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Data bibliometrics: metrics
before norms

David Stuart
Statistical Cybermetrics Research Group, University of Wolverhampton, UK

Abstract
Purpose – The purpose of this paper is to highlight the problem of establishing metrics for the impact of
research data when norms of behaviour have not yet become established.
Design/methodology/approach – The paper considers existing research into data citation and explores
the citation of data journals.
Findings – The paper finds that the diversity of data and its citation precludes the drawing of any simple
conclusions about how to measure the impact of data, and an over emphasis on metrics before norms of
behaviour have become established may adversely affect the data ecosystem.
Originality/value – The paper considers multiple different types of data citation, including for the first time
the citation of data journals.
Keywords Scientometrics, Citation analysis, Open data, Data journals
Paper type Research paper

Introduction
As the scholarly publishing ecosystem changes so quickly, the gaps in our knowledge seem
to grow faster than our understanding, and nowhere can this be more clearly seen than in
the publishing and citing of research data. In recent years, research data have come to be
seen as a public good and citations are seen as having the potential to both incentivize and
reward the publishing of data. However, with limited understanding of the norms of data
publishing and data citation, too early an emphasis on metrics may do damage to the
nascent data ecosystem.

This viewpoint considers the heterogeneous nature of research data, the limited extent of
current research into data publication and citation, and the risks of an over emphasis on
metrics before norms are established. Particular attention is paid to the potential of data
journals, one of the more recent and less studied areas of data publishing. Data journals are
promoted as providing a recognisable and citable publication, “a bridge between traditional
journal publication and data set submission” (Force et al., 2016, p. 27), but as an initial
analysis of data journals shows here: the huge diversity in the extent to which data journals
are cited precludes the drawing of any simple conclusions.

Background
Evaluative citation analysis is based on relatively simple assumptions about the publishing
and citation process: researchers publish research which builds upon the work of others, the
intellectual debt is paid in the form of citations, and if the citations are aggregated they can
provide useful indicators of the influence of a work. For these indicators to be meaningful,
however, it is required that units of analysis are sufficiently similar to be aggregated,
i.e., there are norms of citing behaviour, and sufficiently similar genres of document.
The problem of aggregating units that are not sufficiently similar may be seen in criticisms
of both journal-based metrics and citation analysis more generally: articles in the same
journal are not necessarily of similar quality, research is cited for different reasons, and
there are disciplinary differences in citation and publishing practices. Issues surrounding
dissimilarity of units of analysis may be expected to be writ large when it comes to citation
of research data.
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The open data rationale
Borgman’s (2012) suggested rationales for sharing research data include the potential for the
verification of results, public access to publicly funded research, new questions being asked of
existing data, and the advancement of research and innovation. However, such rationales give
precedence to the advancement of science over the individual scientist, and the “dirty little
secret” of open data promotion has been a lack of research data sharing (Borgman, 2012,
p. 1059). There is a mismatch between what people believe should be done and what is actually
being done (Tenopir et al., 2015); a disparity between the interests of the academic community
and individual academic’s behaviour. Self-interested rationales are therefore more important for
changing researcher behaviour; more self-interested rationales include permissiveness (Spires-
Jones et al., 2016), quality improvement (Fecher et al., 2015), and recognition (Fecher et al., 2015).

Researchers who will make their data publicly available are permitted to get funding
from certain sources or publish in particular journals, however, open data requirements are
not as strict as open access requirements (Spires-Jones et al., 2016), and are not consistently
enforced (Borgman, 2012). Publishing data provide the opportunity for work to be improved
and new ideas to emerge from others exploring a researcher’s data, although this comes
with the risk of data misuse and misinterpretation, and the time necessary to support others
reuse of the data (Fecher et al., 2015). As neither permissiveness nor quality improvement
are unadulterated drivers of open data there is a lot of interest in the role of recognition.

Recognition of the contribution a data set has made to later research can come in many
forms, ranging from acknowledgement, to citation, and co-authorship (Fecher et al., 2015).
The interest in data citations is understandable, and formal citation or acknowledgement is
considered “essential” (Tenopir et al., 2015) for data reuse. Citations are the most common
currency of traditional scholarly publishing (Cronin, 1984) and are increasingly used as an
indicator of impact (Hicks et al., 2015). But data citation is not directly analogous to paper
citations, and we should be wary about overburdening data citations before the norms of
behaviour have emerged.

Data are heterogeneous
Scholarly data differ far more as a unit of analysis than the research article; there is not just
one type of data, but a great diversity between data (Borgman, 2015). Data can be as big at
the petabytes spewing forth from the Large Hadron Collider or as small as an exploratory
social science survey; it can be as public as the amount of traffic on the street or as private as
health records in a medical trial; it can be as time sensitive as the sequencing of a virus
during an pandemic or as slow moving as some areas of astrophysics; it can be as
reproducible as the findings from a chemical experiment or as irreproducible as historic
carbon dioxide levels in the air; it can be published according to open standards on the web
or be hidden within proprietary software on a personal hard drive.

All such factors may be expected to influence the impact of data, but from the
perspective of how we operationalise a bibliometric study, where the data are published and
the nature of the recognition are of paramount importance. Data may be published in public
repositories, on public websites, or as supplementary materials (Borrego and Garcia, 2013),
it may be associated with a traditional research paper, a data paper, or without an
accompanying publication. Data recognition include intratextual citations of data sets at
different levels of granularity, acknowledgements, co-authorship, and formal citation of
associated data and research papers.

Evaluative data citation studies
The great diversity in “data” and its potential citation has not yet been met with similar
quantities of research. The bibliometric studies that give us some insights into the impact
of scholarly data on the web can be broadly split into two: those that consider the impact of
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open data on the citation of the traditional research paper, and those that have considered
the citing of data directly.

Open data citation advantage. A number of studies have found signs of a citation
advantage for research articles from sharing data. Piwowar et al. (2007) found cancer
microarray clinical trial publications with publicly available data had significantly more
citations. It was found again in a later study of microarray data, albeit with a smaller
advantage than previously estimated (Piwowar and Vision, 2013). Leitner et al. (2016)
identified citation advantages in neuroscience and molecular biology for those papers
indexed in the Web of Science with data-related MeSH terms (e.g. atlas or database). Gordon
et al. (2016) showed that articles in the Journal of Molecular Spectrometry with
supplementary material were cited more often, and Drachen et al. (2016) found an increase in
the number of citations for papers linking to data in three astrophysics journals.

The association between data sharing and increased citations does not imply causation
(Piwowar et al., 2007), and it may be that additional factors account for the data citation
advantage. For example, high quality papers may be both more likely to publicly share data
and receive more citations. However, Piwowar and Vision’s (2013) study included a
classification of the reasons for citation, and found that at least some of the citations, albeit
only 6 per cent, reflected the reuse of data. The impact of data may vary over time, however,
with changes to data and tool availability, and indeed Piwowar and Vision (2013) found
whereas nearly all the microarray data sets published in 2001 were reused at least once, this
fell to about 20 per cent in later years.

Data set citation. Data sets can also be cited directly, although citation norms are less
established for the citing of data, and the lack of proper recognition for the contribution of
data is seen as a significant barrier to the publishing and sharing of data (Tenopir et al.,
2011; De Castro et al., 2013; Helbig et al., 2015). There are also practical problems with the
identification of the citations that are made, especially as many fields continue to favour
intratextual data citations (Mayo et al., 2016).

Nonetheless, some studies have explored the direct citation of data sets using the Data
Citation Index (DCI), an index of data repositories, their data sets, and citations. Robinson-García
et al. (2016) found that the vast majority of data sets and data studies (88.1 per cent of all DCI
records) were not cited, with 43 repositories receiving no citations at all. Peters et al. (2016)
combined the DCI with altmetrics to also find that most of the data sets (over 85 per cent) are not
cited, and those data sets that are cited are not particularly visible in altmetrics.

Data journals. Data journals are scholarly publications that promote data papers,
descriptions of data sets that have been made available online (Candela et al., 2015). They
provide a solution to some of the limitations of data publishing and citation: they can make
data easier to find, cite, and reuse, provide a level of credibility, and show the value of data
separate to the value of the research article. For Kratz and Strasser (2015, p. 3) there is a
clear-cut appeal to data papers: “they are unquestionably peer-reviewed papers, so academia
knows how (if perhaps not how much) to value them”.

As might be expected, in their data citation study Robinson-García et al. (2016) found that
data studies, data sets with a description of the experiment, received more citations on
average than data sets.

The citation of data journals
There has been a relatively short window of opportunity to explore the impact of data
journals, with many of the principle journals only emerging in the last few years. However,
as they are positioned to play a pivotal role in the data ecosystem, it is necessary to have at
least some crude understanding of the role they have. As such this viewpoint is
supplemented with a simple analysis, exploring whether the data journals are being cited.
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Methodology
A list of data journals was compiled for analysis through the Web of Science. As is
appropriate for an exploratory paper on open data, this was based on previously published
data sets. Candela et al.’s (2015) list of 116 data journals was supplemented by five journals
identified in Kratz and Strasser’s (2015) survey of recognised data journals, and seven
additional journals identified by a web-based inventory study.

There is a great diversity in the journals that may be considered “data journals”. All data
journals must necessarily be willing to publish data papers, but the proportion of a journal that
are made up by data papers can differ significantly, from those that are still primarily focussed
on research articles but will publish data papers to those that are primarily focussed on data
papers with the occasional editorial. Data journals also differ significantly in terms of longevity,
as well as a number of new data journals (some of which have already been and gone), there are
also data journals that predate the web (e.g. Journal of Physical and Chemical Reference Data).
Each of the 128 journals was checked to exclude those that had ceased publication, those that
were not primarily data journals, those that preceded the recent emphasis on open data on the
web, and those that were not indexed by the Web of Science.

The remaining eight journals were then analysed more closely to determine the
proportion of papers that were cited. More specifically the proportion of papers published in
2014, both including and excluding self-citations (where the citing paper shares at least one
author with the cited data paper). Papers published in 2014 have at least two years for
citations to be made and indexed (as the data were gathered in the last week of December
2016), and seven of the eight journals were indexed in the Web of Science by this point.

Findings
Table I shows the proportion of papers published in 2014 that had been cited by the end of
2016. There can be seen to be great variation between the journals, from those where a very
small proportion of the journals’ papers have been cited (e.g. Biodiversity Data Journal and
Scientific Data) to those where the vast majority of the papers have been cited (e.g. Earth
System Science Data and Geoscience Data Journal). The small proportion of data papers that
were cited in Scientific Data is particularly interesting considering that it was the most
recognised data journal in Kratz and Strasser’s (2015) survey.

Self-citations are always an important issue in bibliometrics, but especially with regards
to data papers as data papers may be expected to have fewer citations than research papers
and authors of data papers can be expected to make use of their own data. Of the 134 papers

Journal
First year

indexed by WoS
Number of papers
published in 2014

Number of papers
cited incl. self-citations

Number of papers cited
excl. self-citations

Biodiversity Data
Journal 2013 93 3 (3%) 3 (3%)
Data in Brief 2014 19 5 (26%) 4 (21%)
Earth System
Science Data 2012 27 25 (93%) 20 (74%)
Genomics Data 2013 106 48 (45%) 34 (32%)
Geoscience Data
Journal 2014 17 15 (88%) 15 (88%)
GigaScience 2012 37 33 (89%) 31 (84%)
Journal of Open
Archaeology Data

2015 na na na

Scientific Data 2014 53 5 (9%) 4 (8%)
Total 352 134 (38%) 111 (32%)

Table I.
Proportion of data
papers published
in 2014 cited by
the end of 2016
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that were cited at least once, 111 (83 per cent) were cited at least once after shared
authorship was discounted. Self-citation is a particularly complex issue in data citation as
recognition may be in the form of authorship.

At 38 per cent, the proportion of papers that were cited was higher than that found by
Robinson-García et al. (2016) (88.1 per cent uncited), even for data studies (81.74 per cent
uncited).This may be partly accounted for by the inclusion of other types of papers by using
the journal as the starting point, although as the half-life of the citation of data journals
may be expected to be longer than for that of research journals, it nonetheless suggests that
data journals are a product that are making a real contribution to the scholarly publishing
ecosystem. The difference with which the papers in the different journals are cited,
however, emphasises the problem of drawing too many broad conclusions about data
citation too quickly.

Challenges of bibliometric indicators for data
The lack of citations
The uncomfortable truth that accompanies Borgman’s (2012) dirty little secret is that
much of the data that are published are not cited anyway (Torres-Salinas et al., 2014;
Robinson-García et al., 2016; Peters et al., 2016). Although data papers and data studies have
been found to have a greater proportion of papers cited, the diversity in the extent data
journals are cited means we should beware of overly simplistic pronouncements. Data in
data journals get cited more often is appealing, but we may find that we drive forward the
idea that the value of open data is in its citation as well as building false expectations about
data journals.

As Candela et al. (2015) put it: “data journals are not the ultimate and complete solution
for all data-sharing and reuse issues”. The diversity of data means no single catch-all
publishing solution can exist, and early unqualified pronouncements could easily lead
researchers to sub-optimal publishing solutions. Whilst the quality of data documentation
has been found to correlate positively with satisfaction with data reuse (Faniel et al., 2016)
and peer-reviewed data papers are deemed the most valuable type of data publication
(Kratz and Strasser, 2015, p. 13), it is nonetheless difficult to generalise such positions to all
data. In some instances such publication may be superfluous, duplicating information that
may be unnecessary due to widely applied methodologies, and standardized data structures.

It is also important to recognise, as Piwowar and Vision (2013, p. 20) put it “Many
important instances of data reuse leave no trace in the published literature”. Data may be
used for teaching students or checking research findings. If we emphasise the value of
citations alone, a lack of citations may adversely affect the perceived value of researchers
publishing data: it’s not worth anything if it’s not cited.

Data citations will also differ considerably in terms of the valued contribution they
represent. Whereas this has always been the case with citations, it may be deemed even
more extreme with data citations: one research paper may cite another because they
disagree with the paper, or because it is a seminal paper in the field; a data paper may be
cited because it queries the data collection methodology, or because a citing research paper
is based solely on reusing the cited paper’s associated data set.

The current interest in metrics for evaluating scientific outputs means we risk putting
the cart before the horse. Products such as the DCI and the inclusion of data journals in the
Web of Science will undoubtedly find a willing audience, even if it is hard to imagine some of
the journals being so quickly indexed if it was not for their novelty.

Alternative metrics
Although citations are currently viewed as the most useful potential measure of impact
(Kratz and Strasser, 2015), the possibility of alternative metrics – or altmetrics – has been
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widely acknowledged (e.g. Piwowar and Vision, 2013; Peters et al., 2016) even though initial
findings have not been positive: even those data sets that are cited are not particularly
visible in altmetrics (Peters et al., 2016), whilst data sets were the least viewed and the
second least shared type of resource on Figshare (Thelwall and Kousha, 2016).

When considering the diversity of data that can be shared and the work that needs to be
done before any data metric provides reliable insights that are accepted, there is nonetheless
some surprising optimism about their potential: “[…] it may well be that in a few years’ time
young neuroscientists are being awarded grants and positions based at least partly on their
articles’ or data sets’ download statistics, or something more imaginative and informative”
(Spires-Jones et al., 2016). Whilst Kratz and Strasser (2015, p. 16) note that “only one third of
respondents found them [altmetrics] even somewhat useful in assessing impact”,
in comparison to the time it has taken for citations to be considered valuable for research
assessment, and the huge gaps in the potential of altmetrics for research papers, that a third
should consider them even somewhat useful in assessing impact could be considered quite
an optimistic position.

Such optimism may be misplaced however. It may be that there is no particular metric
suitable for understanding the importance or impact of a data set, alternative or otherwise.
Whereas a seminal paper may be cited numerous times, it is quite plausible that a data set is
reused for one seminal study, but is then never referenced again. Rather than developing
metrics of reuse, it may be that the focus should be on the potential for reuse: the ability of a
data set to form the basis of further studies, repeatability, metadata, and documentation.

Cultural change
It is important to remember that evaluative citation analysis is not the primary purpose for
sharing research data (Piwowar and Vision, 2013), but rather it may be seen as one possible
tool for encouraging a data sharing culture, the lack of which has been described as the main
obstacle to academic data sharing (Fecher et al., 2015).

Research cultures do not change overnight, and as Tenopir et al. (2011) point out,
building the infrastructure for data sharing can be easier than changing a culture.
Some have expressed concerns about the system being taken over by “research parasites”
(Longo and Drazen, 2016) or “data vultures” (Kratz and Strasser, 2015), but the prevalence
and expected working practices depend heavily on the field of research, and in areas
such as the social sciences data reuse is a common phenomenon with no associated stigma
(Faniel et al., 2016, p. 1413).

One of the principal reasons given for not sharing data is the time it takes to prepare and
document the data (Kratz and Strasser; 2015; Tenopir et al., 2011), as well as supporting others
trying to reuse the data (Fecher et al., 2015). Although the proportion of researchers who
identified insufficient time as a barrier to data sharing had fallen in Tenopir et al.’s (2015)
follow up survey, it was nonetheless identified by 38.6 per cent of respondents, second only to
the need for researchers to publish their research first, which unlike a lack of time should not
be considered a permanent barrier. When asking early career neuroscientists how long they
thought it would take to make their data available for sharing the mean answer was nine days
(Spires-Jones et al., 2016); it seems unlikely that one or two citations will do much to persuade
someone to spend nine days sharing their data.

Conclusions
At the early stages of an emerging data infrastructure it is important that the data ecosystem
is not adversely affected by overburdening the metrics that are available. Whilst there is a
place for bibliometric analysis of research data sets, any such use in the assigning of
grants and positions should be a long way off. The sort of conservatism that has met
traditional citation analysis should be welcome in data metrics until far more research is done.
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Even then we should not be surprised to discover that data metrics offer few insights into the
impact of data, or are insufficient to entice researchers to publish more data.

The need for more research into the citation of research data is widely recognised
(e.g. Robinson-García et al., 2016; Peters et al., 2016), but bibliometrics suffers from a wealth
of potential resources for analysis. The regular emergence of sites and services for public
conversation inevitably draws attention from the more staid areas.

For now the promotion of open data may be best served by focusing on the other
self-interested rationales: more clearly demonstrating the improvements in quality that can
be made by researchers sharing data, as well as implementing and more strictly enforcing
data sharing policies. Bibliometric investigations of data sets should be limited to gaining
insights into the ecosystem rather than moving too quickly to evaluative applications in the
real world.
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