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Abstract

Open Data, one of the key elements of Open Science, serves as a foundation for “data-
driven research” and has been promoted in many countries. However, the current status of
the use of publicly available data consisting of Open Data in new research styles and the
impact of such use remains unclear. Following a comparative analysis in terms of the cov-
erage with the OpenAIRE Graph, we analyzed the Data Citation Index, a comprehensive
collection of research datasets and repositories with information of citation from articles.
The results reveal that different countries and disciplines tend to show different trends in
Open Data. In recent years, the number of data sets in repositories where researchers pub-
lish their data, regardless of the discipline, has increased dramatically, and researchers are
publishing more data. Furthermore, there are some disciplines where data citation rates are
not high, but the databases used are diverse.

Keywords Open science - Open data - Data citation index - DCI - OpenAIRE graph

Introduction: data-driven research by open data

Open Science (OS), a new research style in which data and findings from research activi-
ties are shared and utilized by the academic community, is being promoted in many coun-
tries. In the European Union, Open Science initiatives have been a fundamental policy
since Horizon 2020 (European Commission, 2018). In 2022, the Council of the European
Union adopted the “Research assessment and implementation of Open Science”, furthering
the commitment to OS policies and proposing joint actions across the European Research
Area. In addition, the UNESCO Recommendation on Open Science in 2021 has signifi-
cantly strengthened the movement by providing a comprehensive framework at the inter-
national level, while advocating support for fair and equitable OS for all at individual,
institutional, national, regional and international levels. The promotion of OS by major
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countries was also highlighted in the "G7 Science Ministers’ Communiqué" (Joint State-
ment) adopted at the G7 Science and Technology Ministers’ Meeting in Sendai in May
2023.

Notably, OS is defined as “an inclusive construct that combines various movements and
practices aiming to make multilingual scientific knowledge openly available, accessible
and reusable for everyone, to increase scientific collaborations and sharing of information
for the benefits of science and society, and to open the processes of scientific knowledge
creation, evaluation and communication to societal actors beyond the traditional scientific
community.” (UNESCO, 2021). According to Fecher and Friesike (2014), four elements
of Open Science can be identified as follows: Open Access, Open Data, Citizen Science,
and Collaborative Research. Among these, Open Data is considered to be one of the cen-
tral elements of OS and is expected to promote greater transparency and accessibility of
research through the publication of data generated in the research process (Koznov et al.,
2016).

Meanwhile, a new scientific research paradigm that centers on data as a driving source is
emerging. Newman et al., (2003) defined "data-intensive science" as the fourth paradigm
of science, which is an approach to scientific research in which new knowledge and insights
are gained by collecting, organizing and analyzing large amounts of data. For example, in
the discipline of biodiversity, the development of information and communications tech-
nology (ICT) has made data acquisition more efficient and less costly, thereby enabling
research based on big data acquisition and analysis. This approach is now feasible even in
traditionally less data-centric disciplines.

Open Data plays a crucial role in accelerating data-intensive science (Ramachandran
et al., 2020). Making various types of data open and readily available to researchers, it
is expected to stimulate research activities and improve cost-effectiveness (Kansa, 2012).
The OECD describe the research activities conducted with big data that aggregate Open
Data (including the sharing of research results and data) as "data-driven research” (OECD,
2015). Although still an evolving concept without a definitive definition, the OECD report
suggests that data-driven research is part of the broader concept of "data-driven innovation"
(DDI), which can be applied to research activities. The development of ICT in research
activities enables the generation and collection of big data related to research activities,
thereby stimulating such. Consequently, Open Data is increasingly being regarded as stand-
ard practice in some research and funding agencies (Maeda & Torres 2012).

With the promotion of Open Data in this way and the expected development of data-
intensive science/data-driven research, it is neccesary to evaluate the effectiveness of Open
Data promotion in practice. To do this, it is necessary, in the first place, to understand the
current status and diversity of data publication and use in each discipline, and to analyze
the impact of Open Data is having. This study uses a database of research data to not only
clarify the current status of data publication and citation but also determine how data pub-
lication affects citation and the interdisciplinary use of data.

Previous research and research questions

There has been research on data openness and use, although not much has been done. In
research areas such as genetics and materials science, data sharing and use are considered
to be active, and research has been conducted on the promotion of such Open Data, includ-
ing the extent to which data are made publicly available and the motivations of researchers
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when publishing and using data (Robinson-Garcia et al., 2015; Silvello, 2018; Suhr et al.,
2020). However, these studies only focus few areas. On the one hand, analyses of specific
data repositories have included research on the use of open data in the repository “Fig-
share”, among others (Quarati & affaghelli, 2020).

Since 2012, Clarivate has published the Data Citation Index (DCI), a database of data
citations. Initial analyses of the overall picture of Open Data have been conducted using
the DCI to determine which disciplines are publishing data and their citations (Robinson-
Garcia et al., 2015), as well as analyses of published software (Park & Wolfram, 2019).
However, these studies are from the early stages of the DCI release, and the current status
needs to be clarified in more detail now that data openness has become a political priority.
At another point in recent years, databases on data have also been developed in the open
access database, such as the OpenAIRE Graph funded by the European Union. However, it
is unclear whether these databases are sufficient for analyzing and using data publications.

Research questions

Open data has been promoted internationally over the past few years, but its current situ-
ation of open data is not clear. In particular, it is not clear which countries have the most
data openly available data, although it is assumed that the state of development varies
according to national policies and previous initiatives. In addition, some research disci-
plines may place a high value on open data, while many others may not rely on open data
at the moment. Overall, the disciplines that focus more on open data are not clear. From
these points of view, the first research question of this study is stated as follows: (RQ1)
Which countries and research disciplines are active in Open Data?

However, as we saw in the previous chapter, progress is expected to be made in a new
research style termed “data-driven research”, where new research is developed based on
data, especially big data. To understand this situation, it is important to not only to under-
stand the number of data published, but also to ascertain whether research is progressing
using the data. Therefore, the second research question is presented thus: (RQ2) Which
areas of ‘data-driven research are stimulated by the open data? Specifically, to verify
whether research using open data has become important in the decipline, this study exam-
ines whether papers that use open data are cited more frequently than those that do not. It
also checks whether data from diverse disciplines are being used, as the availability of big
data is expected to stimulate research using a variety of data.

However, as discussed in the next section, the development of databases on open data is
still in its early stages and it is not clear what the current state of databases and their limi-
tations are for analysis are not clear. Therefore, before the analysis, we compare the DCI
with the OpenAIRE Graph, a non-commercial open access database, to clarify the relative
characteristics of the DCI.

DCI and comparison with the openAIRE graph
Status of DCl registration data
The DCI was launched by Clarivate Analytics in 2012 as a part of the Web of Science

(WoS). The DCI contains over 14 million datasets and other items from approximately 450
repositories as well as information on citations from the articles in the Web of Science.
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For this analysis, we used the DCI bulk data (XML data) obtained in March 2022 from
Clarivate (i.e., data until the end of 2021). In addition, we used DCI data from the web
interface to obtain get the latest status as of November 2023 for comparison with the recent
OpenAIRE Graph data.

The DCI bulk data at the end of 2021 included 13,882,271 records and 1,371,848 cita-
tion information from the Web of Science articles. As Table 1 shows, the DCI contains
four data types, where of which 12,227,647 are “datasets” corresponding to open data,
accounting for 88% of all records in the DCI. The total number of citations to these data
sets is 1,012,547, with an average of 0.083 citations per data set. The table also shows the
current number for November 2023 in the last row.

After reviewing the actual data recorded in the DCIL, it is unclear what kind of data is
included, and what data should be counted as “one case.” Therefore, to understand which
datasets are recorded in the DCI, the top 10 repositories with the most data sets recorded in
2019 with the highest number of data recorded are listed in Table 2.

The top 10 repositories ranked by frequency show diversity. Among them, four reposi-
tories (No.1, 2, 8 and 9) are for individual researchers. These include numerous figures and
extensive data accompanying research articles. This particular phenomenon was not previ-
ously observed in the DCI analysis conducted in 2015 (Robinson-Garcia et al., in 2015).
In the 2015 analysis, the Crystallography Open Database topped the list with 47.4% of
all datasets, followed by the Protein Data Bank. This indicates that the number of data
repositories in which researchers register their data has expanded significantly over the past
seven years. Currently, the current top repository Zenodo mainly serves as a platform for
researchers to publish their datasets. However, it should be noted that the time series of
Zenodo data shows approximately 510,000 cases in 2019 and approximately 100,000 cases
in other years, with the value for 2019, the year analyzed in this study, being particularly
large.

The remaining 6 repositories encompass a wide range of data types. They include indi-
vidual DNA information from the life sciences and biotechnology disciplines, geographic
data originating from the United States, and chemical structure data, which can contain
tens to hundreds of thousands of items. These findings suggest that Open Data repositories
comprise a heterogeneous mix of various data categories. This mix includes data accom-
panying research papers, substantial volumes of domain-specific data managed by specific
research organizations, and survey data collected by governmental agencies.

Comparison with the openAIRE graph

According to its website, the DCI selects repositories based on the repository’s basic pub-
lishing standards, its editorial content, the international diversity of its authorship, and its
associated citation data. As a result of its selection on the basis of these criteria, the DCI
contains, of course, only a part of the world’s data and may be unbalanced in its composi-
tion. However, there is no way to know all the data in the world. Therefore, we compared it
with another large database, the OpenAIRE Graph.

The OpenAIRE Graph is a database from the OpenAIRE project, a European Commis-
sion-supported project that began in 2010 (Artini et al., 2015; Manola et al., 2015). Ope-
nAIRE aggregates metadata from content providers and entity registries that comply with
the OpenAIRE acquisition policy and transforms these according to an internal metadata
model to ensure quality and provide high-quality, accessible scientific materials relevant to
research.

@ Springer



Scientometrics

(€20TAON
Ly¥ ¥98°0€Y 899°8T9°1 €56°9VT Y1 Jo se) eiep jo "oN
6511 €SYES 1STY6T LYSTIOL suoneIod [el0],
(9347 TLL'EST 6070071 LY9'LTTTI EIEp JO "ON
BlepERIOW
pue BJep yoIeasar Apms oy QILM)JOS IO BIEP (OIBISI QIBMIJOS IO ‘BJEP YOILISI
Sururejuod seseqeie  SuUNONPUOD UT PAsn AIBM)JOS s Kroysodar ut paiojs uondiosa — ‘elep pajoS[od JO JAS BIEP JU)SISUOD IO JTUIg MATAIOAO dAT,
K1oy1sodoy AIBM)JOS Apms Bye(q 198 BIR( ad £y yuswmnooq

(120T Jo pua 2y} JO sk) ejep papIioday] [D( Y} U0 uoneurIoju] diseq | ajqel

pringer

As



Scientometrics

SISYOIBISIY 10] ele(q

[oIeasay Jo A1011s0doy o1jqng  Se9UQIdS Areur[drosipninjy S10T ouJ ‘I91ADS[H IS 1€ ele AQ[opus|N L
seare oryder30a3
[eonsne)s pue [eS9 se [[om se
‘$9INJE9J PUB[ JOYJO PUB ‘SIOALI
‘SpROI[TRI ‘SpROI JO dseqelep
MADILL/AVIA S.neaing snsua) so[yodeys
'S’ Y} WoIJ pajoenxo sofy [eneds KydeiSoen 00T neaing snsua)) ‘SN 080°CE  QUIT/YHDILL neaIng snsud)) ‘SN 9
S9[NOJ[OW SUIPNJOUT ‘SA[NOJ[OW
SI[[e}oWOULSIO PUB “OI[[RIOWOU
-e310 ‘O1ue31o JO 93Ul IPIM B 10] 19U YOIBISAY
BIRp [RIMONIS (¢ Jo A1oyisodoy Kydei3oyeiski) G961 oryderdorreisA1) a3prque) L1L‘6S aseqee(] [eInonng agprquie)) S
A3ojorg
S9p0dIRq IR[NOJ[OIA 29 ANSIWAYD (epeue))) Soruouan)
VNQ 03 paredrpap wope[d qopy  -o1g ANIPIoH 29 SO1oUD) L00T pue AJISIOAIpOIY J0J IOIUQD) 016201 wAsAS ele( 9JIT Jo 9podreg ¥
Kyis
-IOAIPOIq [EJBYDIE PUE [BLI3}0Bq Hquo saImn) [[9) pue swsI
uo uonjewIojur pajerar-KuadorAyd -UBSIOO0IDIA JO UOTIII[[0)) UBW
Surpraoid aseqejep-eiow [eL)ORg K30[01qOIdTA 10T -1I9D—7ZINSd 2Insu] ZIuqro| €56791 QAI(oRYg €
SO9PIA pue ‘sofewr
‘5195 BIep ‘saIngy Surpnjour
‘SSUIpUY YoIeasal J1ay) aIeys
PUE 2J0]S UBD SIAUOIBISAI AIYM
K1oy1sodar ssaooe-uado ‘aurjuo uy  s90udrog Areurjdiosipninin 1102 Q0uaI0s NI 199°12¢ Qreys3y z
QuoAue
)M BJEp YoIedsal areys A[ooIy (NYIAD) YyoIeasay Jea[onN
0) s1ayoIeasar 1oy wiope[d uadp  soouarog Areurdrosipnnin €102 10§ uoneziuesiQ ueadoiny LY9LTS opoudz 1
uonjeue[dxe Jorrg  [D(J Ul poproop aurdiosiq  JIeok 1Iel§ uoneziue3i() SILNUD BIep JO 'ON oureu A1oysodoy]

1Dd 9Y3 Ul 195 BIRp 61 10J sarrosodar ()1 doj Jo uonewiojuy g ajqel

pringer

A s



Scientometrics

(A307101q £301099

pue ‘onouds ‘Areuonnjoad jo

Aurewr) suonesrjqnd [edTpaw pue

oynuaros SuIAIopun eyep A[[erd

-adsa ‘eyep yoreasar jo A1oysodar
ssaooe-uado [euonRUISIUT UY

Sowouas [ewlue
}001s9A1] 0} paddewr (AND) suon
-eLIeA 1oquinu Adod pue ‘(SYMD)
BJEP UONRIOOSSE PUE QU3
epipued ‘(TLO? ‘uoissardxo
/odKiousyd) 11,0 o1 ‘eyep Suid
-dew jren o[qeyreae Aporqnd 1y
ATunuIuod yoreasar
SYNUAIOS ) YIIM UONRPION[d
2monxns pue uoneoynuapt punod
-wo?d 10§ eyep Anawonoads ssew
areys 0) pausdisap A1oysodar o1 qng

UOTJBAIISUOD)
Kys1oatporg ‘A30100g
{K3oforg Areuonnjoaq

KNIpaIoy 29 SOnoUdD)

Kdoosonoadg

800C

00T

900¢

hiliclg)
SISOQUIUAS A1BUONN[OAY [RUOTIBN

vsn
(dYDOVN) Wweidold yoreasay
QWIOUAD) [BWIUY [BUOTIEN U],

(ISSIW) uedey
Jo K1o100§ Anowonoadg ssen

9L0CI

16S°C1

6L0°91

pekig 01

aseqeie(1LO)P0T
JeI], 9AnEINUENQ) [EWIUY 6

Juegsse]lN 8

uoneue[dxa Jorg

10Q ut paproap duridiosiq

Ieok 1Ie)S

uoneziuesiQ

SOLIUD BIEP JO "ON

Quwreu A1oysoday]

(ponunuoo) zs|qe

pringer

As



Scientometrics

We used snapshot data of August 2023 from the OpenAIRE site. The OpenAIRE Graph
contains 234,321,533 records including a large volume of publication data (168,043,128).
In relation to the data recorded by the DCI, among the above, there are 58,576,399 “data-
sets” (Metadata records about research data) and 343,168 “software” (Metadata records
about research software). Compared to the data sets in the DCI (14,246,953) simply by
numbers, this is more than four times the number of data sets in the DCI.

Table 3 compares information on the top 10 repositories in the DCI and the top 10 ‘pub-
lishers’ in the OpenAIRE Graph in two tables. In the OpenAIRE Graph, the “publisher”
item contains the equivalent information to the repository information in the DCI, but it
may not always correspond to the repository, as discussed below. Our analysis focuses on
the datasets published in 2019.

Only 4 of the top 10 repositories in the DCI overlap with the top 10 publishers in the
Open AIRE Graph. Only 6 of the top 10 in the DCI are included in the Open AIRE Graph
and only 5 of the top 10 issuers in the OpenAIRE Graph are included in the DCI. In other
words, rather than one almost encompassing the other, a large part of both are not included
in the other.

In detail, the OpenAIRE Graph shows that, similar to the DCI, Zenodo is the most
used data repository in 2019. Close behind is the Global Biodiversity Information Facil-
ity (GBIF), a database that provides metadata on various organisms on a global scale and
plays a crucial role in the discipline of biodiversity, which is not included in the DCI.
The third source is the German Collection of Microorganisms and Cell Cultures (DSMZ)
by the Leibniz Institute, which is a comprehensive resource focusing on biodiversity in
prokaryotes and eukaryotes. There is a noticeable divergence in the number of entries on
Figshare between the OpenAIRE Graph and the DCI, with the OpenAIRE Graph having
fewer entries with only 52,239. The data entries in 2019 on Figshare’s official website are
close to the DCI number. However, in OpenAIRE Graph, even if the “publihser” is the
name of a different data provider, many of the data site addresses list Figshare, which adds
up to 77,156 entries.

Although, as mentioned above, both databases contain data that the other does not have,
the fact that the DCI does not contain big data for the GBIF and DSMZ entries, which are
included in the OpenAIRE Graph, suggests that the DCI may not be fully representative of
all research areas. Important biodiversity data may not be given sufficient attention in the
DCI and the results of the DCI analysis should be discussed with this in mind.

There are also pros and cons regarding to the way disciplines are handled: the DCI,
on the one hand, has the advantage of having consistent disciplines assigned by Clarivate.
However, disciplines are assigned to repositories rather than individual data. In the Ope-
nAIRE Graph, on the other hand, although disciplines are assigned to individual data, the
determinants of the disciplines are either freely assigned by the data provider or are “key-
words” automatically generated by the OpenAIRE Graph, making consistent aggregation
extremely difficult.

Citation practices and self-citations

Table 3 also lists the numbers of the data-related citations. However, the aforemen-
tioned study highlightsthat most of the DCI citations are self-citations. Therefore, we
checked the WoS papers for several samples of the data sets cited in 2019. We found
that, especially in the case of data publication by individual researchers, data and figures
accompanying such papers and stored in repositories were also treated as “citations.” (note
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that information that can systematically confirm whether the data are self-citations is not
included in the DCI). Although 99,735 datasets were cited at least once in the DCI, it is
possible that self-citations might have accounted for a large proportion. Therefore, Table 3
presents the number of datasets that have received more than one citation as a proxy for
the number of the cited datasets without self-citation. Therefore, in terms of data citations
from other papers, data-driven research may not yet be sufficiently advanced in the whole
picture. However, the number of self-citationsis not a meaningless number. Considering
that the number of self-citations reflects the status of the publication of the data accom-
panying a paper, it can be seen as an indicator of the progress of data-driven research
through the publication of data.

A similar calculation was made for the OpenAIRE Graph: In the “Relationship” object,
relation of type “IsCitedBy” was counted, focusing only on citations from the sub-type
“Article” within the type “Publication”. Although “Publication” includes various types
(e.g., Book, Master thesis, Doctoral thesis, Preprint, etc.) other than Article, only citations
from “Article” are counted to make a comparison with the DCI data citations.

When comparing the citation data of both in Table 4, it is not clear which is better,
even when the values are compared for the same repositories. However, in the OpenAIRE
Graph, although the number of data citations appeared to be high (e.g. Zenodo), there were
some cases where citations to the papers that generated the data were measured as citations
to the data. This is because of the current situation, in which the manner of data citations is
not clearly defined. In this respect, based on the explanation on the DCI website, the DCI is
working with some repositories to develop a data citation format that is expected to provide
citation relationships with a certain degree of accuracy.

In summary, there are no complete databases for analyzing datasets, including citations,
and the data they contain vary from one database to another. Despite these limitations, the
analysis below uses the DCI (bulk data as of the end of 2021), as it is easier to relate to
WosS articles and is considered to have a certain level of quality control over citation rela-
tionships. The repositories in the DCI are also selected based on clear criteria. However, it
should be noted that the results may be unbalanced due to the composition of the reposito-
ries included.

Analysis on data release and its use by country and research disciplines

As for RQ1, to ascertain which countries and disciplines are actively publishing data, we
tabulated the number of databases and time-series changes in 10 major disciplines (Figs. 1
and 2). It should be noted again that research disciplines are assigned to the repository con-
taining the dataset. For Fig. 2, a three-year moving average I as taken.

The most common disciplines in the DCl-recorded data set are Genetics & Hered-
ity (31.5%), followed by Multidisciplinary Sciences (23.3%), Biochemistry & Molecular
Biology (19.6%), and Crystallography (10.4%). A review of the chronological changes by
disciplines reveals that all disciplines have been increasing since 2005; however, Multi-
disciplinary Sciences have increased rapidly since 2015, while all other disciplines have
been decreasing. The data categorized as Multidisciplinary Sciences are those published
in repositories that allow researchers to publish data accompanying their papers, regard-
less of the disciplines, which also appear at the top of Table 2. In other words, the num-
ber of individual researchers releasing data to non-discipline-specific repositories has been
increasing rapidly since around 2015, and it is possible that some of the datasets that have
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Table 4 Number of data sets and share (%) of the 10 main disciplines for the 5 major countries (-2021)
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been previously published in discipline-specific repositories are now also being published
in these repositories.

In the Table 4, we present the number of data sets for each of the 10 major disciplines
of each major country. Note that the country of the creator of the data set is assigned to
2,058,624 data sets in total, which means that only 16.8% of the total data sets are assigned
the name of the country. Therefore, the overall percentage of countries is not large.

The U.S. has a 20-30% share in the Biochemistry & Molecular Biology and Genetics
& Heredity disciplines. China has almost no data releases outside of the top three disci-
plines. For Spectroscopy, Japan has released the top 17% of the data sets. According to
Table 2, the repository of Spectroscopy is operated by the Mass Spectrometry Society of
Japan (MSSJ), which is one of the disciplines where Open Data has advanced in Japan. In
Norway, there is a particularly large amount of data in the disciplines of Multidisciplinary
Sciences, which is because a national repository called “DataverseNO” has been in opera-
tion since 2017. For major disciplines, while the U.S. has a large share of data released by
its government, other countries also differ in the percentage of datasets released, and it is
possible that there are differences in the disciplines in which each country has historically
focused on data release.

Analysis on the development of data-driven research by research
disciplines

For RQ2, we quantitatively and qualitatively analyzed the disciplines in which data-driven
research through data publication was active. The first step is to calculate the percentage of
papers in each discipline with data citations in 2019, the most recent year with the highest
number of data sets loaded in the DCI bulk data. A total of nine disciplines are targeted,
those in which data sets registered in the DCI are cited more than 2,500 times in WoS
papers in total for all years. The second part is to measure the diversity of the disciplines in
the DCI data set cited by the paper for each discipline of papers. Here, we use the Rao-Stir-
ling diversity Index, which measures diversity and considers the potential distance between
disciplines:

Rao — Stirling diversity index D = Z dl-jp iDjs M
j(i#))

where p; is the proportion of discipline i among all cited datasets, and d;; is calculated by
1-similarity, which is calculated by dividing the number of data sets to which both disci-
plines i and j are assigned by the sum set of disciplines i and j.

In general, the larger the population, the higher the diversity index; therefore, so the
effect of differences in population size was mitigated by resampling 1000 times with a
sample size of 2500, the smallest sample size among the disciplines.

First, the percentage of data citations (percentage of papers that cite at least one data
item on the DCI) in each discipline is presented in Table 5 for all papers and for the top
10% of the most cited papers. However, as previously mentioned, as “self-citations”
are included here, this indicator should be interpreted as the progress of data-driven
research, including the trend of data publication, rather than pure citation. The results
reveal that Crystallography is more advanced in data-driven research than in other disci-
plines, accounting for more than 30% of all papers. Ecology is next with 12%. In six of the
nine disciplines, the percentage of papers in the top 10% most cited tends to be statistically
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significantly higher than that of data citations for the entire paper. The results indicate that
papers with high citation counts tend to have data citations (including self-citations). We
reviewed the submission policies of the 10 journals to which the top 10% of WOS papers
in crystallography belong and found that all journals require data sharing.

Next, the Rao-Stirling diversity Index of the disciplines of data cited by the nine WoS
paper disciplines is illustrated in Fig. 3. The median values of resampling 1,000 times
range from 0.343 to 0.470 depending on the discipline, indicating the diversity of disci-
plines. The overall results indicate that there are differences in the use of the disciplines
of the data cited by each discipline. Crystallography is more concentrated than the other
disciplines, ranging from 0.20 to 0.25. In contrast, Multidisciplinary Sciences has the high-
est value, indicating that the types of data cited in this discipline are very diverse, ensuing
because this research discipline category includes various research. This is not surprising,
especially given the definition of Multidisciplinary Science. Biochemistry & Molecular
Biology, Ecology, and Social Sciences, Interdisciplinary have values slightly above the
average, indicating that these disciplines exceed the overall average in terms of the diver-
sity of cited data.

Figure 4 illustrates the characteristics of the development of data-driven research in
each discipline by showing the relationship between the total number and percentage of
papers citing data and the Rao-Stirling diversity index shown in Fig. 3. Crystallography has
a high data citation ratio in the discicpline; however, but the diversity of the cited data is
more limited than that in other discicplines. Ecology not only has the second highest data
citation rate after Crystallography, but also suggests a high diversity of data to cite. Social
Sciences, Interdisciplinary does not have a high citation rate for data, but their diversity
is relatively high. Multidisciplinary Sciences has the highest median position in terms of
diversity, indicating that the types of data cited are more diverse than in any other disci-
pline. This situation varies considerably across disciplines.

Discussion

After the comparison with the OpenAIRE Graph, the DCI data were analyzed from vari-
ous perspectives to gain a cross-disciplinary understanding of the current status of the pro-
motion of data-driven research. The results revealed that the countries and disciplines in
which Open Data are thrives tend to differ. The U.S., which promotes Open Data on a
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Fig. 3 Rao-Stirling diversity index of data cited by papers in each discipline
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national scale, tends to release numerous datasets in multiple disciplines. Japan has been
particularly active in releasing spectroscopic data. However, the number of data sets in
repositories (classified as Multidisciplinary science disciplines), where researchers can
load data regardless of the discipline, has increased rapidly in recent years. In terms of data
citation rates, it is particularly high in the discipline of Crystallography, but the disciplines
of cited data sets are concentrated. Meanwhile, there are disciplines in which data citation
rates are low, but the disciplines whereby databases are used are diverse. We find that the
foundations of data-driven research are characterized by diverse types, each with a distinct
citation behaviour and disciplinary focus.

There is a high frequency of data citations in the disciplines of Crystallography; how-
ever, a significant amount of research has focused on crystallographic data. This trend sug-
gests that data sharing and citation are becoming increasingly integrated into the research
process, indicating that a data-centric approach within the discipline is thriving in this dis-
cipline. Conversely, disciplines such as interdisciplinary science and genetics have modest
levels of data citation, but reflect a greater diversity in the types of data used and cited
in research. This pattern indicates a diverse landscape of data-driven research, collecting
multiple types of data from different disciplines, and suggests an integrated approach that
draws from a wide range of data sources to support scientific inquiry.

Furthermore, the DCI does not include data from the GBIF repository related to biol-
ogy and environmental studies, which has the second highest number of data entries in the
OpenAIRE Graph, and the number of datasets in the discipline of ecology and environ-
mental sciences ranks below sixth in the DCI. Therefore, it is difficult to conclude that this
DCT analysis reflects the actual situation.

This analysis also revealed limitations of the DCI database. The range of data cov-
ered by the DCI might be biased, as shown in the comparison with the OpenAIRE Graph.
Further research is needed to determine how this affects the results of the analysis. For
databases of research articles, coverage has also been investigated, and it has been shown
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that the conclusions of the bibliometric analysis depend on the data source and the indica-
tors used (Harzing and Alakangas 2016; Visser et al., 2021). The same can be said for the
analysis of databases of data. Comparisons need to be made not only with the OpenAIRE
Graph but also with various databases.

In addition to this coverage issue, the lack of established data citation conventions, such
as the lack of uniformity in how data are described in papers and other documents when
they are cited, and the maintenance of citation information in repositories, have also created
problems (Silvello, 2018). Furthermore, the relationship between articles and the accompa-
nying publicly available data also requires a conceptual examination. One view regards
this as “self-citation” and removes it from the analysis. However, another view that places
the data at the center implies that whoever the users are, they the ones who used the data.
In the latter case, even if it is self-cited, the data have value and need not be removed. It
is necessary to re-examine the indicators by examining the concept of data citation itself.
Future research should investigate how Open Data affects research activities from various
perspectives.
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