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ABSTRACT The objective of this paper is to classify and analyse all research on open data performed
in the scientific community from a technological viewpoint, providing a detailed exploration based on
six key facets: publication venue, impact, subject, domain, life-cycle phases and type of research. This
paper therefore provides a consolidated overview of the open data arena that allows readers to identify
well-established topics, trends, and open research issues. Additionally, we provide an extensive qualitative
discussion of the most interesting findings to pave the way for future research. Our first identification
phase resulted in 893 relevant peer-reviewed articles, published between 2006 and 2019 in a wide variety
of venues. Analysis of the results shows that open data research grew slowly from 2006 but increased
significantly as from 2009. In 2019, research interest in open data from a technological perspective overall
decreased. This fact could indicate that research is beginning to stabilise, i.e., the open data research hype
is over, and the research field is reaching maturity. Main findings are (i) increasing effort in researching on
Semantic Web technologies as a mechanism to publish and reuse linked open data, (ii) software systems are
proposed to solve open data technical problems; and (iii) considering technological aspects of legislation
and standardization is needed to widely introduce open data in society. Finally, we provide complementary
insights regarding open data innovation projects, with special emphasis on publication (e.g., open data
portals) and consumption (e.g., open data as business enabler) of open data.

INDEX TERMS Open data, systematic mapping, innovation.

I. INTRODUCTION
The concept of open data (i.e., data freely used, modified,
and shared by anyone for any purpose1) emerged in the
early 2000s with some relevant milestones as the 2003 Euro-
pean Public-Sector Information (PSI) [1], or the 2009 United
States Government decision to implement the Open Govern-
ment concept [2], which had a worldwide impact. Open data
has also been driven by international organizations such as
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1 https://okfn.org/opendata/

the World Bank (2012) [3]. In 2013, the G8 group formed
by world leaders signed the open data Charter [4], aiming
at fostering broader global adoption of open data. Due to
these global initiatives, the open data term gained momentum
and the body of research on open data began to emerge as
a multidisciplinary area encompassing a wide range issues,
from social to technical. Research on open data is intrinsically
multidisciplinary mainly due to a couple of facts:

• Open data is published in the Web, as an information
space where social and technical aspects come together
[1].
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• Open data is published by following some data quality
criteria (such as the 5-star schema created by Berners-
Lee), but also some legal guidelines (such as standard
licenses), which both allow open data to be effectively
reused and have a positive impact on society [6].

Even though, there are some papers that survey research
on social aspects of open data initiatives, e.g. to classify open
government data initiatives [1], there is a lack of works that
review and classify open data research from a technologi-
cal viewpoint (i.e., considering papers mainly coming from
repositories on computer science and engineering).

The main goal of this paper is thus to provide a com-
prehensive review and classification of the open data field
from a technological perspective, considering issues such as:
domain, topic, impact, research type, venues, etc. To achieve
this, we propose using a systematic mapping study. This
method arose in the medical field [7] and has been used
extensively in software engineering [8]. Systematic mapping
studies provide a repeatable method aimed at performing
a comprehensive overview of a research field, providing a
useful reference for further researchers. According to [9],
the open data systematic mapping presented in this paper can
be a useful resource for:

• Beginning technological researchers in the open data
field. Classification of the conducted research on open
data is described in our systematic mapping, thus giving
valuable insights for starting research.

• Experienced researchers, who can use this document as
a qualitative reference work for subsequent studies. Our
mapping study provides understanding of the existing
literature on specific topics in the open data arena and
allows to identify the need for additional research in
specific areas.

• Industrial actors, such as data publishers or data reusers,
who need a thorough introduction of the open data field
from a technological perspective. Our mapping study
allows these actors to get an overview of the state-
of-the-art and to identify trends and clusters of open
data research studies that are suitable and applicable
for them, aiding communication and knowledge transfer
between academia and industry.

Furthermore, opening data favours the development of
innovation, contributing to the improvement of efficiency [5].
Therefore, a review of open data innovation projects (from
insights of the systematic mapping) is also provided.

In this paper, we begin by explaining in Section II the
research method and process we followed: definition of
research scope, identification of papers with required con-
ditions, specification of the classification scheme, and clas-
sification of publications. In Section III, we analyse the
extracted data and visualize the results using stacked bar,
pie, and bubble charts. Section IV provides a discussion of
the results revealing interesting insights into the open data
research field. We provide an in-depth qualitative analysis
of the most remarkable results of the systematic mapping

study, summarizing the areas of study and most relevant
worldwide applications. Section V surveys some research
insights regarding open data innovation projects, and finally,
Section VI provides conclusions.

II. RESEARCH METHOD
There are different methods for reviewing research [10], rang-
ing from narrative literature review to systematic approaches
guided by a replicable process. Narrative reviews aim to
appraise previous research without describing a formal pro-
cess for identifying, selecting, and evaluating relevant publi-
cations (which may produce biased results). Regarding sys-
tematic methods, there are several to be used depending on
the pursued goals:

• Systematic reviews aim to select and appraise all avail-
able research depending on some research questions.
However, the focus is not on classifying research.

• Rapid reviews speed up the systematic review process
for updating previous reviews or for considering novel
emerging topics.

• Scoping reviews aim to select and classify existing
research literature in terms of topics (with no research
questions that guide the review process).

• Systematic mappings are focused on performing a visual
synthesis of the research publications and classify them
based on some facets provided by research questions.
Systematic mappings are best designed for a scenario
where there are an abundance and a diversity of research
in order to identify gaps in a research area. Therefore,
it is the ideal method for classifying research on open
data.

A systematic mapping study aims at finding and classify-
ing primary studies in a specific topic area by following a
well-defined and repeatable method [9]. It consists of sev-
eral steps, namely: (i) obtaining a classification scheme, (ii)
gathering relevant studies, (iii) performing the classification,
and (iii) analysing the results [7]. The analysis focuses on
answering specific research questions, usually related to the
identification and coverage of the field and its subfields, and
on the evolution over time, as well as additional discussion on
challenges and trends regarding the specific topic, as stated by
[11].

For our systematic mapping study, we deployed the pro-
cess introduced by [11] which was inspired by the adap-
tation of systematic mapping studies in the medical field
and their application to software engineering proposed by
[7]. Our process thus consisted in: defining the scope of
the research, defining the search process, the classification
scheme, the mapping of publications according to the clas-
sification scheme, and data analysis. A detailed overview of
this process is shown in Figure 1. The methodology of the
systematic mapping study is as follows:

• First step (research scope): definition of the research
questions that will guide the research.
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FIGURE 1. Research process for the conducted systematic mapping.

• Second step: the search process. After selecting the
search strings and the inclusion and exclusion criteria,
a search (including screening of the results and the val-
idation of the search) was conducted to obtain results
from research repositories.

• Third step: definition of the classification scheme aim-
ing at defining the facet of each research category
(specifically, six facets were defined for our systematic
mapping study).

• Last step: mapping of studies. This step consists of
obtaining a classification of the studies, manually per-
formed by the authors, according to the classification
schema as well as performing a detailed analysis of the
data.

A. RESEARCH SCOPE
The overall goal of this systematic mapping study is to pro-
vide a consolidated overview of research in the field of open
data from a technological perspective, through its publication
venues, impact domains, phases of data publication, impact
level, and their evolution over time. The development process
answered the following research questions (RQs).

• RQ1: What are the publication venues in which open
data research has been published?

• RQ2:What impact does the research on open data have?
• RQ3: Which domains received most coverage in open
data research, to what extent, and how is coverage evolv-
ing?

• RQ4: What are the topics being addressed in open data
research, to what extent are they covered, and how is
coverage evolving?

• RQ5: Which phases of the data life-cycle have been
considered in the open data research?

• RQ6: What types of open data research have been
reported, to what extent, and how is the evolution pro-
gressing?

TABLE 1. Scientific repositories.

B. SEARCH PROCESS
The search process aims at identifying primary studies that
are relevant within the research scope in a well-defined,
repeatable way. A three-step search process was carried out
to identify such primary studies.

1) STEP 1: INITIAL SEARCH
To obtain the initial set of potentially relevant primary stud-
ies (i.e. ‘‘publications’’), an extensive search was performed
using search engines from the most important scientific
repositories of publishers within the broad field of infor-
mation technology (in accordance with the technological
perspective of our study); therefore, we selected the search
engines included in Table 1.

All searches were performed between 1 Septem-
ber 2016 and 20 December 2019. Since our goal was to study
the publications on open data and how this term has been
specifically used in the research area, publication titles had to
include the specific search string: ‘‘open data’’. Publications
between 2006 and 2019 were included.

We only took into account publications in the English
language. General search engines for scientific publications
such as Google Scholar were not considered for two rea-
sons: (i) they index publications from the aforementioned
repositories; and (ii) they list a lot of grey literature (i.e.,
research produced outside traditional academic publishing
and distribution channels such as reports, working papers,
government documents, white papers and so on).

The search engines produced 893 search results: these were
classified, quantified, and presented in the results analysis,
based on the different facets derived from the research ques-
tions.

2) STEP 2: SCREENING OF RESULTS
The initial set of publications contained irrelevant results
that had to be discarded. In our screening process, we began
by eliminating duplicates. Next, we examined the relevance
of each publication with respect to our research objectives.
To do so, we defined the inclusion and exclusion criteria.
Inclusion and exclusion criteria were established in both form
and content:

1) Form

• Inclusion criteria: all peer-reviewed publications
in English for which the full text was available.
This included all short and full research papers
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published in peer-reviewed journals, conferences,
symposia, or workshops.

• Exclusion criteria: sources that did not go through
a peer-review process or did not constitute pure
research contributions, for example: books, Ph.D.
and master’s theses, patent descriptions, standards,
and recommendations, book or thesis summaries,
technical reports, white papers, invited talks,
demo papers, tutorial papers, poster publications,
posters, editorials, prefaces, articles or columns
in non-peer-reviewed journals, newsletters, ency-
clopaedia entries, summaries or blog posts.We fur-
ther excluded sources for which the full text
was not published, such as abstracts, extended
abstracts, and presentations (slideshows).

2) Content

• Inclusion criteria: the abstract or introduction explicitly
mentions open data, as well as it can be deduced that the
research was explicitly performed for solving a problem
regarding publishing or reusing open data.

• Exclusion criteria: documents that did not focus on the
publication or reuse of open data, for example those
related to the publication of institutional data for internal
users or those that used open data in some experiments,
i.e. the content did not identify a research problem
related to the reuse or publication of open data, but only
incidentally mentioned open data.

As studying the evolution over time is one of the objectives,
we did not restrict our search based on publication year. As a
starting point we consider 2006, the year ‘‘open data’’ term
arises in papers coming from repositories we considered; as
endpoint we took 2019 (included), the last full year prior to
the development of this study. As such, we cover 14 years of
research on open data from a technological perspective.

The screening process was performed rigorously, applying
the inclusion and exclusion criteria described above.

3) STEP 3: SEARCH VALIDATION
Three steps were undertaken to validate the aforementioned
search process in order to ensure our screening process pro-
duces a complete set (i.e., identifying missing publications).
Inclusion and exclusion criteria of the screening process are
reapplied.

1) We took the transitive closure of the relevant publica-
tions using their references.

2) For each research venue where more than one relevant
publication was found (see research question 1 in sub-
section II.A), we checked all issues and proceedings
(from 2006 until 2019).

3) We repeated all our previous searches and checked if
those publications are in the scientific repositories.

Step 1 was performed iteratively, but no new results com-
plying with the inclusion criteria were found. Also, step 2 and
step 3 did not result in any new publications, indicating that

our search process can be considered complete. This seems
reasonable as our search term was rather generic.

C. CLASSIFICATION SCHEME DEFINITION
After obtaining the final set of publications, we devised a
classification scheme corresponding to the research scope
and questions set out in Section II.A. Based on these research
questions, we considered six facets for classification: venue,
impact, domain, topic, data lifecycle phase, and research type.

1) FACET 1. VENUE
Together with each publication coming from the scientific
repositories after performing the screening process, we found
information about the conference or scientific journal in
which it is published. We also quantified the number of
publications by conference or scientific journal.

2) FACET 2. IMPACT
Description: it describes the scope of the research results.

Classification scheme. It is divided into:

• Local impact: which describes a small and focused area
the open data relates to, for example: a city, a museum,
a university, a hospital.

• Regional impact: related to a larger area such as a
province or a state.

• National impact: related to a specific country.
• International impact: related to an international area.

3) FACET 3. DOMAIN
Description: domains receiving coverage in open data
research.

Derivation method: domains were borrowed from the
14 data categories suggested by the G8 Open Data Charter
[12].

Classification scheme. It consists of the following
domains:

• Agriculture: food security, farmers and final consumers,
sustainable agricultural development, nutrition

• Biology: articles that deal with the study of life and
living organisms.

• Chemical: articles that deal with matter, material com-
position and reaction.

• Culture: articles that deal with social behaviour and
norms found in human societies.

• Data Journalism: approaches for storytelling and jour-
nalism, journalistic activities.

• Economy: financial movements, income, expenses and
budget.

• Education: educational applications, school perfor-
mance, digital skills.

• Environment: environment, climate change, natural
resources, environmental information, forest land-
scapes, meteorology/climate, agriculture, forestry, fish-
ing and hunting, pollution levels, energy consumption.
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• Geospatial: topography, postal codes, national maps,
local maps, food security, lakes, geography zones.

• Health: papers related to the study of the state of com-
plete physical, mental and social wellbeing and not sim-
ply the absence of disease.

• Humanitarian: humanitarian assistance, disaster man-
agement, relief and reconstruction activities, disasters,
epidemics.

• Infomediaries: workers, companies and investors who
work in identifying and leveraging the market value of
consuming information (see [13]).

• Innovation: original and more effective use of open data
for making a meaningful impact in market (e.g., to boost
economies) or society (e.g., to improve daily life of
people).

• Science: scientific research and discoveries, innovative
methods to open scientific data and create new tools
to manipulate that data, financing of scientific projects,
collaboration among stakeholder groups.

• Transport: public transport timetables, access points
broadband penetration.

• Energy: energy development-oriented applications
• Tourism: open data applications applied to tourism
development.

4) FACET 4. TOPIC
Description: topics being addressed in open data research.

Derivation method: topics were taken from the ‘‘Call for
Papers’’ of two of the most important scientific conferences
on data and the Semantic Web, namely, the International
Conference on Very Large Data Bases (VLDB) and the Inter-
national Semantic Web Conference (ISWC), respectively.
Regarding these two conferences, a quantification was made
and themost frequently recurring topics in the calls for papers
of both conferences over the last three years (2017, 2018 and
2019) were established.

Classification scheme. Topics were classified according to:

• Entrepreneurship: entrepreneurial usage of open data.
Use and impact of open data in specific countries or spe-
cific sectors in order to leverage business and the econ-
omy.

• Government: the making of, implementation and institu-
tionalization of open data policy, capacity-building for
wider availability and use of open data, conceptualiz-
ing open data ecosystems and intermediaries; linkages
between transparency, freedom of information and open
data communities; measurement of open data policy and
practices, including methods for assessing the impact of
open data; situating open data in the global governance
and development context.

• Information retrieval: databases, information retrieval,
information extraction, natural language processing for
searching and querying databases, fuzzy, probabilistic,
and approximate databases, information retrieval, text in
databases.

• Infrastructure: cloud environments for data, access
methods, concurrency control, recovery, transactions,
indexing and search, in-memory data management,
hardware accelerators, query processing and optimiza-
tion, storage management, tuning, benchmarking, per-
formance measurement, database administration and
manageability, database-as-a-service.

• Intelligent systems: artificial intelligence, social net-
works, recommendation systems, business intelligence
and data mining.

• Internet of things (IoT): data streams and the internet of
things, crowdsourcing, embedded andmobile databases,
real-time databases, sensors and IoT, stream databases.

• Quality: cleaning, quality assurance, and provenance of
semantic web data, services, and processes, data clean-
ing, information filtering and dissemination, informa-
tion integration, metadata management, data discovery,
web data management, heterogeneous and federated
database systems, database usability.

• Security: trust, privacy and security in datamanagement,
critical challenges for data: exclusion and abuse.

• Semantic web: knowledge graph creation, reasoning,
usage, knowledge representation and reasoning on the
web, scalable management of semantics and data on
the web, including linked data, semantic web data anal-
ysis, languages, tools, and methodologies for repre-
senting and managing semantics and data on the web,
architectures and algorithms for extreme volumes, het-
erogeneity, dynamicity, and decentralization of seman-
tic web data, ontology-based data access and integra-
tion/exchange on the web, ontology engineering and
ontology patterns for the web, ontology modularity,
mapping, merging, and alignment for the web, support-
ing multilingualism in the semantic web, user inter-
faces and interaction with semantics and data on the
web, information visualization and exploratory analysis
methods for semantic web data, personalized access to
semantic web data and applications, social semantics
methods and applications.

• Software engineering: development of mobile plat-
forms, distributed database systems, cloud data man-
agement, development of NoSQL databases, scalable
analytics, distributed transactions, consistency, p2p and
networked data management, software development and
content delivery networks.

• Visualization: data models and query languages for visu-
alization, schema management and design, user inter-
faces and visualization.

5) FACET 5. OPEN DATA LIFE-CYCLE
Description: the open data life-cycle describes the process of
providing data as open data, i.e., preparing the data to be pub-
lished, using the published data and curating the published
data. Therefore, it is mainly concerned with three issues: pre-
processing, exploitation and maintenance.
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Derivation method: the following classification referred to
the works by [1], [4], [12] which define an open government
data life-cycle.

Classification scheme. The classification scheme consists
of the following phases:

• Data creation: it refers to the generation of data as well
as the collection of data for the specific purpose of
publishing it.

• Data selection: this is the process involving selecting
the data to be published. This requires removing any
private or personal data, as well as identifying under
which conditions this data will be published, potentially
through the specification of open (government) data
policies.

• Data harmonization: this step involves preparing the
data to be published in order to conform to publishing
standards.

• Data publishing: this is the specific act of opening up the
data by publishing it on open data portals.

• Data interlinking: this is the final step in the 5-Star
Scheme for Open Data (aforementioned), i.e. obtaining
Linked Open Data. This allows published data to have
additional value, as the linking of data gives context to
it.

• Data discovery: the publishing of data is not enough
to enable its reuse. Data consumers must discover the
existence of open data in order to be able to consume it.

• Data exploration: this step is the most trivial way of
consuming data. Here, a user passively examines open
data by visualizing or scrutinizing it.

• Data exploitation: this step is a more advanced way
of consuming data. Data exploitation enables a user to
proactively use, reuse or distribute the open data by
performing analysis, creating mashups, or innovating
based on the open data.

• Data curation: While not necessarily occurring at a fix
stage, data curation is vital in ensuring the published data
is reusable. This involves a number of processes, includ-
ing updating stale data, data and metadata enrichment,
data cleansing, etc.

6) FACET 6. TYPE OF RESEARCH
Description: the research type is the type of reported research.

Derivation method: the type of research is not specific to
the particular topic of open data but is generally applicable.
As in the case of other systematicmaps carried out in software
engineering, we used the classification scheme proposed by
[14] and [11].

Classification scheme. This scheme includes:

• Solution proposal: describes a solution usually illus-
trated with an example, case study, running example,
etc. The work is barely or not validated (see next bullet
point); the proposal is only explained and its application
described.

• Validation research: validation of research that is not
deployed in practice, for example, by an experiment,
performing kinds of tests, lab studies, etc. Usually it
follows a solution proposal. It answers the question: is
the proposed solution ‘‘good’’?

• Evaluation research: an evaluation of research, usually
by observing how the solution works in practice or com-
paring it with other solutions, pointing out positive and
negative points. It is more extensive than validation and
often carried out within an industrial setting. It answers
the question: is the proposed solution the ‘‘right’’ solu-
tion?

• Philosophical or conceptual proposals: these sketch a
new way of looking at existing things, providing a
vision or philosophical view on a subject matter.

• Opinion paper: it describes the opinion of the authors,
usually taking a positive or negative stance. It may also
present an overview of a field or a comparison of tech-
niques from the author’s viewpoint. It is generally not
based on related work or a research methodology.

• Experience paper: it describes the experience of the
authors, usually in practice, using a certain method,
technology, etc. Authors are usually people working in
the industry [11].

D. MAPPING STUDIES
Based on the classification scheme mentioned above,
the authors manually classified each of the 893 relevant
publications according to each facet. To do so the authors
used a spreadsheet in which they noted for each paper its
type concerning each of the facets, getting recounts of the
number of papers that fit into each type for each facet.
To ensure correctness and consistency of the classification
process, authors were divided into two groups and each of the
893 publications was assigned to one group to be reviewed
and classified within each facet. In the case of conflicting
results, the other group was asked to perform a classification
and the results were discussed until reaching an agreement.
A total of 10% of the 893 publications required discussion.
This classification process is complex and costly. From the
best of our knowledge, there are software tools to optimize
the step of citation screening [15], [16], but the idea of using
classification methods to automate the process could open up
an unexplored line of work [17], [18].

E. THREATS TO VALIDITY
There are several factors that can threaten the validity of
systematic mapping findings. In the literature [19], [20],
the main deficiencies of systematic maps have been identified
as follows: (i) bias in the selection of publications, (ii) errors
in categorizing publications into detailed categories, and (iii)
weak additional contribution from one publication to another
(the so called ‘‘delta papers’’, i.e., papers that provide only
minor additions compared to work previously published by
the authors).
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Tomitigate the risk of the first threat, we started byworking
on a selection of search engines to cover the specific research
area in depth and width. We selected specific search engines
to cover the biggest publishers in the field of research (i.e.
ACM, IEEE, Springer, IOS PRESS, ScienceDirect). Sec-
ondly, we had to make sure that all publications on the
selected theme were found. To do this, we introduced the
search validation step (see section 2.2) designed to identify
missing publications after reviewing initial set of publica-
tions. Regarding the second identified threat, we followed a
formal review process as stated above in this section.

Finally, to mitigate the risk of ‘‘delta papers’’, we grouped
all publications based on authors such that all publications
where at least 50% of the authors are the same are clustered
together. Then detailed research contributions are summa-
rized and compared with all other publications within the
same cluster for possible delta papers. Possible delta papers
are discussed among all the authors to come to a final deci-
sion. We found 6 delta papers out of a total of 893 (less
than 1%), over all categories in each facet. Therefore, we
considered this threat to be negligible and delta papers are
not excluded from our study.

III. DATA ANALYSIS
In this section, we present the data analysis of the 893 pub-
lications, based on the research questions defined in Section
II.A. Data can be found in the Zenodo open-access reposi-
tory (https://zenodo.org/record/4433117). Different types of
charts were used for conveniently answering the research
questions:

• Stacked bar charts were used to represent the results per
year, and analyse each of the facets discussed in Section
II.C. They allow: (i) visualizing the most frequent pub-
lications and the frequency of the different categories
within a facet, (ii) visualizing the relative weight of each
facet, and (iii) being aware of the evolution of each facet
category over time.

• Bar charts aim at visualizing the distribution of publica-
tions per venues and year.

• Bubble charts are used to show the relationships between
the different facets and, as such, represent the systematic
map(s) of open data research. These charts are tradi-
tionally used for this purpose because they allow three-
dimensional representation of data, where each bubble
represents the publication frequency with respect to two
specific facets.

A. FACET 1. PUBLICATION VENUES
Figure 2 and Figure 3 show the venues that published most
research related to open data for both journals and confer-
ences, respectively. In Figure 2, we can identify 10 journals
with 4 or more publications on open data, out of the 893 arti-
cles. The Semantic Web journal and the Government Infor-
mation Quarterly journal were the most important journals

TABLE 2. Conference acronym.

FIGURE 2. Journals ordered by number of publications.

for disseminating open data research from a technological
perspective.

In Figure 3 we can identify proceedings of 10 conferences
that most consider open data research. Worthy of note are the
first two venues: DG.O (International Conference on Digital
Government Research) and ICEGOV (Conference on Theory
and Practice of Electronic Governance). Both conferences
aim at considering open data research as multidisciplinary
discipline, with emphasis on a technology point of view.

Figure 4 shows a pie chart representing the distribution of
publications found in the source repositories defined accord-
ing to facet 1 (venue). The scientific repository that con-
tributed the most was the IEEE with 37%, followed by ACM
with 33%. The others together represented 30% of publi-
cations. Remarkably, the first two scientific databases were
those most related to IT, which confirms the relevance of a
technological perspective of open data research.

Regarding the total number of publications contained in
these most important scientific databases, we found out that
IEEE contains more than 3 million papers in the period
2006-2019, while ACM contains just over 1,5 million papers.
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FIGURE 3. Conference proceedings ordered by number of publications.

FIGURE 4. Distribution of publications in scientific databases.

FIGURE 5. Percentages relating to publication impact.

Therefore, the number of papers on open data contained in the
ACM scientific database is more significant than the number
of papers on open data contained in the IEEE scientific
database, as it represents a higher percentage of papers over
the total. Furthermore, the IOS Press has the highest density
of open data papers (i.e., number of open data papers from
each database divided by the total number of papers from each
database).

B. FACET 2. IMPACT
Figure 5 shows the percentages relating to publication impact
according to facet 2 (impact): international publications were
the most frequent with 67%.

FIGURE 6. Percentages per domain.

C. FACET 3. DOMAIN
Figure 6 and Figure 7 show the distribution of publications
according to the domain (facet 3) from 2006 and 2019.
Aggregated values are shown in Figure 6, while Figure 7 pro-
vide results by year. ‘‘Infomediaries’’ were the most relevant
domain with 42,6 % of publications. The other domains
contributed less than 8% each, suggesting that publications
mostly addressed problems from the open data consumers
perspective.

Furthermore, Figure 7 shows that domains of ‘‘trans-
port’’, ‘‘economics’’, ‘‘education’’, ‘‘environment’’, ‘‘cul-
ture’’, ‘‘health’’ and ‘‘geospatial’’ increased significantly in
the same proportion over the past seven years; although there
was no research in these domains from 2006 to 2009. It is
worth noting that number of open data studies on ‘‘innova-
tion’’ domain has increased in the last two years (2018 and
2019).

D. FACET 4. TOPIC
Figure 8 and Figure 9 illustrate the distribution of publica-
tions according to their topic (facet 4) and show how pub-
lications evolved from 2006 to 2019. The ‘‘semantic web’’
topic received most attention (22%), followed by ‘‘software
engineering’’ (19%), and ‘‘government’’ (18%). The lack of
research studies in open data quality (‘‘quality’’ topic) is
surprising,mainly due to importance of having open datawith
enough quality to be properly reused.

Figure 9 shows that publications on ‘‘Entrepreneurship’’
are published from 2011 onwards, showing a positive trend
until 2019. A significant number of publications on ‘‘Soft-
ware engineering’’ are maintained throughout the period,
although in 2015 there is a greater number. Also, the num-
ber of publications on ‘‘Government’’ is relevant during all
period, but publications increased significantly in the last two
years (2018 and 2019). Conversely, publications on ‘‘Seman-
tic Web’’ were more relevant until 2018 but the number of
publications on this topic decreases in 2019. The number
of publications on ‘‘IoT’’ keeps stable since 2014, while
‘‘Intelligent systems’’ and ‘‘Infrastructure’’ topics become
more relevant in the last two years (2018 and 2019).
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FIGURE 7. Distribution of publications according to the domain.

FIGURE 8. Percentages per topic.

E. FACET 5. DATA LIFE-CYCLE CLASSIFICATION
Figure 10 shows the distribution of the publications according
to facet 5. Most studies focused on the ‘‘data exploitation’’
phase (40% of publications). The next phase was ‘‘data explo-
ration’’ (16% of publications). This suggests that publications
seeking to extract value from data and applicable results
multiplied.

FIGURE 9. Distribution of publications per topic from 2006 to 2019.

FIGURE 10. Pie chart representing the distribution of publications
according to data life-cycle from 2006 to 2019.

Figure 11 shows the distribution of publications along time,
according to the phases defined in the life-cycle (facet 5). The
‘‘exploitation’’ phase grew remarkably until 2016. In 2009 it
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FIGURE 11. Distribution of publications according to data life-cycle from
2006 to 2019.

began with two scientific articles and reached a total of 62 in
2019. The ‘‘data harmonization’’, ‘‘data selection’’ and ‘‘data
curation’’ phases had a progression rate of less than 3%. Data
publishing is most and most relevant from 2012 and it is
continuously growing until 2019.

F. FACET 6. TYPE OF RESEARCH
Figure 12 shows the distribution of publications according to
research type (facet 6). We can see that the most frequent type
is ‘‘solution proposal’’ with 55%, accounting for a majority
of publications, followed by ‘‘validation research’’ with 22%,
a much lower percentage but an important one nonetheless.

Figure 13 shows the progress of publications from 2006 to
2019 with respect to facet 6 (type). ‘‘Evaluation’’ papers
tend to grow in recent years, as the field of open data has
established itself. However, the number ‘‘validation’’ papers
are decreasing, while papers on ‘‘solution proposal’’ remain
rather stable. It is worth noting that ‘‘philosophical’’ papers
are not relevant until 2018.

G. COMBINING FACETS. - THE SYSTEMATIC Map(S)
For a complete analysis of the systematic mapping results,
facets were combined. Specifically, we considered four
facets, namely domain, topic, life-cycle, and type of research;
while the remainder facets (publication venues and impact)
were not combined. Publication venues facet is not consid-

FIGURE 12. Percentages per type of research.

FIGURE 13. Distribution of publications according to type.

ered because of its dispersion, i.e., there aremany venues with
only 1 publication, so the bubble chart would not have sense,
and impact facet was not considered because of the concen-
tration, i.e., 70% of publications have an international impact
and then a chart is not relevant. The results are presented in
six bubble charts, each representing different possible facet
combinations.

Figure 14 is the result of combining the domain facet with
the data life-cycle phase facet. Themajority of ‘‘data exploita-
tion’’ publications (130) and ‘‘data exploration’’ publications
(78) were related to the domain of ‘‘infomediaries’’. We also
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observed that publications including a ‘‘data exploitation’’
phase were distributed over almost every domain.

Figure 15 combines the domain facet with the topic facet.
The largest number of ‘‘semantic web’’ publications (87)
were related to the domain of ‘‘infomediaries’’.We also found
that the main domain in ‘‘government’’ publications was
‘‘infomediaries’’ (100). There is also an important number
of publications on ‘‘semantic web’’ topic from the ‘‘culture’’
domain (27). ‘‘Economy’’ domain papers are mostly classi-
fied as ‘‘government’’ or ‘‘entrepreneurship’’ topics (17, and
19 papers respectively). Interestingly, a considerable number
of papers (21) on ‘‘geospatial’’ domain are classified as ‘‘soft-
ware engineering’’ topic. Finally, most of papers on ‘‘trans-
port’’ domain are classified either as ‘‘software engineering’’
(11) or ‘‘IoT’’ (10).

In Figure 16, the domain facet was combined with research
type. ‘‘Solution proposals’’ and ‘‘validation research’’ pub-
lications were distributed over almost all domains. The
greatest amount of publications were classified as ‘‘solution
proposals’’ and were related to the domain of ‘‘infomedi-
aries’’ (212). Publications classified as ‘‘validation research’’
(74) were mainly related to the domain of ‘‘infomediaries’’,
as well.

Figure 17 combines the topic and data life-cycle facets.
The largest number of publications classified as ‘‘software
engineering’’ (95) were related to the ‘‘data exploitation’’
phase, and most publications classified as ‘‘semantic web’’
were related either to the ‘‘data exploitation’’ (57) or ‘‘inter-
linking’’ (62) phase. Regarding ‘‘government’’ topic, most
publications were classified as ‘‘creation’’ (42) or ‘‘exploita-
tion’’ (46). It is surprising that there were few publications
on ‘‘harmonization’’ phase classified as ‘‘government’’. Also,
papers classified as ‘‘visualization’’ topic are mainly focused
on ‘‘exploitation’’ and ‘‘exploration’’ phases. Most papers
classified as ‘‘information retrieval’’ are related to ‘‘creation’’
phase (39). The ‘‘semantic web’’ topic accounted for a total
of 193 publications; ‘‘software engineering’’ for 172, and
‘‘government’’ for 164. In the data life-cycle, the most rele-
vant topics were: ‘‘data exploitation’’ (355 publications) and
‘‘data exploration’’ (143).

Figure 18 combines the topic facet with research type. The
largest number of publications related to the ‘‘semantic web’’
topic, accounting for a total of 124, and regarding ‘‘soft-
ware engineering’’ (111), all were classified as ‘‘solution
proposals’’. Themost frequent type of research was ‘‘solution
proposal’’ with 488.

Figure 19 combines the data life-cycle facet with research
type. The largest number of publications belonged to the
‘‘exploitation’’ phase (194) and they were classified as ‘‘solu-
tion proposal’’. In addition, also a number of publications in
the ‘‘data exploitation’’ phase (96) were classified as ‘‘val-
idation research’’. Most ‘‘opinion papers’’ are classified on
the ‘‘creation phase’’ of the open data life-cycle (35). Eval-
uation papers were mainly focused on ‘‘exploitation’’ (36)
and ‘‘exploration’’ (14) phases. A total of 354 publications
were related to ‘‘exploitation’’, followed by 143 publications

related to ‘‘exploration’’. ‘‘Solution proposals’’ (487) were
predominant.

IV. DISCUSSION
In the previous section, the data analysis objectively
described the number of publications per facet, based on the
applied classification and taking into account evolution over
time. In this section, we discuss the results in order to answer
the research questions and we identify research areas, gaps,
trends and open research topics.

RQ1 What are the publication venues in which open
data research has been published? - The distribution of
publications over the venues is shown in Figure 2 and
Figure 3 for journals and conferences respectively. After
analysing the results, we found that venues revealed two
important communities in open data research: (i) one ded-
icated to Web topics with special emphasis on the Seman-
tic Web (as well as related topics) such as the Semantic
Web journal or the WWW conference, and (ii) another ded-
icated to e-government and its relationship with open data,
i.e., the intersection between information technology and
government publications such as Government Information
Quarterly or conferences such as DG.O. On the other hand,
there were other interesting venues with emerging commu-
nities, e.g. data engineering, information systems or artifi-
cial intelligence. These novel communities will enrich the
open data arena beyond Semantic Web technologies, such as
the integration of open data for Business Intelligence [22].
Therefore, the final remarkable fact is that open data research
spans various research communities, which reflects the mul-
tidisciplinary nature and the variety of challenges involved
in managing open data from a technological perspective.
Consequently, it could be interesting to encourage multidis-
ciplinary research, starting in the intersection of the two most
important communities in open data research, as previously
stated: Semantic Web and E-Government.

RQ2.-What impact have these studies had? - Fig-
ure 5 shows that 67% of the classified publications had
an international impact, followed by 20% of publications
with a national impact, and 7% a national impact. There-
fore, although open data are closely related to public insti-
tutions that have local, regional or national regulations, most
publications had an international applicability. For example,
researchers worked with librarians from the ZBW-Leibniz
Information Centre for Economics and at international library
meetings [23], where several Linked Open Data (LOD)
research topics (such as data integration and schema inte-
gration, distributed data management among others) can not
only be used locally but also internationally. Other exam-
ple is reported in [24], in which data was taken from two
relevant services provided by a regional weather service in
Spain (MeteoGalicia) –the generation of climate reports with
monthly descriptions of climate behaviour and the gener-
ation of meteorological predictions– that became the core
of a framework to generate linguistic descriptions of the
weather. Therefore, the framework could be used by any
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FIGURE 14. Domain & Phase of Data Cycle.

meteorological service in the world. In [25], semantic web
technologies were used to understand the description of enti-
ties associated with the creation andmaintenance of historical
heritage in Bangladesh, but researchers can use this data in
other regions around the globe.

To conclude, based on our analysis, publications on open
data often refer to a specific geographical location pro-
moted by public institutions, but research publications have a
broader scope since they become a reference for other wider
geographical contexts. Consequently, our results point out
that research is performed locally thanks to some interesting
open data local scenarios, but it can be applied worldwide.

RQ3.- What domains have been considered by the
researchers? – From Figure 6, we conclude that there is an
overall clear focus on the ‘‘infomediaries’’ domain (almost
43%). We put forward that most publications rely on this
domain due to the importance of researching how technolo-
gies can be used for open data to benefit society (e.g., research
proposals that solve problems experienced by infomediaries,
facilitating the reuse of data, as well as studies on how to
perform this reuse to get maximum value from data). As a
matter of fact, the Open Educational Resources (OER) move-
ment poses challenges inherent to discovering and reusing
digital educational materials from highly heterogeneous and
distributed digital repositories (we could highlight the work
in [26], where authors presented the specifications of a data

consumer oriented platform for open data, the Data-TAP,
which provides an easy to use and understand interface for
making educational open data friendlier to consumers, in the
line proposed in [27]).

Apart from papers classified as ‘‘infomediaries’’, about
7% of papers were classified as ‘‘culture’’, ‘‘economy’’ and
‘‘geospatial’’, while 5% were classified as ‘‘health’’.

Figure 7 shows that, after increasing sharply in 2012, the
number of papers related to infomediaries remained rather
constant until 2017. However, number of research papers
from ‘‘infomediaries’’ domain strongly decreases in 2018
(from 65 to 25 papers) and its number keep stable in 2019
(30 papers). Interestingly, other domains gain importance in
those years (2018 and 2019), namely, ‘‘journalism’’ ‘‘human-
itarianism’’ and ‘‘innovation’’. Those three domains deserve
to be further addressed by the research community. On one
hand, there are plenty of heterogeneous open data (not only
structured data, but textual or multimedia data) in the human-
itarian domain (such as disaster management data), which
pose some relevant challenges to be solved by research com-
munity working on managing complex data. On the other
hand, data journalism is related to data visualization tech-
nologies which suggests important challenges to be addressed
by research community on UX (user experience), such as
approach for non-expert users to analyse data or propos-
als for user-friendly open data management. Furthermore,
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FIGURE 15. Domain and Topic.

FIGURE 16. Domain and Type.

‘‘innovation’’ is the second most important domain in the
last two years (2018 and 2019) just after ‘‘infomediaries’’

domain since technological advances around open data are
crucial for fostering innovation. According to Figure 14,
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FIGURE 17. Topic and Data Life-Cycle Phase.

life-cycle phases of papers classified as ‘‘innovation’’ are
mainly on ‘‘publication’’, ‘‘selection’’, or ‘‘exploitation’’; so
these phases could be considered as a good starting point for
further research on a more original and effective manner of
using open data for a meaningful impact in society. Impor-
tantly, there appears to be room for additional research on
(i) organizing open data beyond open data portals in order
to facilitate searching and integration; (ii) improving how
open data is using in the artificial intelligence arena; or (iii)
envision how open data innovation may become into a real
business enabler. Due to the relevance of the ‘‘innovation’’
domain in recent years, we have included a specific section
(Section V) for a proper discussion on reviewing open data
innovation projects by considering both open data publication
(e.g., open data portals) and open data consumption (e.g.,
open data as a business enabler).

Other domains (such as transport, economics, education,
environment, culture, health and geospatial) have increased
significantly in the same proportion over the past seven years
(from 2006 to 2009 there was no research in these areas).
This growth could be due to the fact that these domains use
open data to provide solutions and benefits to citizens, i.e.
social challenges that require research on novel technologies
to solve them.

Surprisingly, managing open data for tourism received
little attention from the research community, since very few
papers were classified in the ‘‘tourism’’ domain each year.
We can conclude that considering technologies for better
managing open data in the tourism domain is an open research
issue that need to be furthered considered (e.g. related to the
smart tourism destination concept [21], which considers the
smart city scenario from a touristic point of view).

Figure 14 shows the relationship between the domain and
the life-cycle data phase, with 130 publications that relate
the exploitation of open data to infomediaries, thus reveal-
ing the need to use technologies for supporting open data
to solve real problems in society. Actually, ‘‘exploitation’’
phase is the most important phase for almost each domain:
(i) in the domain of ‘‘culture’’, developments stem from the
policy of opening data from bibliographic sources that are
reused in museum applications; (ii) the ‘‘economy’’ domain
is growing, and this rise is attributed to entrepreneurship use
of data; (iii) the ‘‘geospatial’’ domain has developed because
of growing use in maritime, safety and health applications.
However, there are some exceptions, such as papers classified
as ‘‘science’’ domain that are mainly classified as being in
the ‘‘interlinking’’ phase, due to the great importance of open
science as manner of provide an accessible knowledge that
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FIGURE 18. Topic and Type.

can be shared and developed through collaborative networks
of researchers.

In Figure 16 (bubble chart where domain facet was com-
bined with research type facet), papers on ‘‘solution propos-
als’’ (488 out of 893) and ‘‘validation’’ (195 out of 893) are
distributed over all domains, but clearly mostly applies to
‘‘infomediaries’’.

RQ4.- Which phases in the data publication life-cycle
have been considered in the studies? - Figure 10 shows the
contributions of papers classified by data life-cycle: 40% cor-
responded to ‘‘data exploitation’’, 16% to ‘‘data exploration’’,
and together, these two phases of the life-cycle represented
56%of the published papers. Figure 11 shows that since 2010,
both phases grew, responding to the need to gain insights from
data in real-life applications. This process has been led by
infomediary community requirements regarding data reuse
(which agrees with our previous discussion about the most
important research domain on open data, namely ‘‘infome-
diaries’’). The first phases of the data life-cycle are ‘‘pub-
lication’’, ‘‘creation’’, ‘‘interlinking’’ and ‘‘harmonization’’.
Specifically, figure 10 shows that 13% of papers are dedi-
cated to ‘‘data creation’’ and 7% to ‘‘data publication’’. This
contrasts with 40% of papers related to ‘‘data exploitation’’,
16% to ‘‘data exploration’’ and 13% to ‘‘data interlinking’’.
This leads us to conclude that more effort is required in
the research community on data life-cycle phases relating to

how data is published. To date, published data are not yet of
sufficient quality as they are being published and exploited
without going through life-cycles that can add quality. Fur-
ther research on ‘‘data curation’’ for improving open data
quality is thus required. Therefore, the ‘‘data publication’’
phase of the life-cycle needs to be emphasised in open data
research. Research covering all the data life-cycle phases
proposed by [1] is highly relevant, because a preparation
process prior to publication guarantees better reuse.

Phases related to data publication are crucial due to
the inherent technical complex nature of data publication
together with the rapid process of data digitization, which
lead to problems of format standardization and connections
to heterogeneous data sources [29]–[32]. Those contributions
are important for understanding that it is necessary to work all
stages proposed in the data life-cycle with special emphasis
on the phases that prepare the data for publication. In this
sense, proposals exist to improve publication time using
methodologies based on automated procedures to prepare
the data for publication [28]. However, also worthy of note,
research on open data focused mainly on ‘‘exploitation’’ and
‘‘exploration’’ (i.e., on the life-cycle phases directly related
to data consumption).

Importantly, our results show that ‘‘data interlinking’’ rep-
resented 13% of all reviewed documents, with special empha-
sis on papers classified as ‘‘science’’ (as we explained above
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FIGURE 19. Data Life-Cycle and Research Type.

in RQ3). This data phase has grown steadily over time due
to the rise of the semantic web as a means of producing
those processes required for a powerful publication of open
data. Finally, ‘‘data harmonization’’, ‘‘data selection’’ and
‘‘data curation’’ phases had a development rate of less than
3%, while ‘‘data discovery’’ and ‘‘data publishing’’ grew at a
slower rate.

Figure 19 shows the data lifecycle phases according to
type of publication. The majority of papers (194) refers to
‘‘solution proposals’’ within the ‘‘data exploitation’’ phase,
confirming that the research community is focusing on pre-
senting solutions for reusing data.

RQ5.- What types of research are performed? - Figure
12 shows that 55% of the research papers consisted in ‘‘solu-
tion proposals’’, followed by ‘‘validation research’’ with
22%, ‘‘opinion papers’’ with 10%, ‘‘evaluation research’’
with 8%. Less frequent types of research were ‘‘experience
paper’’ with 1%. Regarding, the progress of publications from
2006 to 2019, number of ‘‘philosophical’’ papers burst in
2018.

Figure 18 relates the research topic to the research type.
Once the data was analysed, a large number of publica-
tions was classified as ‘‘solution proposal’’ and ‘‘validation
research’’. Many solution proposals were oriented towards
the ‘‘semantic web’’ topic (124), responding to the need to
relate open data to create more efficient applications that

integrate data from a disparate of interlinked sources. The
proposed solutions originated in response of infomediaries
requirements, i.e. ‘‘infomediaries’’ domain (212) as shown
in Figure 16. The infomediaries provided solutions based on
open data but according to our mapping, attention is increas-
ingly paying on data quality. According to [28], open data
quality is one of the main threats to reach the objectives of
the open data movement.

Very few papers were registered as opinion papers or philo-
sophical papers as efforts are being directed towards practical
solutions aimed at being validated and evaluated. An example
of open data evaluation is the proposal of analysis of clinical
trial reports, where research evaluation plays an important
role before the solution is widely adopted [33]. Another
example of a semantic web solution proposal is that of a uni-
fied framework for converting open legacy data into graphical
images and into a machine-readable and reusable format
using crowdsourcing [34] to allow elder people to access open
data. Meanwhile, [35] has addressed the information needs
of people with mobility impairments relating to walking dis-
tances and the existence of ramps, steps, seats, etc.

These examples allow us to understand that solution pro-
posals are important and closely related to the development of
the open data concept. Furthermore, the amount of evaluation
and validation papers increased as from 2010, which shows
the open data research community has reached a certain

VOLUME 9, 2021 12983



R. Enríquez-Reyes et al.: Systematic Mapping of Open Data Studies: Classification and Trends From a Technological Perspective

stage of maturity. Nevertheless, it would be desirable that
researchers put the same effort into conducting evaluations
and validations to support these solution proposals. There-
fore, research publications that not only describe solution
proposals related to open data, but conduct evaluation and
validation experiments, are still highly encouraged. A larger
number of publications on evaluation and validation would
entail that the research artifacts produced by open data
researchers become mature enough faster for potential trans-
fer to the industrial field.

RQ6.- What topics were addressed by research? -
Figure 8 shows that papers about ‘‘semantic web’’ topic
accounts for 24% of the research. The second most popular
topic is ‘‘software engineering’’ with 22% followed by ‘‘gov-
ernment’’ with 16%. Significantly, the topic of ‘‘information
retrieval’’ accounted for 8%. while ‘‘Internet of Things’’
represents 8% of the publications.

Figure 15 relates domain and topic. Topics on ‘‘semantic
web’’ (87), ‘‘government’’ (100) and ‘‘software engineering’’
(62) accounted together for 28% of total publications. The
remarkable development of ‘‘semantic web’’ and ‘‘soft-
ware engineering’’ publications is based on the tendency to
exploit and explore data, in different domains discussed in
the research question 3 (RQ3) explained above. The large
number of publications relating to ‘‘government’’ reveals
the need for a legal framework with policies and regula-
tions to manage open data but from a technological per-
spective. Therefore, multidisciplinary research on legal and
technological open data issues is much needed to establish
policies that facilitate the development of open data and
generate secure and reliable technological services using
open data.

‘‘Semantic web’’ is a crucial research topic for open data
due to the need for data schemas to exchange data. This pro-
cess enables to automatically generate information to develop
applications and facilitate platforms for example in the areas
of health [37], or the visualization of environmental issues,
mapping of utility management, evaluation of political lob-
bying, social benefits, closing the digital divide, biology and
others [38].

The development of ‘‘software engineering’’ research
applied to various areas is notable in applications for using
open data in teaching or development of APIs for tourism
applications [39], analysis of data generated by smartphones,
open data collection to present useful information to citizens
for public events [40], [41], [21], [42]–[44].

‘‘Software engineering’’ accounted for 172 articles and it
was the second most frequent topic. This can be explained by
users’ need to reuse data. The biggest number of contributions
was in 2015, with 18% of the total. However, this result con-
trasts with the development of entrepreneurial projects, since
software applications were aimed to reuse services, but not
entrepreneurship. We must remember that entrepreneurship
does not necessarily rely on research, which also may explain
why there were few scientific studies on entrepreneurship and
open data. However, we deeply believe that it is a research gap

to study how technologies can be used to encourage open data
for ‘‘entrepreneurship’’ topic.

Finally, research and development on the topic of ‘‘secu-
rity’’ has been limited despite the fact that the topic is relevant
from the open data viewpoint. The ‘‘IoT’’ topic grew steadily
until 2019, responding to the development of smart cities and
sensors.

V. BEYOND SYSTEMATIC MAPPING: OPEN DATA
INNOVATION PROJECTS
In addition to a quantitative analysis of the research regarding
open data over the last years, presented in the previous sec-
tions, we now go beyond the systematic mapping study and
present a review of open data innovation projects. We focus
on two phases of the data life-cycle: publication (e.g., open
data portals) and consumption (e.g., open data as business
enabler) of open data.

A. OPEN DATA PORTALS AND DATASET SEARCH
The first critical step of the data life-cycle when considering
external agents that may consume the data is its publishing.
Typically, this is done by setting up an open data portal
(ODP), where the particular administrative division, or pub-
lic organization that produces or collects the data makes it
accessible to the public [45], proposes a classification of
ODPs according to the number of functionalities they pro-
vide, ordered by the amount of effort to set them up that is
required.

• A ‘‘dataset registry’’, a simple list of links towards
datasets, not necessarily hosted in the portal. A registry
answers the question ‘‘Who has which (open) dataset
and where can I find it?’’

• A ‘‘metadata provider’’, a dataset registry that also holds
metadata about datasets, e.g., licensing, spatio-temporal
context, update frequency.

• A ‘‘Co-creation platform’’, is a metadata provider that
includes tools of participation for citizens and data con-
sumers to actuate on datasets: generate ideas, raising
issues, contribute with re-use examples, and/or partici-
pate in discussions.

• A ‘‘Data publishing platform’’, a Co-creation platform
that enables multiple data providers to publish their own
datasets. It also supports the interlinking phase among
the hosted datasets

• A ‘‘Common data hub’’, a data publishing platform that
also supports the implementation of further phases of the
data life-cycle, enabling data publishers to implement
their own data cycles.

Open source and commercial software systems like
CKAN, Socrata, and OpenDataSoft enable open data
providers to easily set up a portal between levels 3 and 4.
To provide a unified view that facilitates search at national
and supranational levels from regional and local portals,
meta-portals crawl and index datasets into a central loca-
tion where further interlinking can also be performed. An
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example formalization of such a model is the MODA (Mid-
dleware for Open Data) framework, described in [46]. Many
national level portals proceed this way, aggregating data from
regional portals and from government agencies. The Euro-
peana project [47], provides a single access point to mil-
lions of books, paintings, films, museum objects and archival
records that have been digitized throughout Europe. The
European Data Portal harvests the metadata of Public Sector
Information available on public data portals across European
countries. Information regarding the provision of data and the
benefits of re-using data is also included.

Once datasets are published, the next step facing the user is
to provide an appropriate search functionality. Dataset search
is a relatively new field of research that lies in the intersec-
tion of information retrieval, databases, semantic web, and
enterprise data management. The first effort was the Inter-
national Open Government Dataset Search [48], a faceted
browsing interface for searching over more than one million
open government datasets from around the world. Challenges
for Dataset Search were first outlined in [49] in the context
of scientific data, proposing a Crawl-Read-Extract process
similar to document search engines.More recently, there have
been efforts in understanding the subtleties of dataset search
from a user perspective, either by interviewing practitioners
[50] or by analyzing query logs and data requests [51]. Cur-
rent research is focusing on using these insights to develop
machine learning models for ranking datasets in a portal
according to a query [52], [53].

Dataset search [54], including but not limited to open
datasets, has been recently identified as a research field on its
own on its own right, that broadly encompasses frameworks,
methods and tools that help match a user data need against
a collection of datasets, recognizing datasets as interesting
entities to themselves with some properties shared with doc-
uments, tuples and webpages, and some unique to them. The
development of benchmarks for evaluating dataset search
algorithms has been identified as the most immediate open
research problem.

B. OPEN DATA INNOVATION AS BUSINESS ENABLER
Open Data has been proven as a great tool for increasing
transparency and empower citizens, moreover, several works
have identified the potential of open data as a catalyzer for
innovation, therefore, enabling the creation of value and ser-
vices that ultimately benefit citizens. In the context of Open
Government Data (OGD), the work of [55] identifies 4 mech-
anisms for mixed social-economic value generation: Trans-
parency (that improves visibility), participation (engagement
with all stakeholders), efficiency (cost and time reduction)
and innovation (generation of new ideas), highlighting data
openness as an enabler of both the generation and appropria-
tion of value. [53] surveyed 138 Swedish IT-entrepreneurs,
finding that access to public open data is considered very
important for many of them; 43% find open data essential
for the realization of their business plan and 82% claim
that access would support and strengthen the business plan.

Entrepreneurs also showed interest in, and willingness to
pay for, public sector information data to support or test
other business models. Reference [56] analyzed data from
500 US-based firms that use open government data in their
business model and proposed a taxonomy of business model
archetypes: Enablers of collection, management, and disclo-
sure of public data; Facilitators that support or accelerate
the access and exchange of data between the supply side
and the demand-side; and Integrators, that make use of open
government data by combining it with internal data or other
types of proprietary data in order to augment its business
capabilities. On the other hand, [57] identifies as a perceived
blocker the lack of competitive advantage, as open data is
accessible to everyone (including competitors), their study
suggests that the generation of competitive advantage with
open data requires a company to have in-house capabilities
and resources for open data use.

Concerning innovation activities, two recent EU-funded
innovation actions looked at how to unleash the potential of
Open Data as a business enabler, by providing SMEs with
the capabilities needed to process open data, plus general
business support, inline with the recommendations in [58].
We briefly describe below how they worked and their results.

The Future INternet and Open Data EXpansion (FIN-
ODEX) ran from mid 2014 to 2016. It was aimed at the
promotion and support of innovative ICT services re-using
open data, using as technical anchor the FI-WARE platform.
Two open calls were organized for SMEs to submit their
product and service ideas. Selected SMEswere provided with
funding, support, tailored training, networking opportunities,
and connection with investors. The time and funding of the
SMEs inside the incubator was dictated using a ‘‘funnel’’
approach. Initially, all SMEs received a certain amount of
funding to deliver an initial milestone, that is evaluated to
decide which SMEs proceed to the next phase, where they
received a further amount of funding against a new mile-
stone, and so on up to 4 milestones have been achieved. The
highest amounts of direct funding: e170.000, e135.000 and
e115.000, was assigned to the first, second and third project
on both rounds of acceleration.

The Open Data Incubator for Europe (ODINE) ran from
mid 2015 to mid 2017, aimed at incubating business ideas
centered around open data. Compared to FINODEX, it did
not use the funnel approach to incubation, but a flat 6 months
incubation period for all selected companies, that where
selected in a rolling open call of 8 iterations and did not
force SMEs to use the FIWARE stack, and with a max-
imum funding of e100.000 per SME. ODINE incubated
57 companies that created 278 new jobs created and e23.7M
on sum of sales and investments. ODINE’s impact on the
growth perspectives of the funded companies was relevant,
resulting in an estimated e110 M of cumulative revenues in
the period 2016-2020, plus 784 jobs created. An indepen-
dent impact assessment study on ODINE prepared by IDC
[59] found that most funded companies where young, and
played the role of ‘‘experimenters’’, that is, combining several
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open data sources to improve their product and services. The
assessment also observed a positive correlation between the
level or maturity at country level of the Open Data market and
the number of ODINE successful applicants by country, sug-
gesting that a rich open data environment provides favorable
conditions for innovators in this field.

VI. CONCLUSION
A systematic mapping study was carried out in this paper in
order to assemble, classify, and analyse all research on open
data from a technological perspective performed between
2006 and 2019 (both inclusive) by the scientific community
with the aim of: (i) providing a consolidated overview of
the research field, and (ii) identifying, among others, well-
established topics, trends, and open research issues. Our study
revealed several interesting facts:

• Most research on open data from a technical perspective
came from the IEEE and ACM scientific repositories.

• The number of papers on open data published before
2009was not significant. Incidentally, it was in 2009 that
the United States established an Open Government
directive under the Obama administration.

• Publications from 2006 to 2009 were incipient (in fact
there were no publications on open data in 2007).

• The ‘‘sematic web’’, ‘‘software engineering’’ and ‘‘gov-
ernment’’ were some of the most important topics
addressed in the research. We believe this is to (i)
Semantic Web technologies are intrinsically related
to open data reusability, (ii) software development is
required to solve technical problems relating to data
openness, and (iii) legislation and standardization is
needed for society to more profusely use open data.

• The topics of ‘‘Internet of Things’’ and ‘‘quality’’ are not
yet strongly developed, but given current technological
evolutions, these topics may become highly significant
in the near future with the implementation of smart cities
and the importance of sufficient data quality to support
informed decision-making.

• ‘‘Infomediaries’’ was the most developed domain in
the publications. The other domains represented under
8% each; this suggests that publications were directed
especially to information channels. Nevertheless the
‘‘geospatial’’, ‘‘health’’, and ‘‘culture’’ domains proved
to be an ongoing object of research and these studies
continue to grow.

• When analysing the phases, ‘‘exploitation’’ and
‘‘exploration’’ were the most frequent, showing the
community’s need for practical applications of open
data. Surprisingly, phases relating to data publication
were underrepresented. These phases have received
insufficient attention and should be researched further
in the future.

• In the same way, the ‘‘solution proposal’’ and ‘‘valida-
tion research’’ types were the most frequent, showing
that the field is reaching maturity.

• Concerning impact, international publications were
the most frequent because software developments and
semantic web publications are internationally applicable
and accepted.

• In addition to the analysis provided by our systematic
mapping study, and due to the fact that ‘‘innovation’’
is one of the most relevant domains in the last two
years (2018 and 2019), a survey of research insights
regarding open data innovation projects was performed,
with special emphasis on publication (e.g., open data
portals) and consumption (e.g., open data as business
enabler) of open data.

• In 2019, research interest in open data from a tech-
nological perspective overall decreased. This fact may
indicate that research is stabilizing, since the open data
research hype is somewhat over. This could be related to
the Gartner Hype Curve, thus indicating that open data
research will reach maturity, e.g. the amount and quality
of research performed can be considered to be consol-
idating as the number of solutions proposed (research
contribution type) decreased in 2019, while at the same
time, more validation and evaluation studies are being
conducted.

Finally, we hereby encourage the open data research com-
munity to address the under-researched topics and fill the
gaps in open data research from a technological perspective
emphasising the need to create multidisciplinary research
teams.
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