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While science policy promotes data sharing and open data, these are not ends in themselves.
Arguments for data sharing are to reproduce research, to make public assets available to the
public, to leverage investments in research, and to advance research and innovation. To achieve
these expected benefits of data sharing, data must actually be reused by others. Data sharing
practices, especially motivations and incentives, have received far more study than has data
reuse, perhaps because of the array of contested concepts on which reuse rests and the
disparate contexts in which it occurs. Here we explicate concepts of data, sharing, and open
data as a means to examine data reuse. We explore distinctions between use and reuse of data.
Lastly we propose six research questions on data reuse worthy of pursuit by the community:
How can uses of data be distinguished from reuses? When is reproducibility an essential goal?
When is data integration an essential goal? What are the tradeoffs between collecting new
data and reusing existing data? How do motivations for data collection influence the ability to
reuse data? How do standards and formats for data release influence reuse opportunities?
We conclude by summarizing the implications of these questions for science policy and for
investments in data reuse.
Keywords: Data Reuse; Open Data; Science Policy; Knowledge Infrastructures

Introduction

Over the last decade or so, a growing number of governments and funding agencies have promoted
the sharing of scientific data as a means to make research products more widely available for research,
education, business, and other purposes (European Commission High Level Expert Group on Scientific Data
2010; National Institutes of Health 2016; National Science Foundation 2011; Organisation for Economic
Co-operation and Development 2007). Similar policies promote open access to data from observational
research networks, governments, and other publicly funded agencies. Many private foundations also
encourage or require the release of data from research they fund. Whereas policies for sharing, releasing, and
making data open have the longest histories in the sciences and medicine, such policies have spread to the
social sciences and humanities. Concurrently, they have spread from Europe and the U.S. to all continents.
The specifics of data sharing policies vary widely by research domain, country, and agency, but have many
goals in common. Borgman (2015) analyzed many of these policies, and found that the arguments for
sharing data could be grouped into four general categories: to reproduce research, to make public assets
available to the public, to leverage investments in research, and to advance research and innovation. Implicit
in these arguments is the desire to produce new knowledge by reusing shared and open resources (Margolis
et al. 2014; Wilkinson et al. 2016). While laudable goals, these arguments are not ends in themselves. Data
sharing, in its simplest form, is merely releasing or posting data. The proposed benefits of sharing will be
achieved only if the available data are used, or reused by others (Borgman 2015).
Data sharing, particularly the incentives and disincentives to share, is more widely studied than is data
reuse (Carlson and Anderson 2007; Faniel and Jacobsen 2010; Tenopir et al. 2011; Treadway et al. 2016;
Wallis 2014; Zimmerman 2007). The frequency with which data are shared or reused in the sciences is
extremely difficult to assess because of the many meanings of these terms and the diversity of contexts in
which sharing and reuse might occur. A number of surveys have asked researchers to report the frequency
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with which they share data, reuse data, and circumstances under which they are willing to share or are
inclined to reuse data. These surveys vary in the way in which they define “share” or “reuse” – if they define
them at all – and use a wide array of methods to build a survey sample, ranging from targeted groups to
public postings that acquire a self-selected sample. Results vary accordingly. Most surveys find fairly high
percentages of self-reported data sharing and reuse, and even higher rates of intended sharing and reuse
(Treadway et al. 2016; Tenopir et al. 2011). In contrast, a study conducted by Science of its reviewers, asking
where they stored their data, found that most data were stored on lab servers rather than in public repositories
(Jasny et al. 2011). Qualitative studies, based on interviews and ethnography, tend to find r elatively low
levels of data sharing and reuse (Faniel and Jacobsen 2010; Wallis et al. 2013).
Rather than debate how much data sharing and reuse are occurring, here we focus on explicating data
reuse as a concept that needs to be understood far more fully. The contested nature of core concepts in data
practices has limited progress toward improving the dissemination and reuse of scientific data. We briefly
define the concepts of “data,” “sharing,” and “open” to lay the groundwork for examining the concept of data
reuse. The remainder of this short article provides working definitions of these concepts, then presents a set
of research questions to be explored by the community.

Conceptual Framework

Terms such as “data,” “sharing,” “open,” and “open data” each encompass many meanings in research
publications and in science policy. Key concepts often are conflated or used interchangeably. Here we
provide a brief background on each of these terms, any of which is worthy of a long essay.

What are data?

Few data policy documents define “data” explicitly. At most, data are defined by example (e.g., facts,
observations, laboratory notebooks), or by context (e.g., “data collected using public funds”) (Organisation
for Economic Co-operation and Development 2007). Research data sometimes are distinguished from
resources such as government statistics or business records (Open Knowledge Foundation 2015). Here we
rely on a definition developed earlier, in which data refers to ‘entities used as evidence of phenomena for the
purposes of research or scholarship’ (Borgman 2015, p. 29).
The above definition is useful in determining the point at which some observation, record, or other form
of information becomes data. It also helps to explain why data often exist in the eye of the beholder. One
researcher’s signal – or data – may be someone else’s noise (Borgman et al. 2007; Wallis et al. 2007).
However, this phenomenological definition does not address the question of units of data, or the
question of degree of processing of data that are shared. Researchers may share a “dataset,” which is
another c ontested term. A dataset might consist of a small spreadsheet, a very large file, or some set of files.
Determining the criteria for defining a dataset raises various other epistemological questions (Agosti and
Ferro 2007; Renear and Dubin 2003). Similarly, the relationship between a research project and a dataset
associated with an individual journal article may be one-to-one, many-to-many, or anywhere in between
(Borgman 2015; Wallis 2012).

What is data sharing?

“Data sharing” generally refers to the act of releasing data in a form that can be used by other individuals.
Data sharing thus encompasses many means of releasing data, and says little about the usability of those
data. Examples of sharing include private exchanges between researchers; posting datasets on researchers’
or laboratory websites; depositing datasets in archives, repositories, domain-specific collections, or library
collections; and attaching data as supplemental materials in journal articles (Wallis et al. 2013). A relatively
newer practice in many fields is to disseminate a dataset as a “data paper.” Data papers provide descriptions
of methods for collecting, processing, and verifying data, as done in astronomy (Ahn et al. 2012), which
improves data provenance and gives credit to data producers. Methods of data sharing vary by domain,
data type, country, journal, funding agency, and other factors. The ability to discover, retrieve, and interpret
shared data varies accordingly (Borgman 2015; Leonelli 2010; Palmer et al. 2011).

What is open data?

“Open data” is perhaps the most problematic term of all, given the array of concepts and conditions to which
it may refer (Pasquetto et al. 2016). Baseline conditions for open data usually refer to “fewest restrictions”
and “lowest possible costs.” Legal and technical availability of data often are mentioned (Open Knowledge
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Foundation 2015; Organisation for Economic Co-operation and Development 2007). The OECD specifies
13 conditions for open data, only a few of which are likely to be satisfied in any individual situation
(Organisation for Economic Co-operation and Development 2007). Examples of open data initiatives
include repositories and archives (e.g., GenBank, Protein Data Bank, Sloan Digital Sky Survey), federated data
networks (e.g., World Data Centers, Global Biodiversity Information Facility; NASA Distributed Active Archive
Centers), virtual observatories (e.g., International Virtual Observatory Alliance, Digital Earth), domain
repositories (e.g., PubMedCentral, arXiv), and institutional repositories (e.g., University of California
eScholarship).
Openness varies in many respects. Public data repositories may allow contributors to retain copyright
and control over the data they have deposited. Data may be open but interpretable only with proprietary
software. Data may be created with open source software but require licensing for data use. Open data
repositories may have long term sustainability plans, but many depend on short term grants or on the
viability of business models. Keeping data open over the long term often requires continuous investments
in curation to adapt to changes in the user community (K. S. Baker et al. 2015).
A promising new development to address the vagaries of open data is the FAIR standards – Findable,
Accessible, Interoperable, and Reusable data (National Institutes of Health 2015). These standards apply to
the repositories in which data are deposited. The FAIR standards were enacted by a set of stakeholders to
enable open science, and they incorporate all parts of the “research object,” from code, to data, to tools for
interpretation (National Institutes of Health 2015; Wilkinson et al. 2016). For the purposes of this article,
open data are those held in repositories or archives that meet the FAIR standards.

Using and reusing data

Even bounding the concepts of data, sharing, and open data, as we have above, data use and reuse are
complex constructs. We will constrain the problem even more by focusing on data use and reuse for the
purpose of knowledge production, rather than for teaching, presentations, outreach, product development,
and so on. We also draw our examples from our own empirical research in the physical and life sciences.
Here we identify core questions that we consider essential for understanding data reuse.

Use vs. Reuse of Data

The most fundamental problem in understanding data reuse is to distinguish between a “use” and a “reuse.”
In the simplest situation, data are collected by one individual, for a specific research project, and the first
“use” is by that individual to ask a specific research question. If that same individual returns to that same
dataset later, whether for the same or a later project, that usually would be considered a “use.” When that
dataset is contributed to a repository, retrieved by someone else, and deployed for another project, it usually
would be considered a “reuse.” In the common parlance of data practices, reuse usually implies the usage of
a dataset by someone other than the originator.
When a repository consists entirely of datasets contributed by researchers, available for use by other
researchers, then subsequent applications of those datasets would be considered reuse. However, when a
research team retrieves its own data from a repository to deploy in a later project, should that be c onsidered
a use or a reuse? As scholars begin to receive more credit for data citation, then reuse of deposited data
may increase accordingly. Conversely, when researchers obtain data from a repository, they rarely cite the
repository, making such uses difficult to track (CODATA-ICSTI Task Group on Data Citation Standards Practices
2013; Uhlir 2012). However, researchers themselves are inconsistent in citing data that they deposit for
others to use. Encouraging consistent citation of datasets would increase dissemination.
Some data archives consist of data collected for use by a community, thus any research based on retrieved
datasets could be a first “use” of those data. In astronomy, for example, sky surveys collect massive d
 atasets
that include images, spectra, and catalogs. The project team prepares the data for scientific use, and then
makes the processed datasets available as periodic “data releases” (Szalay et al. 2000). Once released,
astronomers use the data for their own scientific objectives (Pasquetto et al. 2015).
Similar large datasets are assembled in the biosciences. For example, computational biologists rely on
reference sequence data collected by the Human Genome Project (HGP) for mapping their own new data
(Berger et al. 2016). In “next-generation sequencing,” DNA molecules are chopped into many small f ragments
(reads) that bioinformaticians will reassemble in the correct order (Berger et al. 2016; Orelli 2016). Such data
collections exist as initial sources of data to ask new questions, rather than assemblages of data collected for
myriad purposes by individual researchers and teams.
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Reusing data to reproduce research

Reproducibility is the impetus most commonly cited for data sharing. Many fields are claiming a
“reproducibility crisis,” and demanding more data release for these purposes (M. Baker 2016). Data from
a prior study can be reanalyzed to validate, verify, or confirm previous research in a reproducibility study,
where the same question is asked again using the same data and analysis methods (Borgman 2015). Slightly
different is a replication study, where novel data are used to ask an old question using the same data and
analysis methods (Drummond 2009). Reproducibility research is more common in computational sciences,
where software pipelines can be recorded (Stodden 2010; Vandewalle et al. 2009). Other mechanisms to
reproduce data analyses include Investigation/Study/Assay, Nanopublications, Research Objects, and the
Galaxy workflow system (González-Beltrán et al. 2015). Reproducibility has particularly high stakes in the
biomedical fields, where the pharmaceutical industry attempts to validate published research for use in
developing biomedical products.
However, notions of reproducibility vary widely, due to the many subtle and tacit aspects of research
practice (Jasny et al. 2011). Those who study social aspects of scientific practice tend to be highly skeptical of
reproducibility claims (Collins 1985; Collins and Evans 2007; Latour and Woolgar 1979).

Independent Reuse vs. Data Integration

Reproducing a study is an example of independent reuse of a dataset. Even so, the dataset is of little value
without associated documentation, and often software, code, and associated scientific models. In other
cases, a single dataset might be reused for a different purpose, provided the associated contextual information and tools are available.
More complex are the cases where datasets are reused in combination with other data, whether to make
comparisons, build new models, or explore new questions altogether. All the datasets involved might be
from prior research of others, or available data might be integrated with new observations (Berger et al.
2016; Rung and Brazma 2012).
Datasets can be compared and integrated for a single analysis study, a meta-analysis, parameter modeling,
or other purposes. Multiple datasets can be integrated at “raw” or processed levels (Rung and Brazma 2012).
Similar datasets or heterogeneous datasets might be combined. For example, multiple raw datasets of gene
expression data can be integrated to assess general properties of expression in large sample groups (Lukk
et al. 2010). Summary-level gene expression data, such as P values, can be integrated in meta-analysis to
compare conditions and diseases (Vilardell Nogales et al. 2011).
In some cases, a primary scientific goal is to integrate heterogeneous datasets into one dataset to allow
reuse. An example is the COMPLETE (Coordinated Molecular Probe Line Extinction Thermal Emission
Survey of Star Forming Regions) Survey, that integrated new observations with datasets retrieved from
public repositories of astronomical observations that cover same regions of the sky (Goodman 2004; Ridge
et al. 2006).
Some interdisciplinary fields such as ecology research combine datasets from multiple sources. To
understand the impact of an oil spill, ecologists might construct a combined model with data from benthic,
planktonic, and pelagic organisms, chemistry, toxicology, oceanography, and atmospheric science, with data
on economic, policy, and legal decisions that affect spill response and cleanup (Crone and Tolstoy 2010).
Similarly, a combination of social, health and geography data is necessary to develop models to explain the
spread and impact of contagious diseases (Groseth et al. 2007).
Reusing a single dataset in its original form is difficult, even if adequate documentation and tools are
available, since much must be understood about why the data were collected and why various decisions
about data collection, cleaning, and analysis were made. Combining datasets is far more challenging, as
extensive information must be known about each dataset if they are to be interpreted and trusted sufficiently
to draw conclusions.

Research Questions

The following research questions about data reuse arise from the considerations discussed above. Each question
has broad implications for policy and practice. We are pursuing these questions in our own empirical research,
and pose them here to the community as a means to stimulate broader discussion.

How can uses of data be distinguished from reuses?

Distinctions between uses and reuse often reflect differences in scientific practice. Some research domains
build large data collections that are intended as primary sources for their communities, such as the examples
given for astronomy and biosciences. In other domains of the life, physical, and social sciences, repositories
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are constructed as secondary sources where researchers can deposit their data. These approaches may be
equally worthwhile, but they involve different investments that must be considered in science policy and
funding.

When is reproducibility an essential goal?

In fields facing a “reproducibility crisis,” substantial investments may be appropriate in releasing datasets
associated with individual journal articles or other publications. Such datasets may be encapsulated in a
complex container of documentation, code, and software that ensure that procedures can be replicated
precisely.
In other areas, the ability to replicate, verify, or reach the same conclusions by different methods may
be more scientifically valuable than reproducibility (Jasny et al. 2011). In these cases, consistent forms of
documentation and references to common tools may be more essential than encapsulation of individual
datasets.

When is data integration an essential goal?

When scientists need to combine datasets from multiple sources to address a new question, the first
challenge is finding ways to integrate the datasets so they can be compared or merged. Considerable data
reduction and data loss may occur in the process. These methodological activities can consume project
resources. Even in business applications of data integration for reuse, estimates range up to 80% or more
of project time spent in “data cleaning” (Mayer-Schonberger and Cukier 2013).

What are the tradeoffs between collecting new data and reusing existing data?

Little is known about the choices scientists make between when to collect data anew and when to
seek existing data on a problem. One way to characterize data reuse could be to distinguish between
the practices of reusing data collected “inside or outside” the scientist’s own research team or project.
Scientific teams often use their own data multiple times during a research project. However, scientists
also integrate their own datasets with datasets obtained from repositories, colleagues, or other sources.

How do motivations for data collection influence the ability to reuse data?

When do scientists collect data with reuse in mind and when are data sharing and reuse by others an
afterthought? How do these choices influence later reuse? Scientists frequently have difficulty imagining
how others might use their data, especially others outside their immediate research area (Mayernik 2011).
When data are collected with reuse in mind, they probably are more usable in the future by the o
 riginating
team, as well as to other teams (Goodman et al. 2014). Examples include the HGP reference sequences
datasets and the sky surveys described earlier. In other situations, scientists integrate their own data
with external data that were originally collected by diverse teams and purposes, as in the case of “dry lab”
computational biology or the COMPLETE survey.

How do standards and formats for data release influence reuse opportunities?

Data released in formats that meet community standards are more likely to be analyzed with available tools
and to be combined with data in those formats. In astronomy, for example, data usually are disseminated
as FITS files, a format established in the 1980s. While the FITS format is a remarkable accomplishment that
enables most astronomy data to be analyzed with common software tools, some argue that the standard
has reached the limits of its utility (Greisen 2002; Thomas et al. 2014). Even with these standards in place,
however, subtle differences in data collection, parameters, instrumentation, and other factors make data
integration of FITS files a non-trivial matter (Borgman 2015; Borgman et al. 2016).
Data integration and reuse are much more difficult in areas where standards are unavailable or premature.
Scientists use and reuse their own and others’ data for many different kinds of data analyses, such as for
single analysis, meta-analysis, or parametric modeling. Exploratory research may be compromised by too
much emphasis on data integration and reuse.

Conclusions

While the emphasis of science policy is on data sharing and open data, these are not ends in themselves.
Rather, the promised benefits of open access to research data lie in the ability to reuse data. Data reuse is
an understudied problem that requires much more attention if scientific investments are to be leveraged
effectively. Data use can be difficult to distinguish from reuse. Where that line is drawn will favor some kinds
of investments in data collections and archives over others. Data policies that favor reproducibility may
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undermine data integration, and vice versa. Similarly, data policies that favor standardization may undermine exploratory research or force premature standardization. Thus, data reuse is not an end in itself either.
Rather, data reuse is embedded deeply in scientific practice. Investments in data sharing and reuse made
now may have long-term consequences for the policies and practices of science.
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