% in 2015. A comprehensive overview
of these and related studies is provided in Ref. [52].

In this article, we extend existing coding frameworks
for journal research data policies [51, 52] to quantitatively
assess the current policy landscape in materials science.
Here, “coding” follows the social science meaning of sys-
tematically categorizing qualitative and quantitative in-
formation to enable structured analysis. Our adapted
framework incorporates materials science–specific con-
siderations, explicitly evaluates research software beyond
code sharing (including expectations for code standards
and computational workflow reproducibility), and cap-
tures enforcement mechanisms such as guidance for ed-
itors and referees (full framework in Sec. V). Using the
Dimensions [67] API and selected research field defini-
tions, we compiled a dataset of 171 journals from 17 pub-
lishers that is broadly representative of materials science
publication venues. For each publisher, we sampled —
where available — the three highest impact journals (by
journal impact factor), the three most prolific journals
(by publication volume), and three randomly selected
journals to test whether journal characteristics such as
impact or popularity relate to policy strictness. We ad-
ditionally included a small number of data-focused jour-
nals (e.g., CODATA Data Science Journal) to bench-
mark best-practice-oriented policies. Lastly, we examine
the challenges of consistently coding RDPs, both within a
single study and when comparing results across different
studies.

II. RESULTS

An overview of the results concerning the fundamen-
tals of the RDPs is given in Figure 1. These results in-
clude a) the existence of an RDP in the first place, b)
the rules concerning data availability statements (DAS),
c) specifics on data sharing requirements, d) specifics on
code sharing requirements, e) timing of data release, and
f) whether data and/or code are mentioned in the jour-
nals’ referee guidelines.
Data policies. To start, RDPs show a positive trend:
compared to earlier studies [47, 51, 52], 98% of the jour-
nals we surveyed have an RDP (Figure 1 a), and 95%
mention a DAS (Figure 1 b). However, nearly half of all
journals still do not require a DAS. Although it is known
that DAS alone are insufficient for establishing a strong
data publishing culture [68, 69], we still consider it one
of the foundations of an RDP, provided that the truth-
fulness of the DAS is verified during the review process
before publication.

Most RDPs mention data sharing requirements, but
typically as ‘optional’ (Figure 1 c): only 7% of journals
require public sharing of all research data in all cases.
Requirements for specific data types (e.g., crystal struc-
tures, genomics) are more common for 11% of the jour-
nals. An additional 1.8% require sharing of all data dur-

ing peer review, and 1.2% require sharing upon reason-
able request.

Since previous research has found that a DAS alone
is not sufficient to foster good data-sharing behavior [68,
69], we also survey the timing of data release (cf. Figure 1
e) and the requirements to make data publicly available.
Rousi et al. [52] found that 15 out of 40 surveyed physics
journals required data to be released upon publication.
In our materials-science sample, combining the categories
“required data available prior to the review process” and
“required data available after official publication”, we find
that 36.3% of journals include an explicit requirement for
data availability by review and/or by publication. This
is broadly comparable to, but slightly lower than, the
corresponding fraction reported in Ref. [52].

So far, we have only discussed whether and when re-
search data are shared. Equally important is the loca-
tion of the shared data, as this affects both its findabil-
ity, long-term preservation, and adherence to metadata
standards. Specifically, two-thirds of journals encourage
sharing data on FAIR repositories, 11.9% require the
sharing of certain data types on FAIR repositories, and
only 1.2% require all data to be shared on FAIR repos-
itories. Conversely, 77.4% of journals do not explicitly
mention the licensing of data in their open data policies.
Following the FAIR definition [7], ‘Reusable’ is defined
as “(meta)data are released with a clear and accessible
data usage license”. In any case, the mere existence of a
license does not imply a permissible license and reusabil-
ity per se. Hence, journal policies aimed at data sharing
should support permissible licenses.

Strict policies provide little benefit without enforce-
ment, which usually requires the expertise of referees.
However, few journals consider the role of data in the
peer review process, and 61% of journals do not mention
the RDP in the referee guidelines (Figure 1 f). Fewer
than one-third make any reference to it, and only a very
small number explicitly require data and/or code shar-
ing in their referee guidelines or indicate that a dedicated
data referee is appointed.
Code policies. In stark contrast to data policies, soft-
ware code policies are weaker across all surveyed jour-
nals. Code sharing is encouraged but optional for 70%
of journals and required in only 1.8%. Even among jour-
nals that encourage code sharing, more than 80% do not
require authors to specify software dependencies or ex-
ecution environments. Over 80% of policies omit guid-
ance on persistent identifiers for code. Mentions of coding
standards (e.g., style or safe constructs) are uncommon –
around 80% of policies do not address them – and fewer
than 10% require any minimal standards and references
to testing and linting are rarer still.

Open Data Score

To summarize policy strictness, we report an open data
score (ODS; s ∈ [0, 1], higher = stricter; full definition
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Yes
No

98%

a) Existence of research data policy
Required

Optional

Not mentioned

53%

42%

b) Data availability statement

Optional

Required for specific data types

Required
Required only for review
Required but not publically

79%

11%

7%

c) Data sharing requirements

Optional

Not mentioned

Required

67%

26%

6%

d) Code sharing requirements

Not mentioned

Prior to review

Prior to publication

After publication

After embargo

48%

23%

14%

13%

e) Timing of data release

Not mentioned

Mentioned

Dedicated data referee
Data review required

64%

32%

f) Data/code mentioned in referee guidelines

FIG. 1: Overview of requirements for sharing data and code.

in Section V C). Intuitively, we interpret “strictness” as
a larger amount of data being more openly shared. We
evaluate the average ODS across journals, while the vari-
ability across journals for each question is captured by a
per-question standard deviation. These results are pre-
sented in Figure 2.

Journals achieve relatively high ODSs for the existence
of an RDP, the requirements for a data availability state-
ment, and policies on data sharing methods, with many
journals recommending FAIR data repositories and data
citability. Conversely, concrete requirements for sharing
data achieve lower ODSs. For instance, data sharing re-
quirements achieve an ODS of below 0.2. Overall, we
find large standard deviations. For instance, the large
standard deviations for data availability and data timing
indicate substantial differences in whether the respective

DASs are required and when data must be released.
We tested several hypotheses about factors associated

with stricter RDPs, focusing on the relationships between
the ODS and (i) journal impact factor, (ii) society vs.
non-society publishers, (iii) open- vs. closed-access jour-
nals, and (iv) the year of the journal’s establishment.

Figure 3a illustrates the ODS versus journal impact
factor. Although some high-impact journals have higher
ODS, there is no clear monotonic trend: journals across
the impact spectrum span the full ODS range, suggest-
ing that prestige (impact factor) does not reliably cor-
relate with policy strictness. The Pearson correlation is
r = 0.175 (n = 169, p = 2.3%), indicating a weak but
statistically still significant association. To assess sensi-
tivity to extreme values, we repeated the analysis after
excluding the two highest-impact journals (pre-specified
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0.00 0.25 0.50 0.75 1.00
Average open data score

code linting
code autotest

code development
code docs

code reproducibility
code quality

data licenses
data referee

code versioning
data sharing

data fair
code required

data timing
data citability

data sharing method
data availability

rdp exist

FIG. 2: Average open data score by question; Error
bars indicate standard deviation of open data scores.

The colors indicate questions with ODS below 0.2 (red),
below 0.5 (orange) and above 0.5 (blue).

rule: impact factor > 75). The correlation disappeared
(r = −0.007, p = 93.9%), indicating that the apparent
association is driven by these outliers rather than a gen-
eral trend.

Figure 3b depicts the ODS as a function of the year
of establishment. The Pearson correlation is r = 0.166
(n = 171, p = 3.0%), indicating a weak but statistically
significant association.

Figure 3c shows the relationship between the publisher
type (society or for-profit) and the ODS. While we find
that the average ODS of for-profit publishers is higher
than that of society publishers, the ANOVA F-test as well
as a t-test find no statistically significant correlations.

Figure 3d shows the relationship between the open ac-
cess policy of a journal (full open access versus hybrid)
and the ODS. We find that the average ODS of open-
access journals is higher than that of journals with hybrid
policies. To gauge significance, we perform an ANOVA
F-test as well as a t-test. We find an F-statistic of 19.702
The p-score is 0.002%, indicating that this result is sta-
tistically significant.

Consistency of encoding process

As detailed in Section V B, two researchers indepen-
dently coded each RDP and then compared their results

to ensure consistency. Typical inconsistencies arose when
the same policy used conflicting language in different sec-
tions. For example, requiring deposition in a FAIR repos-
itory in one place but only encouraging it elsewhere. Un-
der our conservative rule, such cases were coded as en-
couraged. Publishers with a single brief, uniform policy
across journals (e.g., APS at the time of coding) yielded
the highest agreement, whereas more complex, multi-
page frameworks with journal-specific appendices (e.g.,
Frontiers, MDPI, RSC) produced more discrepancies.

In Figure 4a we provide an overview of the coding
process. 75% of the questions were initially coded con-
sistently, while initially inconsistent encoded questions
could be attributed to RDP text that was missed (13%
of all questions) and a misunderstanding of the meaning
of the policy (12%).

The most inconsistently-coded items were Questions
10 & 11 (data types for which unique policies are rec-
ommended/required), Question 7 (data sharing method),
and Question 6 (timing of data release). Higher incon-
sistency for Questions 10 & 11 is expected because these
required free-text extraction of data-type–specific rules.
For Question 7, the option “Multiple data sharing meth-
ods equally recommended in the RDP” accounted for 75%
of its inconsistencies, indicating that this question is ill-
posed and should be revised in future studies. For Ques-
tion 6, distinctions between “required before publication”
and “required after publication” were often unclear in pol-
icy text, suggesting that journals could improve the ex-
plicitness of release timelines.

These results led to a post hoc hypothesis that pol-
icy strictness impacts coding consistency (Figure 4b). In
short: if encoders struggle to code an RDP, it seems likely
that authors submitting to that journal and respective re-
viewers will struggle to understand the RDP. Using the
open data score as a proxy for policy comprehensiveness
and excluding questions 10 & 11 from the consistency rat-
ing, we observe a strong negative Pearson correlation of
r = −0.615 with p = 0.9%: more comprehensive policies
tend to be harder to code consistently. As the hypothesis
emerged during the analysis phase, these findings should
be considered in a hypothesis generating fashion and re-
quire confirmation in future work.

III. DISCUSSION

Our results show that materials science journals have
largely converged on the language of open research (e.g.,
policies and data availability statements), but not on a
shared, enforceable baseline that reliably yields reusable
datasets and software. The consequence is a fragmented
policy landscape in which the practical burden of inter-
pretation and compliance is shifted to authors, editors,
and referees. Practically, this means the reproducibility
of published work can still hinge on venue-specific norms
rather than community-wide expectations.
Data and Code Policies. A sizable fraction of journals
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(d) ODS versus open access policy of journals.

FIG. 3: Open data score (ODS) versus journal characteristics.

in materials science (36.3%) mandate data availability
by publication, a somewhat higher proportion than re-
ported previously for physics journals [52]. Nevertheless,
a majority of journals still permit delayed or conditional
data release, which undermines the goal of immediate re-
producibility. Perhaps most concerning are the results
regarding data sharing itself. Fewer than 7% of journals
require public deposition of all data, while most journals
merely encourage the sharing of data. This disconnect
between aspirational policy language and enforceable re-
quirements likely contributes to the persistent gap be-
tween journal policy and author practice [68, 70–72].

The method of data sharing is an area where improve-
ments can be made at little cost. Encouraging data shar-
ing on FAIR repositories does not require additional re-
sources, and for data types where repositories and stan-
dards already exist, journals without a respective pol-
icy can easily adopt existing recommendations. Here
we observe positive trends. FAIR repositories are fre-
quently encouraged, and citeability is often mentioned,

reflecting an awareness of best practices for data man-
agement. Still, requirements for FAIR-compliant publi-
cation remain rare, and the lack of licensing guidance in
the majority of policies (77.4%) raises questions about
the reusability of shared data.

A policy’s practical effect depends on whether it is
embedded in editorial routines. While references to
data/code in referee guidelines are more common than
previously reported [51], most journals still do not treat
data and software as objects that are routinely checked
during peer review. Evaluating whether a dataset actu-
ally enables the reproducibility of an article is difficult
and unless this is verified during the peer review process,
it is unlikely that this can be confirmed later. In our
study, we only identified three journals that use a data
and/or code referee who is responsible for checking the
completeness of the data and confirming the basic func-
tionality of the code.

Coding standards and quality assurance are the cor-
nerstones of industrial software reliability, especially in
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(b) Open data score versus the consistency of encoding,
excluding questions 10 & 11.

FIG. 4: Consistency of encoding and its relationship to open data score.

high-responsibility domains such as the automotive in-
dustry [73], avionics [74], or chemistry [72, 75]. It is
evident that scientific software developers still have a lot
to learn from industrial software developers [76]. Com-
pared to previous studies, Stodden et al. [47] found a
code policy in 22% of computational and mathematical
biology journals, similar to 19.1% for physical science
journals in Ref. [51]. Consequently, 70% appears as an
improvement. However, Resnik et al. [51] also found that
20.1% of journals required depositing code into reposi-
tories, in stark contrast to 6.4% in our dataset. We an-
alyzed the research policies of 17 of the physics science
journals that were identified as requiring code deposition
in Ref. [51] and found no requirement for code deposition
in 11 of the journals. We see two possible explanations
for this discrepancy. First, RDPs concerning code could
have deteriorated. This seems unlikely given the general
strengthening of open data requirements reported in our
study and others [52]. A more plausible explanation lies
in the challenges of consistently encoding RDPs across
and within studies. For example, our study applies a
strict interpretation of the term “required”, as outlined
in Section V, whereas other studies may adopt a more
flexible definition. Such differences in interpretation can
readily lead to diverging results. In this context, we sug-
gest that future studies should ideally include, as part
of their data, the specific text excerpts from RDPs that
informed their coding decisions, to better address these
types of questions in the future. In addition, we find
that even within our own coding process, results varied
between encoders, as detailed in Section VB and Sec-
tion ?? in the SI. This variability likely reflects not only
deficiencies in the coding framework but also ambiguity
in the wording of certain open data policies themselves.

Code quality is almost never mentioned in RDPs, as
shown by near-zero research data scores of linting and
automatic testing. The lack of attention to code quality
standards may partly stem from the fact that most mate-
rials researchers are not formally trained in software de-
velopment, and that this is often not the focus of studies.
As good software practices require significant time and
resources, they are rarely prioritized by funding agencies
in materials science. Given the wide diversity of research
code — from short analysis scripts to large-scale sim-
ulation packages — strict and universal standards are
difficult to enforce at the journal level. Nevertheless, for
journals with a strong focus on method and software de-
velopment, there is a clear case for requiring higher stan-
dards of code quality.

Finally, the inverse correlation between the open data
score and encoding consistency (Fig. 4b) highlights a
tradeoff in policy design: policies that attempt to cover
many cases and data types can become harder to inter-
pret and implement. This suggests that strengthening
RDPs is not only a question of adding more requirements,
but of making requirements testable and unambiguous. A
practical direction is therefore to align policies with exist-
ing standards and infrastructure while expressing them
as a small set of checks to be verified during the edi-
torial and refereeing process. Concretely, future policy
templates could prioritise (i) a concise core with non-
conflicting language; (ii) clearly tiered obligations (e.g.,
required → expected (may affect editorial decisions) →
mentioned), and (iii) a canonical decision path for tim-
ing, location (FAIR repositories), persistent identifiers,
and licensing, with journal-specific annexes that cannot
override the core without explicit precedence rules.

Our results point to a small number of recurrent gaps
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that are well covered by mature community standards
but are rarely made enforceable in journal policies. How-
ever, there are limitations of this study concerning which
journals have been chosen for RDP evaluation. Below, we
map these gaps to policy clauses and checks that journals
could adopt without requiring discipline-specific reinven-
tion.

From observed gaps to policy templates

(1) From “encouraged” to verifiable deposition.
While many journals encourage repository deposition,
only a minority require FAIR-compliant deposition, and
licensing guidance is absent in most policies (77.4%).
A minimal enforceable baseline is therefore: (i) depo-
sition of all data needed to reproduce the main claims in
a community-recognized repository (FAIR where avail-
able), (ii) a persistent identifier (typically a DOI), and
(iii) an explicit reuse license. These elements are
supported by established infrastructure such as Dat-
aCite and DOIs [77, 78]. Editorial verification can be
lightweight: the data availability statement must con-
tain a resolvable identifier and license, and referees must
have confirmed availability of the deposited artifacts at
review time. The existence of a persistent, resolvable
identifier, such as a DOI can further be used to link data
in machine-readable form and enable automated or semi-
automated meta analyses or quality control checks.
(2) Treating research software as a first-class re-
search output. Our survey shows that code require-
ments lag far behind data requirements: code shar-
ing is usually optional, and most policies omit de-
pendencies, versions, and reproducible execution en-
vironments. A corresponding baseline, aligned with
FAIR4RS [79], requires an archived versioned code re-
lease with a persistent identifier, together with an ex-
plicit specification of the execution environment. Here,
e.g., requirements.txt/environment.yml are a mini-
mal example for python code that does not enable full
reproducibility, while more modern environment man-
agers [80] or a container recipe allow for full reproducibil-
ity. Where feasible, journals can require a single “repro-
duce” entry point that regenerates key figures or tables.
This is supported by existing repositories and archival
services (e.g. Zenodo [81]) and by common environment
managers (e.g. Conda/Spack/Pixi) and containerization
approaches. Importantly, these requirements can be ad-
justed for scope: journals may apply stricter expectations
for methods/software papers than for primarily experi-
mental studies.
(3) Code quality: focusing on minimal signals
rather than full industrial compliance. Because
scientific software varies from short scripts to large sim-
ulation packages, universal industry-grade standards are
unrealistic at the journal level. However, journals can
still require minimal quality signals that improve main-
tainability and reusability: basic documentation of in-

puts/outputs, a license, and at least one automated san-
ity check (unit or functional test) for core routines when
software is central to the contribution. Such require-
ments are consistent with established scientific software
engineering guidance [82, 83] and help address the near
absence of current policies.

Given that most journals still do not embed RDP re-
quirements in referee guidance, a key step is procedu-
ral: requiring a short reproducibility checklist at submis-
sion (data DOI + license, code release + version, envi-
ronment specification, mapping of figures to artifacts).
Where workloads permit, journals can adopt special-
ized data/code editors for selected submissions, follow-
ing emerging practice in a small number of venues. This
targets the observed gap between policy language and
actual verifiability [68, 70–72] without placing the full
burden on individual referees.
(6) Beyond repository-by-repository compliance:
interoperability as a future policy dimension. Fi-
nally, our survey suggests that current RDPs rarely
address interoperability across repositories and disci-
plines. Emerging concepts such as FAIR Digital Objects
(FDOs), discussed within the Research Data Alliance
and the FDO Forum [84–87], aim to support machine-
actionable resolution of identifiers and access to heteroge-
neous data across domains. While FDO systems are still
developing, the absence of any policy language on cross-
domain interoperability indicates an opportunity for for-
ward looking RDP templates to anticipate the increasing
reuse of materials data across domains.
(7) Capacity building as part of policy design. Fi-
nally, stricter and more software-aware policies will only
be effective if researchers can realistically comply. Be-
cause many materials scientists receive limited formal
training in data stewardship and software engineering,
journals and publishers can reduce friction by explicitly
pointing authors to community training resources (e.g.,
The Carpentries and CodeRefinery) that instruct on ver-
sion control, licensing, documentation, testing, continu-
ous integration, and reproducible environments [88, 89].
Referencing such resources within RDPs complements
enforcement with enablement and directly targets the
skills gaps that likely contribute to weak code-policy up-
take.

IV. CONCLUSIONS

We expanded existing coding frameworks to cover data
and code sharing requirements and applied them to cre-
ate a quantitative survey of materials science research
data policies across 171 journals. Overall, the land-
scape shows clear progress in policy existence and inten-
tion, while enforceable requirements remain rare, with
research software policies lagging even further behind.
Aggregating policy features into an open data score re-
veals substantial heterogeneity across journals, with jour-
nal impact factor and access model providing limited pre-
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dictive power for policy strength. Finally, double-coding
demonstrates that policy complexity and strictness might
reduce interpretability, highlighting the need for concise,
internally consistent language and clearly tiered obliga-
tions.

Together, these findings provide a baseline of cur-
rent RDP practice in materials science. They motivate
evidence-based policy templates that translate commu-
nity standards into a small set of unambiguous, verifiable
checks during submission and peer review, while antici-
pating future needs such as cross-repository interoper-
ability.
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V. METHODS

A. Journal Selection

To select a representative set of journals, we used the
dimensions [67] Python API. As a starting point, we
limited our selection to 9 fields of research as defined
by the Australian and New Zealand Standard Research
Classification (ANZSRC 2020):

• 3047 Theoretical and Computational Chemistry

• 3403 Macromolecular and Materials Chemistry

• 3402 Inorganic Chemistry

• 3405 Organic Chemistry

• 3406 Physical Chemistry

• 4016 Materials Engineering

• 4018 Nanotechnology

• 5102 Atomic, Molecular, and Optical Physics

• 5104 Condensed Matter Physics

Searching for the most popular publishers in terms of
the number of articles, we arrived at a preliminary selec-
tion. For each publisher, we then selected the three jour-
nals with the highest average citation count, the three
most popular journals, and three random journals. All
available journals were selected for publishers with fewer
than nine journals. The detailed query used to obtain
the data, along with the resulting dataset, is published
with the article. Due to the high time cost of encod-
ing journals, we limited ourselves to the 17 most popular
publishers, resulting in a total of 171 journals.

B. Encoding process

Two researchers independently coded each publisher’s
RDP. For every answer, coders saved the exact policy
text that supported their choice (when no relevant pol-
icy text existed, this field was necessarily empty). After
independent coding, one of the coders compared the two
sets to ensure consistency. In cases of discrepancies, the
reviewer selected, if possible, the correct choice based on
the collected texts, or, if this was not possible, discussed
a correct choice with the rest of the research team. The
reason for the discrepancy is also noted and analyzed to
improve both the coding framework and RDPs for the fu-
ture. When multiple interpretations were possible or dif-
ferent text sections provided conflicting information, the
most conservative interpretation was used. The coding
process took place between June 2024 and May 2025. For
each journal, the date of the encoding is included in the
published data. We note that during the study, RDPs al-
ready improved, e.g., the research policies of APS became
significantly stricter, and we hope to make a systematic
comparison of the progress in a few years.

C. Numerical Scoring of Data Policies

The open data score relies on the fact that our encoding
framework is exclusive and hierarchically ranked. Each
answer α to every question n is assigned a strictness value
wnα between 0 (most relaxed) and 1 (most strict). We
denote the selected answer of each question with αn. To
attain the open data score (s), we sum over all questions
and normalize by the number of questions N .

s =
1

N

N∑
n=1

∑
α=1

wnαδα,αn
(1)

Here, δα,αn
is the Kronecker delta, indicating whether a

given answer was selected.

D. Coding framework

To objectively and reproducibly evaluate open data
policies, we have developed a coding framework in the
form of mutually exclusive multiple-choice questions.
The possible choices are ranked by how strongly they
reflect open data principles, with later answers consid-
ered stronger policies. This allows for the association
of each question with a numerical value. Our coding
framework builds upon previous efforts [51, 52], empha-
sizing clear rankability and incorporating additional rele-
vant elements, such as scientific code. We mark questions
overlapping with Refs. [51] and [52] with the respective
citations. The coding framework is defined as follows:

1. Existence of research data policy [52]
(a) No
(b) Yes

2. Data sharing requirements (adapted from [51])
(a) Data sharing only with editors and referees

(no public sharing)
(b) Data sharing encouraged but optional
(c) Data sharing required but not public (e.g.

available upon request)
(d) Public data sharing required for specific data

types
(e) Public data sharing of all data required

3. FAIR data sharing
(a) Public data sharing on a FAIR repository not

mentioned
(b) Public data sharing on a FAIR repository en-

couraged
(c) Public data sharing on a FAIR repository re-

quired for specific data types
(d) Public data sharing of all data on a FAIR

repository required
4. Data availability statement

(a) Not mentioned

Page 11 of 16 Digital Discovery

D
ig

ita
lD

is
co

ve
ry

A
cc

ep
te

d
M

an
us

cr
ip

t

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 0

8 
Ju

ne
 2

02
6.

 D
ow

nl
oa

de
d 

on
 6

/9
/2

02
6 

1:
27

:1
2 

A
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online
DOI: 10.1039/D6DD00111D

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00111d


11

(b) Mentioned but optional
(c) Required

5. Citability and findability of data
(a) No mention of DOIs or other persistent identi-

fiers (Handle, Archival Resource Key (ARK),
etc.)

(b) DOIs or other persistent identifiers recom-
mended for datasets or code

(c) DOIs or other persistent identifiers required
for datasets or code

6. Timing of data release[52]
(a) Timing of data availability not addressed
(b) Required data available before review
(c) Required data available before publication
(d) Required data available after publication
(e) Required data available after an embargo pe-

riod
7. Recommended data-sharing method (adapted

from [51])
(a) No method recommended
(b) Multiple methods equally recommended
(c) Data sharing upon request to authors
(d) Supplementary material or journal-hosted

sharing recommended
(e) Public online repositories recommended
(f) FAIR repositories recommended

8. Recommended/required licenses
(a) No mention of licenses
(b) Specific license type mentioned
(c) Open access license required for shared data
(d) Open source license required

9. Referee guidelines concerning research data
(a) Data sharing policy not mentioned in referee-

ing guidelines
(b) Data sharing policy mentioned in refereeing

guidelines
(c) Referees confirm shared data/code
(d) Additional data/code-specific referee required

10. List data types for which unique policies are
recommended (adapted from [51])

11. List data types for which unique policies are
required (adapted from [51])

12. Code sharing requirements
(a) Code sharing not mentioned
(b) Code sharing encouraged but optional
(c) Code sharing required

13. Code reproducibility
(a) No mention of dependencies
(b) Listing dependencies and versions encouraged
(c) Listing dependencies and versions required
(d) Container/installation script required
(e) Full reproducibility of figures/tables with con-

tainer/scripts required

14. Versioning and persistent identifiers
(a) No mention of persistent identifiers or versions
(b) Persistent identifier or version encouraged
(c) Persistent identifier or version required

15. Code quality standards
(a) No mention of code quality standards
(b) Standards encouraged
(c) Standards required
(d) Specific criteria for referees on code quality

16. Automatic testing
(a) No mention of automatic testing
(b) Automatic testing encouraged
(c) Automatic testing required

17. Code documentation
(a) No mention of documentation standards
(b) Documentation encouraged
(c) Documentation required

18. Linting standards
(a) No mention of linting standards
(b) Linting standards encouraged
(c) Linting standards required

19. Code development and continuous integra-
tion
(a) No mention of development standards
(b) Development standards encouraged
(c) Development standards required
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