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This paper uses Genome Expression Omnibus (GEO), a data repository in
biomedical sciences, to examine the usage patterns of open data reposi-
tories. It attempts to identify the degree of recognition of data reuse value
and understand how e-science has impacted a large-scale scholarship. By
analyzing a list of 1,211 publications that cite GEO data to support their
independent studies, it discovers that free data can support a wealth of
high-quality investigations, that the rate of open data use keeps growing
over the years, and that scholars in different countries show different
rates of complying with data-sharing policies.

s an integral part of the e-
science endeavour, making
scientific data freely available
for everyone to share has been
a popular subject in research. Much has
been published on underlining the sig-
nificance of scientific collaborations in
support of scholarly communication with
the possibility of a broad data sharing.!
In the literature of open data studies, a
continuous shift of research topics can be
observed that reflects each major stage of
open scientific data development.? This
development has experienced various
efforts within a short history of less than
two decades for constructing necessary
infrastructure that either encourages or
mandates researchers to deposit raw
data in particularly designed online data
repositories and fine-tunes the repository
systems to facilitate data acquisition, cu-
ration, visualization, and access.

Thanks to the maturation of many data
repository systems, the implementation

of varying data-sharing policies, and the
increasing familiarity of researchers with
the concept and practice of free data cir-
culation, a considerable body of datasets,
particularly scientific data, has recently
become available to the entire scholarly
community. An increasing number of stud-
ies reusing these data have been published
in peer-reviewed journals. Now is the time
to evaluate the use of open scientific data,
toidentify the degree of recognition of data
reuse value, and to understand how the
e-science movement has impacted a large-
scale scholarship. Currently, such studies
are scarce in the professional literature.
This present study uses biomedical
studies as a sample area of study to show
the usage patterns of open data reposi-
tories. It identifies and examines journal
articles that either cited genomic data in
Genome Expression Omnibus (GEO), an
open data repository in biomedical scienc-
es, as evidence to support and complement
their independent studies, or used GEO
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data as the basis of statistical or analytical
analyses or tools. The examination focuses
on two characteristics of the publications,
authorship and publication quality, to un-
derstand who have used and published the
freely available data, which is represented
by authors’ institutional affiliations and
geographic distributions, and where these
articles are published, which is reflected by
the journals’ reputations (impact factors)
and open access status. Such information
will help stakeholders such as administra-
tors, advocates, and repository managers
to adjust data management policies so as
to acquire more and better data and to
enhance data usability. Scientists will also
find this analysis to be a useful compara-
tive resource for guiding their own data
publishing.

Literature Review
Genomic Data Repositories
As early as in the 1960s, gene expression
started attracting the attention of sci-
entists.? Since then, numerous genomic
investigations have been undertaken to
generate adequate data, and new tech-
nologies have allowed simultaneous
measurements across individual experi-
ments. Although in the early days “entire
strings of DNA and amino acid sequence
were published in peer-reviewed jour-
nals,”* an increasing demand on making
the data freely available online has been
in existence, and a public data repository
has been called for by scholars to make the
data accessible for comparative analysis
and for interoperability with other data
resources.’ It has been realized that “im-
proved access to large electronic data sets,
reliable and consistent annotation and ef-
fective tools for ‘data mining’are critical.”®
Prior to the 2000s, molecular biolo-
gists had witnessed the establishment of
various free online genomic and proteomic
databases where DNA and amino acid se-
quences and protein structure data could
be deposited and shared.” In the new mil-
lennium, more efforts have been made to
plan and implement open data repositories
for various purposes in several major
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industrial countries such as the United
Kingdom, the United States, Germany, and
Japan. Attention has been paid to how to
design an appropriate database structure to
accommodate diverse genetic data formats;
how to maintain a smooth data flow; how
to simplify the process of data submission;
how to standardize query functions; how
to facilitate seamless data downloads, and
how to optimize data visualization.? Table
11is alist of open data repository examples
that are in effect today.

The scholarly community, represented
by funding agencies, journals, and profes-
sional associations, quickly responded to
the data repository efforts and set policies
to mandate grantees and authors to de-
posit their raw data in a public data repos-
itory. Some data repositories made corre-
sponding changes to provide authors the
flexibility of depositing data before formal
publishing of their articles and publicized
the data afterward. The mandate policies
have played an important role in urging
researchers to make active contributions
to open access and to allow scientists in
biomedical disciplines to enjoy more free
data than in most other academic fields.
Studies have found that nearly half of
recent gene expression studies “have
made their data available somewhere on
the internet, after accounting for datasets
overlooked by the automated methods
of discovery.”!® A recent mandate policy
by National Science Foundation in the
United States extended the requirements
to fields beyond biomedical sciences."

A group of studies have been conduct-
ed to evaluate the functionality, accessibil-
ity, and usability of some of the open data
repositories.”? Scholars are particularly
concerned with the accuracy and entirety
of query results from interoperable on-
line resources and from any centralized
repositories because the results will serve
as the basis of thirty-party analyses.” Fur-
thermore, researchers are interested in de-
termining information-seeking behaviors
in genomic data use and have conducted
surveys and used case studies to look for
data-sharing patterns as well as large-scale
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TABLE 1
Examples of Open Data Repositories for Gene Expression and Genomic
Hybridization Data Resources

Data Repository URL Data Acquisition
Serial Analysis of | http://www.sagenet.org/resources/index.html In-house data
Gene Expression

ExpressDB http://arep.med.harvard.edu/ExpressDB/ In-house data
MAExplorer http://www.ccrnp.nciferf.gov/MAExplorer/ In-house data

Public Expression
Profiling Resource

http://pepr.cnmcresearch.org/browse.do

In-house data

RNA Abundance http://www.cbil.upenn.edu/RAD/php/index.php | Submitted data
Database
ArrayExpress http://www.ebi.ac.uk/arrayexpress/ Submitted data
Gene Expression http://www.ncbi.nlm.nih.gov/geo/ Submitted data
Omnibus
CIBEX http://cibex.nig.ac.jp/index.jsp Submitted data

scientific collaborations among various
types of scientists in different fields.™

Gene Expression Omnibus (GEO)

The Gene Expression Omnibus (GEO)
project was initiated in 2000 under the
supervision of the National Centre for Bio-
technology Information at the National Li-
brary of Medicine.” Originally, GEO was
formed to operate as a free data repository
for high-throughput gene expression data
generated mostly by microarray technolo-
gies. Over the years, the repository has ex-
panded its content coverage to hold more
data types such as genome copy number
variations, genomewide profiling of DNA-
binding proteins, and the next-generation
sequencing technologies.

Data submitted to GEO contain three
entity types: platform, a descriptive sum-
mary of the array and a data table that
describes the array template; sample, an
explanation of the biological objects and
the experimental protocols to which it
was subjected, including a data table for
hybridization measures for each attribute
on the matching platform; and series, a
group of related samples defined as part
of a research and portrays the general
research objectives and strategies. The
functions of GEO also include identify-

ing and producing many related data
objects to support data mining, visual
presentation, and data rearrangement to
alternative structures.'®

As of summer 2011, GEO collected a
total of 2,720 datasets for 9,271 platforms
and 611,384 samples (www.ncbi.nlm.
nih.gov/geo), in comparison to 120,000
samples found in GEO around five years
ago. Researchers are allowed to submit
their data to the repository and are able
to use specifically designed tools and web
interfaces to query and download gene
expression patterns deposited by them
and others via GEO-designed web inter-
faces and applications. GEO organizes
multiple utilities to assist users in carrying
out effective and accurate searches and
successful downloads and then presents
retrieved data in visualized forms at the
level of individual genes or entire studies.
On average, with current rates of submis-
sion and processing over 10,000 samples
per month, GEO now receives more than
40,000 web hits and has 10,000 bulk FTP
downloads in a single day."”

Methods

GEO also provides citation data for ar-
ticles that cite the datasets and reside in
PubMed. As of summer 2011, it identified
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a list of 13,825 recent PubMed articles that
cite deposit of data in GEO, namely articles
whose authors are GEO data contributors
and whose dataset has been concurrently
archived at publication. Although these
authors are also open scientific data users,
the fact that they use their own data and
their roles as data creators and providers
make the evidence only distantly related to
our effort on seeking data usage patterns.

At the same time, GEO maintains an-
other list of publications for a total of 1,211
journal articles representing third-party
publications that use GEO data. A review
of these publications shows that they
either apply GEO data to validate gene ex-
pression signatures out of their own datas-
ets or incorporate GEO data into their own
analysis.’ This list of articles serves as the
basis of our analysis because these authors
reuse data that is not deposited by them,
thereby representing the evidence for in-
dependent use of an open data repository.
Piwowar queries data against PubMed
and points out the incompleteness of this
list and argues that the third-party articles
identified by GEO denote only 41 percent
of the entire article body in PubMed that
uses GEO data.’”* However, we believed
that such a large number of articles in the
list have been able to form an acceptable
size of samples to support the statistical
analysis in our study.

This list of third-party usage citations
contains a standard citation for each ar-
ticle with such information as author(s),
article title, journal name and issue,
publication date, page number(s), and a
PubMed ID (PMID). Clicking on a record
will return the first author’s affiliation and
e-mail address, article abstract, a link to
the free copy in PubMed (if any), publica-
tion types, MeSH terms, substances, grant
support, and links to external databases
that index the article. Based on the pur-
poses of our research, some of the citation
data were manually collected, including
the first author’s affiliation and country
of origin, number of authors, publication
date, journal name, and article title.

To properly evaluate the scholarly
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quality of the publications, all journals on
the third-party list were searched against
Thomson Reuter (ISI)’s Journal Citation
Reports (JCR) on Web of Science to obtain
their impact factors in 2010. Of the 286
journals on the list, 28 journals are not
measured by JCR, which include a total
of 38 articles among the 1,211 publications
(approximately 0.03 percent of the research
population). We believed this small frac-
tion of missing data will not affect the ana-
lytical results for the purpose of comparing
scholarly rankings of the journals.

Data were reorganized for the purposes
of this analysis. A Google mapping tool
was used to demonstrate a geographic dis-
tribution of the authors around the world.
Both ordinal and logistic regressions as
well as correlation coefficients were cal-
culated for a series of relationships (for
example, between the availability and use
of datasets and between the popularity of
the journals and their open access status).
Some of the data and analysed results
were compared to those of other related
studies to seek connections between these
third-party publications and the raw data
cited from the GEO database.

This study did not examine the relation-
ship between data depositors and users,
although this could be an interesting piece
of information for understanding data us-
age patterns. Such an examination will need
comprehensive datasets beyond the use of
one single data repository, since GEO1is only
one of several reputable, free biomedical
data repositories. Yet we question whether
quantitative data can ever present accurate
information for this purpose. Alternative
strategies may include distributing ques-
tionnaires among identified independent
data users to comb through complex
personal connections among researchers
to answer the question of how and where
open data sources were learned, located,
accessed, identified, and used.

Results and Discussion

Date of Publication

The 1,211 articles are distributed unevenly
across the time period beginning in June
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of 2003 and ending in 2010. The list of
articles was identified in mid-2011, so the
data for that year is not yet complete. The
first year saw five publications only, but
by 2010 as many as over several hundred
articles were published. An obvious
trend of gradual increase in the number
of publications annually is presented in
figure 1. Itis useful to check if this growth
rate corresponds to the rate of raw data
increase in the GEO database. Figure 2 is
a bar chart that borrows data from figure
1 of the Barrett et al. article to display the
amount of raw data submitted to GEO
by year since 2000 when the repository
was created.?’ These authors are the GEO
staff who maintain the authoritative data
for a timeline of GEO database growth.
A comparison of these two figures shows
a visual similarity in the chronological
development of both practices. We further
apply a statistical analysis to the two series
of numbers by calculating their Pearson’s
correlation coefficients and receive the
result » = 0.98, which is a perfect match.
It is reasonable to suggest that a large
quantity of raw data can support the
wealth of publications that rely on the
data. The assumption that the frequency
of the publications lagged behind the
availability of the raw data is verified by
the above comparisons. At the same time,
we believe that the steady increase in both
publication numbers and data numbers

indicates the effect of an ongoing open
access advocacy over the years. There is
evidence to show that the rate of scholars’
awareness of, attitudes toward, and par-
ticipation in open access initiatives has
climbed progressively across time and
space and is spreading in most academic
disciplines.” With regard to scientific data
sharing and reuse, more researchers have
recognized the value of data repositories
and feel comfortable making contribu-
tions to one.? In the case of raw data
circulations in the biomedical sciences,
mandate policies have inarguably played
a central role, which may serve as a suc-
cessful example to inspire the open access
efforts in other fields.

Venue of Publication
A total of 286 journals accommodate
these 1,211 articles. On one hand, most
of the articles cluster in a few journals:
for example, ten journals publish nearly
48 percent of the total articles (see table
2). On the other hand, a large number of
other journals are under the radar of the
authors when selecting the venue of pub-
lication (see figure 3). This distribution
pattern is the result of subject concentra-
tions, because the popular journals found
here all bear a scope matching the subjects
of the published research, as well as the
result of the genomic nature of the raw
data in GEO.

The quality of these ar-

FIGURE 1

Article Numbers by Year of Publication
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the impact factor (IF) of a
journal, for the past two
years. The scholarly com-
munity has extensively
used IF as one of the
key indexes to assess the
popularity and impact
of publications, although
its limitations have also
been documented.? IF is
especially preferred by
academics in biomedical
and some allied scientific
disciplines.** Given the
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relatively few studies have
been undertaken to test the

impact of open data reuse

on research quality. Piwowar
et al. undertake one of these

FIGURE 2
Data Submitted to GEO by Year
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few studies examining the
connection between citation
rate of a publication and the
public availability of its data
by using data from cancer
microarray clinical trials.?”
They find a significance of
p=0.006 for free scientific
data to be associated with a

reputation of the GEO repository in rel-
evant fields, we expect to see high-quality
publications using the GEO data.

We are not disappointed with the find-
ings that the articles have generally been
published in reputable journals. Several in-
ternationally renowned journals are visible
on the list, and even the famous journals
Nature and Science cannot reach the top of
the ranking (see table 3). The top ten jour-
nals all have an IF value above 25.00, and
there are as many as 33 journals with an
IF value above 10.00. Individual journals
that have published a large number of the
articles and are also ranked highly include
BMC Bioinformatics (IF=3.028, article=108),
Plos ONE (IF=4.411, article=89),

69 percent increase in cita-
tion counts, independently
of journal IFs, publication dates, and
author locations. Our own study cannot
validate their findings because of the dif-
ferent research designs and data types as
well as the lack of a direct comparison of
citation data.

Putting aside scientific evidence, one
may not find it difficult to understand
why an article will attract more citations
after it becomes accessible to the public.
The visibility of the article on the web
and convenience of access in lieu of a
cost barrier are favorable conditions for
wider distribution. However, it is not
logical to assume a citation difference

Nucleic Acids Research (IF=7.836,

article=82), Bioinformatics TABLE 2 ) )
(IF=4.877, article=79), BMC Top Ten Journals Where Articles Using the
Genomics (IF=4.206, article=67), GEO Data Are Published
and Proceedings of the National | Journal Article | Open | Impact
Academy of Sciences (IF=9.771, Access | Factor
?rtlde:49)' Onaverage, the286 | g/ Bioinformatics 108 Yes 3.028
journals are scored around 5.00 SO s Aall
in impact factor (see figure 4). PLoS One Yes :
Studies have verified a | Nucleic Acids Research 82 Yes 7.836
positive relationship between Bioinformatics 79 No 4.877
opert access article pub.hsl‘;; BMC Genomics 67 Yes 4.206
ing and research quality,
although there are disagree- | Proc Natl Acad Sci (PNAS) 49 No 9.771
ments with this view.” It is | Cancer Research 34 No 8.234
also generfilly believed that, [~ -~ "5 logy 32 Yes | 6.885
after an article becomes freely
accessible, it will be cited | Clinical Cancer Research 22 No 7.338
more frequently. However, | BMC Cancer 17 Yes 3.153
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FIGURE 3
The Distribution of Articles in Number by Journal
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between publications using open data and
publications using in-house data, unless
the discussion is about the advantages
of providing publicly accessible data. It is
beyond the scope of this research to seek
usage patterns among various types of
open data repositories. Our findings have
clearly revealed that open data does sup-
port high-quality research in general; in
other words, researchers are able to pub-
lish high-quality articles by using freely
available data contributed by others.

Open Access Preference
Further, it is interesting to examine if the
open access status of the journals on this
list has a positive influence on authors’
choice of ajournal when seeking publica-
tion. According to the numbers in table 2,
among the top five journals that contain
35 percent of the total articles, four jour-
nals are operated in an open access mode.
One can, therefore, hypothesize that
researchers prefer open access journal
publishing after they become aware of the
open access benefits through per-

sonal experience—either through
self-depositing raw data to an open
data repository or through sharing

raw data from other data resources.

Alogistic regression analysis was

conducted between two variables

(that is, open access status of a
journal and number of our articles

in the journal) to determine authors’
preference for open access journals

when publishing an article. The

results (p>0.05) does not seem to
support a relationship between the

two variables; namely, authors who

use GEO data may not necessarily

take the open access status of a jour-
nal into consideration (see table 4).

TABLE 3
Journals with the Highest Impact Factor
Journal Count | Impact Factor
Nature Genetics 8 36.377
Nature 5 36.101
Lancet 2 33.633
Nature Reviews 1 32.745
Genetics
Science 3 31.364
Nature Biotechnology 3 31.085
JAMA 1 30.011
Cancer Cell 2 26.925
Cell Stem Cell 2 25.943
Nature Medicine 1 25.43

Factors other than open access (for
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FIGURE 4
Distribution of Journal Impact Factors
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example, the subject relevancy of ajournal
and the reputation of the journal on the IF
index) may have played a more important
role for selecting publication venues. The
hypothesis is, therefore, rejected.

Author Profile

The distribution of countries of origin by
author, which is defined by self-identified
affiliation of the first author, is rather
diverse (see figure 5). The United States
is the single largest country with regard
to its number of the authors, followed by
the United Kingdom, China, and several
other western European countries. We
take the numbers for the United States
and the United Kingdom for granted
because the majority of the raw data in
GEO are contributed by researchers in
these two countries. On the other hand,
the number of studies using GEO data
and the amount of data submitted to GEO
for China may not have a positive correla-
tion. However, this supposition needs to

be confirmed by collecting and analyzing
the numbers of data contributors for ap-
propriate comparisons, which may be one
of our future research projects.

Is there a chronological change among
countries for using GEO data? To answer
this question, an ordinal regression analy-
sis was performed. Only top data-produc-
ing countries are coded for the analysis to
keep the statistical output short: 1=U.S.,
2=U.K,, 3=China, 4=Germany, 5=Japan,
and 6=other countries. Table 5 shows
the analyzed result and indicates that,
at the significant level (p<0.05), research-
ers in the United States and China have
experienced a change of open data use
over time, while researchers in Japan and
European countries have not changed
their usage pattern significantly. A pos-
sible explanation is that European and
Japanese scholars are among the early
adopters who participated in open ac-
cess initiatives from the beginning when
GEO data started being publicly available.

TABLE 4
Logistic Regression of Open Access Publishing (Variables in the Equation)
B S.E. Wald df Sig. Exp (B)
Step1  Articles .022 .015 2.138 1 144 1.022
Constant =778 .535 2.112 1 .146 459
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FIGURE 5
Authors’ Origins by Country (Top 20 Only)
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TABLE 5
Ordinal Regression of Publication Years by Country
Parameter Estimates
95% Confidence
Interval
Std. Lower | Upper

Estimate | Error | Wald | df | Sig. | Bound | Bound

Threshold [Year = 2003 —5.648 455 [ 153973 | 1 .000 |-6.540 | —4.755

[Year =2004] | —3.868 204 359293 | 1 .000 |—4.268 | —3.468

[Year = 2005 -2.729 137 | 396.374 .000 |-2.998 | —2.461

[Year =2006] | —1.800 11 | 264.211 .000 |-2.017 | —1.583

[Year = 2008 —.284 .096 8.797 .003 | —471 | —.096

[Year = 2009 498 .096 | 26.654 1 .000 309 .687

]
]
] 1
] 1
[Year =2007] | —1.046 | .100 | 108.929 | 1 | .000 |-1.242 | —.849
] 1
]
]

[Year =2010 3.833 223 1295.046 | 1 .000 | 3.395 | 4.270

Location [Code = 1] -.327 118 7.694 1 .006 | —.558 | —.096

[Code = 2] -.162 223 .524 1 469 | —.600 276
[Code = 3] 557 234 5.686 1 017 | .099 1.015
[Code = 4] —-.069 255 .073 1 786 | —.569 431
[Code = 5] —-.089 270 107 1 743 | —-.618 441
[Code = 6] Oa 0

Link function: Logit
a. This parameter is set to zero because it is redundant.
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FIGURE 6
Geographic Distribution of the Authors by Country
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Consequently, open access advocates
should be more interested in exploiting
the United States” and China’s scholarly
market, where potential for increased
data use is noteworthy. A more thorough
analysis of this topic in the future should
include all countries that appear in the
usage list. Furthermore, a chronological
change of data submissions by scholars
in different countries should also be ex-
amined to draw a more comprehensive
picture of the open data development.

Furthermore, what is obvious as dem-
onstrated by our numbers is a divide of
data usages between the developed coun-
tries and the developing countries. Figure
6 is a Google map for a global view of the
geographic distribution of the authors by
country. Please note that points plotted
on the map represent proportion of the
original values for demonstration only.
The shown distribution pattern suggests
an overwhelming silence in the scholarly
community of the third-world countries.
We recommend more comprehensive
studies to examine the academic infra-
structure in these countries.

Conclusion
The analysis helps paint a clear picture
of free data usage out of the GEO data

repository and verify the assumption
that the raw data do support a wealth of
high-quality investigations, that the rate
of open data use keeps growing over
the years, and that scholars in different
countries show different rates of comply-
ing with the data-sharing policies. GEO
data are heterogeneous in type, which
have considerably supported research of
specific topics as well as research across
a magnitude scale of independently
submitted samples.?® Third-party data
users will continuously benefit from us-
ing ever-accumulating free data to make
contributions to scholarship.

The findings can also serve as optimis-
tic signs to highlight the influence of the
open access movement among individual
scholars, no matter whether they are
mandated to make contributions of raw
data by policies or voluntarily self-archive
and use freely available data for their own
scientific investigations. Success stories of
open access initiatives in biomedical sci-
ences can help various stakeholders such
as administrators, open access advocates,
system designers, and repository manag-
ers in other academic fields such as social
sciences and humanities to adapt better
strategies for promoting data sharing
and reuse. Other types of open access
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initiatives such as e-print repositories
and electronicjournal publishing can also
learn from the open data development. It
ishoped that the significance and implica-
tions of our research can extend beyond
genomic subfields.

by researchers sharing and reusing
primary research datasets. Among other
advantages, freely available raw data
“can be used to explore related or new
hypotheses, particularly when com-
bined with other available datasets.”?

There is no doubt that research ef-
ficiency and quality can be improved

The potential of open data applications
is tremendous.
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