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Big and open linked data analytics ecosystem: Theoretical background and
essential elements

Martin Lnénic¢ka and Jitka Komarkova

Abstract: Big and open linked data are often mentioned together because storing, processing,
and publishing large amounts of these data play an increasingly important role in today’s so-
ciety. However, although this topic is described from the political, economic, and social points
of view, a technical dimension, which is represented by big data analytics, is insufficient. The
aim of this review article was to provide a theoretical background of big and open linked data
analytics ecosystem and its essential elements. First, the key terms were introduced including
related dimensions. Then, the key lifecycle phases were defined and involved stakeholders were
identified. Finally, a conceptual framework was proposed. In contrast to previous research, the
new ecosystem is formed by interactions of stakeholders in the following dimensions and their
sub-dimensions: transparency, engagement, legal, technical, social, and economic. These re-
lationships are characterized by the most important requisites and public policy choices affect-
ing the data analytics ecosystem together with the key phases and activities of the data analytics
lifecycle. The findings should contribute to relevant initiatives, strategies, and policies and their
effective implementation.

Key words: big and open linked data; ecosystem approach; dimensions; data analytics lifecy-
cle; stakeholders; conceptual framework

1 Introduction

The efforts of governments to be more transparent and responsive to citizens’ demands have
been increasing in the last few years (Attard et al., 2015; Ruijer et al., 2017). In response to this
emerging pressure, the term citizen engagement has undergone a major transformation from a
passive consumer to an active prosumer (Millette and Hosein, 2016; Susha et al., 2015). This
term underpins participation, collaboration, and cooperation in policy-making and governance
through Information and Communication Technologies (ICT) and various communication and
delivery channels for open and linked data (Lnénicka et al., 2016). At the same time, due to the
rapid pace of technological change, the amount of digital data available is growing fast and
these big data are inevitably evolved into a Big and Open Linked Data (BOLD) concept
(Dwivedi et al., 2017; Janssen and Kuk, 2016; Matheus and Janssen, 2015; Saxena, 2017).

Taking a closer view on each of these terms, big data are characterised by their volume (large
amounts of data available), variety (different types of data occurring in datasets), and velocity
(speed at which data are generated), together with the availability of new platforms, tools and
techniques to process data (de Mauro et al., 2015; Lake and Drake, 2014; Tsai et al., 2015).
Open data are represented by their free availability and accessibility with no legal restrictions
imposed on their reuse (Janssen et al., 2012). Linked data are driven by the effort to interlink
all the available datasets into a single space of global data-centric economy in which involved
stakeholders can reuse datasets and create value from them. Data analytics is then a means to
strengthen the data-centric economy. However, research integrating these concepts together has
only recently begun to emerge and need to be explored (Bertot et al., 2014; Janssen and Kuk,
2016; Matheus and Janssen, 2015; Saxena, 2017; Weerakkody et al., 2017).

In a well-functioning democratic society, citizens need to be informed and have access to in-
formation on government policies and progress (World Wide Web Foundation, 2015). Accord-
ing to Weerakkody et al. (2017), public agencies and institutions are becoming increasingly



transparent with their data to establish the whole new paradigm of big open data. Hardy and
Maurushat (2017) argued that a major purpose of releasing these data is to drive innovation
through big data analytics. Therefore, in light of recent events in open government movement
that are intended to increase transparency through big data analytics, it is becoming difficult to
ignore the existence of a variety of emerging analytics practices and various forms of analytical
platforms, tools, and services. Those may offer a wide range of benefits to cover the whole
lifecycle of public data and help the related efforts of governments to success (Janssen and Kuk,
2016; Khan et al., 2017; Lnénicka and Komarkova, 2015; Peng et al., 2016; Vossen, 2014).
Along similar lines, Millette and Hosein (2016) state that: “In the age of big data processing,
the power of the open data resource has yet to be fully harnessed to the betterment of human-
kind.”

The basic idea behind BOLD analytics is that open datasets can be of any size. Many of them
consist of big datasets that are extremely large and/or complex, offering the possibilities of
identifying previously impossible levels of insights, granularity of analysis, and relationships
between elements in the dataset as linked data (Attard et al., 2016; Bertot et al., 2014; Janssen
and Kuk, 2016; Machova and Lnénicka, 2017). Dwivedi et al. (2017) stated that the BOLD
concept is a fledgling and rapidly evolving field that creates new opportunities for innovation.
It is defined by Janssen and Kuk (2016) as “the integration of diverse data, without predefined
restrictions or conditions of use, to create new insights.” As noted by Bertot et al. (2014) and
Janssen and van den Hoven (2015), BOLD results in new opportunities and have the potential
to transform e-government services and the interaction between governments, citizens, and the
business sector. The open data movement is foundational for BOLD to succeed, as it ensures
publicly accessible datasets through analytics processes (Janssen and Kuk, 2016). Kalampokis
et al. (2013) claimed that the real value of BOLD will unveil from performing data analytics on
top of combined datasets that were previously closed in disparate sources and can be linked to
provide unexplored insights. The value arises from the ability to work with these data to develop
actionable information (Kaisler et al., 2013; Zuiderwijk et al., 2014, Khan et al., 2017).

On the other hand, Bertot and Choi (2013) reported that there is a need for a BOLD governance
model to more fully address the policies and practices surrounding these data. According to
Kaisler et al. (2013), it is important to design appropriate systems to handle these data effec-
tively and analyse them to extract relevant meaning for decision-making. In addition, the de-
mand for quicker and high-quality decisions based on these data requires: (1) new forms of
participation to obtain data from various sources, (2) new ways to process data, including algo-
rithms that are capable of dealing with the vast amount of data, and (3) redesigned processes to
include more people in the interpretation of results (Hochtl et al., 2016). As a result, BOLD
analytics as a concept is wider due to the emphasis on related ICT, knowledge, usage skills, and
technical requirements (Sayogo et al., 2014; Lnénicka and Komarkova, 2015). In this regard,
Saxena (2017) presented a trajectory for BOLD wherein progressive stages for BOLD and their
elements have been identified.

However, most authors make no attempt to differentiate between different phases and activities
of the BOLD analytics lifecycle, requirements, and responsibilities of involved stakeholders, or
dimensions that are affected by these data. There is also lacking any connection between these
elements within an ecosystem and its perspective in the public sector context.

Regarding these shortcomings, an ecosystem approach was applied to identify these elements.
The use of this approach should ensure that the public agencies and institutions will fulfil their
tasks with quality, efficiency, and stakeholders’ satisfaction, as required by initiatives of open
government movement (Bogdanovi¢-Dini¢ et al., 2014; Dawes et al., 2016; Heimstadt et al.,
2014; Martin et al., 2017; Reggi and Dawes, 2016; Zuiderwijk et al., 2014). More precisely,



Dawes et al. (2016) emphasized this approach due to its “emphasis on an evolving, self-organ-
izing system of feedback and adjustment among actors and processes”. Therefore, in contrast
to previous research papers and review articles, the concept of the BOLD analytics ecosystem
has never been formally proposed or clearly delineated in such a way as to take into account all
the essential elements. The ecosystem perspective also provided a framework within which
most other aspects represented by big/open/linked data can be incorporated.

This article is structured as follows. This introduction is followed by Section 2 explaining the
research methodology. Subsequently, background and the key concepts of this article are de-
fined in Section 3. The following Section 4 provides essential elements of the BOLD analytics
ecosystem, including dimensions, lifecycle, stakeholders, and analytics framework. Discussion
and limitations are presented afterwards in Section 5. Finally, conclusions are made in Section
6 by addressing the contributions of the article and issues for further research are outlined.

2 Research Methodology

A research methodology in this article has been developed in order to provide a theoretical
background and essential elements of BOLD analytics. In this regard, it aims to answer the
following research questions: (1) Which elements of BOLD analytics are found in the litera-
ture? (2) How these elements shape the ecosystem of existing concepts and their relationships?
(3) How are these elements and their relationships represented in a conceptual framework and
to what extent is it reinforcing of existing frameworks?

For this purpose, three concepts of current data analytics perspectives were used as a lens,
namely big, open, and linked data. Since it is now becoming more than obvious that data open-
ness is complementary to the shift to big data solutions and the need to link the data from dif-
ferent sources, we are convinced that these perspectives should be merged together to reflect
new requirements on the data analytics ecosystem. By reshaping and forming the BOLD ana-
Iytics ecosystem, we are able to provide a new point of view on data processing and manage-
ment regarding the use of BOLD in the public sector context.

In order to gather background for reshaping and validating the BOLD analytics ecosystem, a
comprehensive literature review was conducted to identify research papers and review articles
relevant to this topic. It looked for elements and factors affecting each of data analytics per-
spective in relevant papers published in related journals and conferences during the last decade.
From the comprehensive literature review, we are able to identify dimensions of the BOLD
analytics ecosystem, BOLD analytics lifecycle phases, stakeholders in the BOLD analytics eco-
system, and define BOLD analytics framework. Our aim was to look for elements that are char-
acteristic for BOLD and at the same time are missing in the existing frameworks.

The comprehensive literature review was done by following the approach proposed by Levy
and Ellis (2006). The following steps were followed: a) a systematic collection of input papers
for the review; b) a systematic processing of relevant papers; ¢) a systematic synthesis of out-
puts. The following electronic databases were searched during the collection of input papers:
Web of Science and Scopus. Although we considered other electronic databases to be used for
this systematic review, we decided against including it, since their content is available through
the listed electronic libraries, thus making the use of these databases redundant. Input papers
were searched within the time period 2003 — 2018. Both reviewed journals (including articles
in press) and conference proceedings were included. Combinations of the following key words
were used for search: big data analytics, open linked data analytics, open data analytics, ele-
ments, dimensions, lifecycle, stakeholders, ecosystem, and framework.



The precise list of combinations is presented in Table 1. It resulted in 2 167 candidate papers
and articles. There were many overlapping papers and articles included as a result of searches
by different key words and by different search engines. Table 1 shows the total numbers in-
cluding duplicate contributions. Mendeley was used to manage the literature review process. It
allowed authors to exclude duplicate contributions. Next, the candidate contributions were re-
viewed by the authors according to the title and key words to exclude not relevant contributions.
The term “framework” resulted in the highest number of not relevant papers. It should be also
noted that although big data analytics is the most dominant concept in this field, more than one-
third of the relevant papers contain both or all three data analytics perspectives. Most of them
were published after 2015. Then, the exclusion and inclusion criteria were applied in order to
reduce the bias in the results. The following criteria were used:

1. We considered the papers with title, abstract, and key words in English.

2. Papers that were not accessible online were excluded.

3. Only papers of at least three pages were taken into account.

4. We included papers that regarded elements of one or more data analytics perspectives
as their main focus.

5. The papers that described only case studies with no implications for the public sector
were excluded.

These papers were analysed according to the title, abstract and key words. From the remaining
173 papers, those relating to our research questions were selected. Then, global reports pub-
lished by international organizations such as United Nations were added to the list of papers to
understand global trends. Finally, we arrived at a selection of 84 papers. These papers were
decomposed and the main elements were identified through the systematic synthesis. All ele-
ments were grouped and classified regarding their most common characteristics to understand
better the overall picture of the BOLD analytics ecosystem. In the final stage, the conceptual
framework was proposed including relationships between elements.

Table 1: Results of the systematic search

Web of Science Scopus
Key words combinations proceed- . proceed- . book
ings journals " journals chapters
“big data analytics” AND elements 26 32 47 33 4
“big data analytics” AND dimensions 47 43 65 48 6
“big data analytics” AND lifecycle 10 14 16 20 2
“big data analytics” AND stakeholders 20 18 26 29 2
“big data analytics” AND ecosystem 44 24 66 33 8
“big data analytics” AND framework 370 221 512 296 47
open linked “data analytics” AND elements 2 1 0 0 0
open linked “data analytics” AND dimensions 1 0 2 0 0
open linked “data analytics” AND lifecycle 2 0 4 1 0
open linked “data analytics” AND stakeholders 0 1 1 1 0
open linked “data analytics” AND ecosystem 1 0 0 1 0
open linked “data analytics” AND framework 8 1 8 1 0
“open data analytics” AND elements 0 0 0 0 0
“open data analytics” AND dimensions 0 0 0 0 0
“open data analytics” AND lifecycle 0 0 0 0 0
“open data analytics” AND stakeholders 0 0 0 0 0
“open data analytics” AND ecosystem 0 0 0 0 0



“open data analytics” AND framework 1 0 0 1 0
Sum 532 355 747 464 69

Table 2 shows cited top 10 journals from Web of Science (all Q1 or Q2), top 3 journals from
Scopus, and top conferences, including a number of papers.

Table 2: Top cited journals and conferences

Journals Impact Factor  Number
Government Information Quarterly 4.009 8
Information Systems Frontiers 3.232 2
Journal of Strategic Information Systems 4313 1
Information Processing & Management 3.444 1
Computers & Industrial Engineering 3.195 1
Journal of Biomedical Informatics 2.882 1
Safety Science 2.835 1
VLDB Journal 2.689 1
IEEE Intelligent Systems 2.596 1
Mobile Networks and Applications 2.497 1
Information Polity Scopus: 2.17 3
Journal of Big Data Scopus: 8.51 2
Transforming Government: People, Process and Policy Scopus: 2.39 1
Conferences Indexed in Number
Hawaii International Conference on System Sciences Web of Science 4
IFIP WG 8.5 International Conference: EGOV Web of Science 3
International Conference on Digital Government Research Scopus 1
International Conference on Electronic Government and the

Scopus 1

Information Systems Perspective, EGOVIS

Table 3 shows the structure of papers from these journals according to particular categories of
journals. Papers are not summarized because several journals cover more categories.

Table 3: The structure of the categories of the top cited journals

Category Web of Science Scopus
Computer Science: Artificial Intelligence 1

Computer Science: Computer Science Applications 1
Computer Science: Hardware & Architecture
Computer Science: Information Systems
Computer Science: Interdisciplinary Applications
Computer Science: Theory & Methods

Decision Sciences: Information Systems and Management 3
Engineering: Electrical & Electronic

Engineering: Industrial 3

Information Science & Library Science 10

Management 1

Operations Research & Management Science 1

Social Sciences: Communication 3
Social Sciences: Public Administration
Social Sciences: Sociology and Political Science 3
Telecommunications 1

N W o DN
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3 Background and Concepts

In addressing the literature review and background, three concepts of current data analytics
perspectives that are associated with this article were examined. First, each perspective was
defined in its own section. Then, a data analytics concept was introduced as an umbrella term
for them.

3.1 BigData

At present, although the importance of big data has been generally recognized, people still have
different opinions on the definition of this term (Chen et al., 2014; Gandomi and Haider, 2015;
Tsai et al., 2015). As reported by Gandomi and Haider (2015) and Klievink et al. (2017), it is
mostly due to fast advances in technology, exactly what can be considered big data is always
changing, making it hard to express in specific and measurable terms. Thus, definitions of big
data also depend upon the industry. In general, big data represent the datasets that could not be
perceived, acquired, managed, and processed by traditional ICT and software/hardware tools
within a tolerable time (Chen et al., 2014). The rise of big data is enabled by recent increases
storage and processing capacity as well as increases in the number of devices collecting and
sharing data. Moreover, big data span a range of data types such as text, numeric, image, video,
or combinations thereof, and they can cross multiple data platforms (Bertot and Choi, 2013;
Gandomi and Haider, 2015). Finally, although the technology perspective, of big data is the
most important, other perspectives such as business, social, and environmental have to be taken
into account while discussing big data (Lake and Drake, 2014).

The result of an extensive literature review on big data definitions by de Mauro et al. (2015)
concluded that a consensual definition of big data would be: “Big data represent the information
assets characterized by such a high volume, velocity, and variety to require specific technology
and analytical methods for their transformation into value.” In addition to these 3V’s (volume,
velocity, variety), big data are often defined through their variability, veracity, and value (Lake
and Drake, 2014). Also important is the fact that these dimensions are not independent of each
other. As stated by Gandomi and Haider (2015), if one dimension changes, the likelihood in-
creases that another dimension will also change as a result. As summarized by Klievink et al.
(2017), big data are characterized by: use and combining of multiple, large datasets, from var-
ious sources, external and internal to the organization; use of incoming data streams in real-
time or near real-time; development and application of advanced analytics and algorithms, dis-
tributed computing and/or advanced technology to handle very large and complex computing
tasks; innovative use of existing datasets and/or data sources for new and different platforms,
tools, and services. Therefore, big data analytics requires unique platforms, tools, and services
that reduce time and can offer distributed and scalable solutions, such as those included in the
Apache Hadoop ecosystem (Lnénicka and Komarkova, 2015; Vossen, 2014).

3.2 Open Data

Open data are based on the idea that certain kinds of data should exist beyond the limits of
copyright, patents, or censorship (Janssen et al., 2012). Countries committed to open govern-
ment and open data believe that openness will, among other things, promote transparency, fight
corruption, energize civic engagement, and facilitate the creation of new services that deliver
social and commercial value (Attard et al., 2015; Ruijer et al., 2017; Sayogo et al., 2014). Data
are considered open when they are freely available and shareable online to reuse, republish, and
transform them into new structures, without charge (World Wide Web Foundation, 2015). It is
important to note the distinction between public data and open data. While public data are made
freely available to the general public, they are not necessarily open. Open data have a particular



license of use and distribution (Attard et al., 2015). However, before transparency or any of the
other effects can happen, public data have to be disclosed in the first place (Barry and Bannister,
2014).

Although there are many different sources of open data, government data are particularly im-
portant because of their scale, breadth, and status as the main source of public sector information
on a wide range of subjects (Kucera et al, 2013; Van der Waal et al., 2014). These are a subset
of open data, and are simply government-related data that are made open to the public (Attard
et al., 2015). Since governments collect big data from multiple sources (United Nations, 2016),
the more government data that is available as open data, the greater the opportunities are for the
stakeholders to reuse them (Hardy and Maurushat, 2017). On the other hand, not all government
data can be published as open data. For example access to some datasets is restricted for national
security or privacy reasons and thus it cannot be made publicly available for reuse (Dwivedi et
al., 2017; Kucera et al., 2013).

A more specific definition was given by Geiger and von Lucke (2012) asserting that open gov-
ernment data are “all stored data of the public sector which could be made accessible by gov-
ernment in a public interest without any restrictions for usage and distribution.” Janssen et al.
(2012) then added the aspect of funding sources and define them as “non-privacy-restricted and
non-confidential data which are produced with public money and are made available without
any restrictions on its usage or distribution.” Sayogo et al. (2014) conceptualized the definition
of open government data loosely to indicate open publication of data collected and stored by
government agencies, which is consented by laws to be made accessible to the general public
through a single data portal. Open data help to reduce the time and money that stakeholders
need to invest to understand what government is doing and to hold it to account. Moreover,
comparing and combining data from different sources become faster and easier, even across
national boundaries. This enhances the ability of stakeholders to find solutions to complex de-
velopment problems and create new products and services from these data (Janssen et al., 2012;
Jetzek et al., 2014; Kucera and Chlapek, 2014; World Wide Web Foundation, 2015). A sum-
marization of the basic principles that permeate the open government idea can be found, e.g.,
in Veljkovi¢ et al. (2014). These are important since they distinguish between transparency and
engagement dimensions.

3.3 Linked Data

Linked data and semantic web technologies have the potential for solving many challenges in
open government data, as well as possibly lowering the costs and complexity of developing
government data-based applications (Attard et al., 2016). Linked data are mostly taken together
with open data as Linked Open Data (LOD) because when open data are interlinked to provide
more context, greater opportunities for stakeholders to exploit the data for innovative purposes
are provided (Dwivedi et al., 2017; Geiger and von Lucke, 2012). Geiger and von Lucke (2012)
also defined LOD as: “all stored data connected via the World Wide Web which could be made
accessible in a public interest without any restrictions for usage and distribution.” The concept
of linked data enables for huge amounts of data to be processed and analysed efficiently.

Linked data refer to a set of best practices for publishing and connecting unstructured data to
become structured. It allows data providers to link their data with other different sources over
the Web using a standard mechanism for specifying the existence and meaning of connections
between items described in these data (Heath and Bizer, 2011). The increased rate of adoption
of linked data best practices has led the Web to evolve into a global data space containing
billions of assertions, i.e. the Web of Data, where both documents and data are linked (Heath
and Bizer, 2011; Van der Waal et al., 2014). The evolution of the Web of Data enabled to
combine distributed datasets, explore relationships between them, and support development of



new applications and services (Attard et al., 2015; Janssen and Kuk, 2016). The concept of
linked data has provided access to more data and has enabled to process them automatically
(Heath and Bizer, 2011; Janssen and Kuk, 2016).

3.4 Data Analytics

The importance of data analytics lies in efficient processing of these data to convert into highly
valued insights needed to drive decision making (Gandomi and Haider, 2015). According to
Cardenas et al. (2013), big data analytics is “the large-scale analysis and processing of infor-
mation”. It has become an active part of data analyses in various fields because large volumes
of data are recorded or submitted every minute.

Analyses of security data can be given as an example. VVarious systems, e.g. operating systems,
web servers, and intrusion detection systems log activities of users, system events and network
flows. Their short-term analysis has been a typical task for many years. Big data analytics in-
troduced possibility of long-term and large-scale analyses, including unstructured data sources,
which can e.g. lead to frauds detection or definition of safety rules and establishing of more
defence mechanisms (Ouyang et al., 2018; Lnénicka et al., 2017). Tiwari et al. (2018) investi-
gated big data analytics in supply chain management between 2010 and 2016. They clearly
showed increasing importance of big data analytics for industries and increasing need for suit-
able approaches. Giinther et al. (2017) conducted another literature review to point out im-
portance of big data analytics to get a real value from contemporary data. Analytics techniques
for text, audio, video, and social media data, as well as predictive analytics were reviewed by
Gandomi and Haider (2015).

Data analytics is becoming reality in governments due the quantity of data available and the
evolution of technologies and techniques used to analyse data (Chatfield and Reddick, 2018;
Khan et al., 2017; Matheus and Janssen, 2015; Tsai et al., 2015). The idea is that by releasing
large government datasets, stakeholders will be able to draw new insights from these data and
contribute innovative solutions to complex policy problems (Hardy and Maurushat, 2017).
Chen et al. (2014) presented three main fields of big data analytics in the public sector: scientific
exploration, regulatory enforcement, and data as the basis of public information services. The
applications of big data analytics in the policy-making process was discussed by Hochtl et al.
(2016). They focused on its applicability for the large-scale interpretation of public opinion.
Chatfield and Reddick (2018) focused on big data analytics-enabled customer agility and re-
sponsiveness in order identify key institutional mechanisms for linking them to public value
creation. The concept of data analytics focusing on linked open government data was described
by Kalampokis et al. (2013). They claimed that the technical infrastructure is essential for em-
ploying data analytics in a decentralized manner on the Web. Similarly, Debattista et al. (2015)
explored the potential of data analytics in the Web of Data focusing on the parallels between
methods used for big data and linked data.

However, performing analytics on BOLD is a challenging task considering the functional re-
quirements resulting from the specific characteristics of these data. To deal with this, it is nec-
essary to merge these requirements into a single framework and then build the right mix of
platforms, tools, services, and analytics techniques upon the framework.

Since BOLD analytics requires the specific technologies, techniques, and also skills, the litera-
ture identifies many barriers that are hindering its adoption. Kaisler et al. (2013) as well as Khan
et al. (2017) identified some of the major issues in data storage, management, and processing.
Among risks, Janssen et al. (2012) addressed task complexity, use and participation, legislation,
information quality, technical and institutional factors. In similar lines, Janssen and van den



Hoven (2015) claimed that without taking into account the underlying context, the act of gen-
eralization based on BOLD may lead to unreliable or wrong plans and conclusions. In addition,
as reported by Hardy and Maurushat (2017), not all analysis of open data will involve big data
analytics, but big data analytics rely heavily on open data. This supports the argument in favour
of the existence of the BOLD analytics ecosystem.

Data quality is recognized as an important property of all types of data, either for large unstruc-
tured datasets or small structured datasets (Barry and Bannister, 2014; Chen et al., 2014; Giin-
ther et al., 2017; Machova and Lnénicka, 2017; Wang et al., 2015). On the basis of incomplete
or incorrect information available in the form of BOLD, there are possibilities to make wrong
decisions (Weerakkody et al., 2017). In the case of open government data available through
open data portals, data provenance is mainly ensured by a history of a dataset’s changes over
time including associated metadata. On the other hand, big data pose challenges for provenance
and quality (Chen et al., 2014; Wang et al., 2015). It is due to the existence of different compo-
nents needed to perform analytics on these data, such as Hadoop, Spark, etc. (Bach et al., 2013;
Lnénicka and Koméarkova, 2015; Vossen, 2014). In this regard, Wang et al. (2015) introduced
a reference architecture for big data provenance platform that enables to decide on components
in each sub-system based on the targeted provenance usage scenario and capability.

A number of drivers that are helping overcome the barriers to BOLD analytics can be found in
the literature. For example, Bertot and Choi (2013) recommended to: (1) review and recalibrate
data policies, (2) build robust data platform and architecture, (3) provide significant computing
power to process, analyse, manipulate, and represent these data through visualizations, (4) use
data and metadata standards, (5) share data across sectors, and (6) foster research and data com-
munities. In their follow-up paper, they extended this list by focusing on the data lifecycle
phases (Bertot et al., 2014). Similarly, Dwivedi et al. (2017) found out that improvement in
organisational factors and legal aspects lead to better access to data, superior awareness (in-
cluding awareness of the platform where data are published), and data licensing. Finally, We-
erakkody et al. (2017) used an extended technology acceptance model to empirically examine
the factors affecting users’ behavioural intentions towards public sector BOLD analytics. Their
results suggested stakeholders were interested in using these data, if there is evidence of them
being useful and more insightful in comparison to other data forms. Taking into account these
findings, the BOLD analytics ecosystem is shaped around data lifecycle phases that will deliver
data to stakeholders in an accessible, accurate, and actionable manner.

4 Essential Elements of the BOLD Analytics Ecosystem

Only little research has been performed on the essential dimensions of the big/open/linked data
analytics ecosystems, while these ecosystems are important, as they may help in realizing the
full value of these data (Dawes et al., 2016; Martin et al., 2017; Ubaldi, 2013; Zuiderwijk et al.,
2014). As noted by Heimstddt et al. (2014), the existing literature contextualises digital ecosys-
tems as cyclical, sustainable, demand-driven environments oriented around agents that are mu-
tually interdependent in the delivery of value. However, with the increase of computational
complexity powered by big data and requirements of open government movement, there is a
need to define the BOLD analytics ecosystem, its dimensions, data lifecycle, and involved
stakeholders.

The following dimensions were identified from the literature review. Each relevant paper was
subjected to a more thorough evaluation in order to find the main field of focus and classify
papers into appropriate dimensions. It should be noted that the number of dimensions and their
elements resulted from this evaluation and were not previously defined. The supporting sources
for each dimension are in Table 4. Each paper can be labelled with more than one dimension.



Table 4: Number of supporting papers for each dimension

Dimension Number of papers
Transparency 21
Engagement 18
Technical 37
Social 16
Economic 29
Legal 15

4.1 Dimensions of the BOLD Analytics Ecosystem

The first step is to identify and interpret the key dimensions of BOLD analytics that influence
its applicability. Their identification is crucial to specification what elements are relevant to the
BOLD analytics ecosystem. In addition, it provides the linkage between theory and practice
and clarifies the basic requirements for BOLD analytics in the public sector context. These
dimensions and sub-dimensions are shown in Figure 1.

Openness Participation

Apcountability Collaboration
Legitimacy and ethics Cooperation

Engagement
dimension

Transparency
dimension

Privacy policy Architecture framework
Licences and use Computing resources
Protection of systems Data infrastructure

Techmnical
dimension

Economic
dimension

Innovation Information society

Products and services Caparities and slalls
Decision-maling models Digital divide

Figure 1: The main dimensions of the BOLD analytics ecosystem in the public sector context
Transparency Dimension

In the context of the public sector, the main goal of BOLD analytics is expressed by the trans-
parency dimension. The willingness of public agencies and institutions to open up their data is
generally managed by the effort of showing them in a better light. According to Matheus and
Janssen (2015), transparency is based on the two major synonymous concepts used in literature,
namely accountability and openness. In this article, this dimension is consisted of openness,



accountability, and legitimacy and ethics aspects regarding the move towards a transparent gov-
ernance process. A more detailed view on the concept of open data transparency is given by
Reggi and Dawes (2016), who reported that while the first cycle of open data publication ad-
dresses transparency mainly for purposes of innovation, the second addresses issues of collab-
oration around government policies and toward greater accountability for policy performance.
Ruijer et al. (2017) then explored specific contexts of open data usage to support the complexity
of democratic processes, namely monitorial, deliberative and participatory democratic. On the
other hand, making data available does not automatically yield up transparency (Bogdanovic-
Dini¢ et al., 2014; Matheus and Janssen, 2015; Zuiderwijk et al., 2012).

The first sub-dimension is focused on enabling greater openness of this process for stakehold-
ers. However, it should be noted that openness always indicates a particular strategy defined by
data producer (owner) in which the emphasis is on what the producer really wants to open. It
results in different dominant categories of data published on open data portals, especially at
regional and local levels of a country. As reported by Matheus and Janssen (2015), openness
reveals details of what, how, and why politics took the decision, without revealing important
parts of the political game inside government. Tkacz (2012) then considered the recent prolif-
eration of openness as a political concept, because once an organisation, state or project is la-
belled open, it becomes difficult for closed politics to emerge from within. A model for as-
sessing data openness with real-world application capabilities was introduced by Bogdanovié¢-
Dini¢ et al. (2014). Their model evaluates government’s openness in the context of participation
and collaboration features of open data portals and provides a link between transparency and
engagement dimensions.

Secondly, there is an accountability sub-dimension. Its fulfilment requires the involvement of
stakeholders to constitute a basis on which they may interact with each other. Their relationship
is based on the control of data producers (owners) by other stakeholders. Matheus and Janssen
(2015) emphasized the financial and operational aspects of this control. The main limitation is
related to human capacities, skills, and knowledge of public actions. Zuiderwijk et al. (2012)
reported that opening and using data encounters numerous impediments that can have both a
socio and a technical nature. Therefore, it is crucial to support the engagement processes in
terms of impacting on fostering accountability relationships between stakeholders. On the other
hand, there is a lack of tools and a lack of trained personnel to properly work with these data.
As a result, some of the most pressing challenges are associated with the tools and techniques
used. Further, concerns over privacy and national security that may hinder the accountability
efforts have received considerable attention of researchers (Chen et al., 2014; Klievink et al.,
2017; Leuprecht et al., 2016). Janssen and van den Hoven (2015) argued that “only by ensuring
transparency the public knows what government is doing with BOLD and only by ensuring
privacy citizens can be free from fear to express their opinions and vote.”

Finally, the last sub-dimension is conditioned by legitimacy and ethics of public agencies and
institutions’ behaviour. This often arises when a stakeholder requests for disclosure of data
(Matheus and Janssen, 2015; Reggi and Dawes, 2016). Thus, legitimacy and ethical factors
require a focus of attention on the involvement of stakeholders in the process of designing,
monitoring, and enforcing BOLD analytics initiatives and regulations. According to Dwivedi
et al. (2017), ethics should be also considered in the context of tools as well as policies and
guidelines are needed that are capable of ensuring the privacy and security of data. This advo-
cates for the formation of online communities and engagement platforms in promoting compli-
ance.



Engagement Dimension

An engagement dimension contains activities that should be realized by stakeholders and result
in promoting data reuse and innovation, i.e. participation, collaboration, and cooperation. At
first, there should an interest of stakeholders to participate in BOLD analytics. They have vari-
ous, often conflicting, requirements as well as levels of expertise and knowledge. Therefore, it
is appropriate to form groups according to such interests and enhance the process and outcomes
of participation. However, participation must not be limited to only members of a particular
group or organization. This effort may be viewed as “a continuous process of empowerment
and active involvement of all stakeholders in decision and policy-making processes with the use
of ICT-powered data analytics platforms, tools, and services.” Most of researchers and practi-
tioners recommend using various communication and delivery channels, participation plat-
forms, tools or services to obtain public opinion and feedback on related initiatives, strategies,
policies and particularly public services offered (Chatfield and Reddick, 2018; Janssen et al.,
2012; Jetzek et al., 2013; Zuiderwijk et al., 2012; United Nations, 2016).

Further, the goal of the collaboration process is to “enhance partnership between stakeholders
by stimulating the development of new and innovative platforms, tools, and services that are
shown to be effective in facilitating information, data and knowledge exchange.” Collaboration
is crucial to create value through innovation, new products and services, and decision-making
models. It is also an important way to improve resource sharing, utilization and deployment,
and develop collaborative networks. According to Hilbert (2016), collaboration pushes the im-
plementation of open data forward. Cooperation then means “providing these initiatives, strat-
egies, policies, and resources across stakeholders.” In particular, cooperation has to be sup-
ported across all public agencies and institutions, especially on regional and local levels, where
it is important to coordinate activities and reduce duplication, overlap, and fragmentation
among them (Attard et al., 2016; Machova and Lnénicka, 2017). More cooperation among cit-
izens means more data available for BOLD analytics purposes, which should be used by public
agencies and institutions to adapt their activities, services and decision-making to citizen de-
mands (Klievink et al., 2017).

Failure to properly address these tasks could lead to an increase of costs to opening up data,
inefficient use of computing resources, delays in data processing, worsen discoverability, ac-
cessibility and reusability of these data by stakeholders, etc. (Kucera et al., 2013; Machova and
Lnénicka, 2017; Martin et al., 2017; Zuiderwijk et al., 2012). It is crucial to gain a better insight
in who does what, where, with whom, and with which results, to enable monitoring of the
BOLD analytics lifecycle. The issue of value co-creation with the usage of BOLD is an im-
portant application domain for this approach since building a network of stakeholders enables
to share knowledge and skills to drive innovation, develop new products and services, and im-
prove decision-making processes.

Legal Dimension

Legal dimension deals with legal conditions under which BOLD analytics may be used. Thus,
public agencies and institutions must comply with the current legal framework, which contains
the main regulations, principles, and requirements on privacy policy for data disclosure, li-
cences and conditions of use, and protection of systems, i.e. data infrastructure including data
portals (Kalampokis et al., 2013). The legal framework establishes the boundaries for activities
involving in the engagement dimension. In this context, the most discussed issue is to ensure
data privacy and security. The BOLD analytics lifecycle consists of several phases that incor-
porate various privacy and security requirements (Attard et al., 2016; Chen et al., 2014; Kucera
et al., 2013). In the last step, only non-privacy-restricted and non-confidential data have to be



disclosed to public. In this regard, Hardy and Maurushat (2017) argued that a preferable ap-
proach is to focus on achieving more reliable de-identification of government data than to relax
existing privacy protections.

However, there is still a research gap on data anonymization techniques and in which phase or
on which data should be applied. Reasons to exclude data depend on each institution, but can
vary from security concerns to the need to protect confidential information (Dwivedi et al.,
2017; Hardy and Maurushat, 2017). Although most countries have adopted privacy policies that
govern the collection, storage, use and disclosure of data, their interpretation often differs across
public agencies and institutions. Consequently, no one can guarantee that if these policies are
implemented, the required data will be published on data portals. Open and linked data require
licences and legal conditions under which these data are provided to be reused by stakeholders.
There are a lot of open licences that allow different levels of reuse. Some countries create their
own licenses focusing on their legal environment (Machova and Lnénicka, 2017). In this case,
a license should be compatible with other open licenses. In addition, the BOLD analytics eco-
system has to deal with the General Data Protection Regulation (GDPR) compliance that re-
quires coordinated approach to data management of personal data.

Finally, the protection of systems that operate the majority of a country’s data (critical) infra-
structure is a primary concern for governments. Consequently, policies require the protection
of systems that contain sensitive information (Hochtl et al., 2016; Martin et al., 2013). It is
especially important in the case of open data portals that can be used as backdoors to penetrate
other information systems or databases. Another concerns related to security are distributed
processing and storing of large amounts of data and using cloud computing resources in the
public sector. Both these issues have received considerable critical attention in the literature.
Nowadays, BOLD analytics is one of the strategies to deal with cybersecurity and critical in-
frastructure (Klievink et al., 2017; Leuprecht et al., 2016; Lnénicka et al., 2017).

Technical Dimension

The technical dimension of BOLD analytics deals with establishing a new government enter-
prise architecture framework. Enterprise architecture is the collection of business processes,
applications, technologies, and data that support the business strategies of an organization. Its
goal is to create a unified ICT environment, i.e. promote alignment, standardization, reuse of
existing ICT assets, and the sharing of common methods for software development across the
organization (Minoli, 2008). A government architecture is a relatively young discipline in
which concepts are slowly emerging. Often terms and concepts are used in various ways and
there is no uniform agreement on these concepts (Janssen et al., 2013). Furthermore, while
specific reasons for enterprise architecture adoption in the government may vary, however, ac-
cording to Ojo et al. (2012) common reasons include: (1) enabling interoperability and provid-
ing technical and managerial standards for public agencies and institutions, (2) enabling re-
source sharing across them and reducing the cost of ICT and operations by identifying oppor-
tunities for reuse, and (3) enabling the development of shared processes and delivery of seam-
less services.

Therefore, it is important to integrate the relevant platforms, tools, and services for BOLD an-
alytics and ICT standards in existing information systems and related processes as these are the
key elements of the enterprise architecture. In addition, these elements have specific require-
ments on computing resources, which give public agencies and institutions an option to provide
scalable, flexible, and cost-effective data infrastructure (Gonzalez-Zapata and Heeks, 2015;
Hilbert, 2016; Vossen, 2014). It has to be robust, secure and able to store all these data as well
as provide resources for open data portals when datasets are transferred across the networks and
shared by the various systems and applications (Chen et al., 2014; Hilbert, 2016; Lnénicka and



Komarkova, 2015; Vossen, 2014). Interoperability of data infrastructure with other systems and
applications has to be also ensured (Zuiderwijk et al., 2012). The intention of those require-
ments is to provide an improved data infrastructure within government in which data adhere to
all quality standards (Gonzalez-Zapata and Heeks, 2015).

At the same time, this approach makes various demands on datasets, their metadata, formats,
etc., especially in the case of linked data on the Web (Attard et al., 2016; Gonzalez-Zapata and
Heeks, 2015; Heath and Bizer, 2011). From a technical perspective, these requirements must
be compared with existing policies, so that the approach can be implemented at the different
administrative levels. Shadbolt et al. (2012) consider how to bring open government data into
the Web of Data. They reported that ease of access and better infrastructure are critical to realize
this value. As a result, the big investments made by governments for the development of data
infrastructures makes it necessary to evaluate them systematic (Charalabidis et al., 2014;
Machova and Ln¢énicka, 2017).

A central point of data infrastructure accessible for public is represented by an open data portal.
It can be defined as “a website that serves as a catalogue of available datasets disclosed under
open licenses and, at the same time, as a platform to engage stakeholders.” These portals are
great resources for innovation and growth through collaborative value creation, particularly
when dealing with linking these data (Reggi and Dawes, 2016). Some practitioners also recom-
mended connecting national open data portal with regional or local data portals, i.e. it should
act as an aggregator of these portals (Machova and Lnénicka, 2017). The portals are launched
by an official government entity or a citizen initiative (Kalampokis et al., 2013; Veljkovi¢ et
al., 2014) and are required to be highly available services that provide reusable data, which are
universally available and consumable (Millette and Hosein, 2016).

On the other hand, Ubaldi (2013) reported that many governments focus on the development
of a national open data portal as if it were a higher priority than developing technical infrastruc-
tures to open up public data for others to use. Thus, another important challenges arising is the
matter of data infrastructure for these data, i.e. networks, storage and servers. This issue is often
solved using cloud computing technologies, because cloud computing and BOLD are comple-
mentary approaches to data storing, processing, analysing, accessing, and reporting (Lnénicka
and Komarkova, 2015; VVossen, 2014). Regarding the design of these data portals, Ruijer et al.
(2017) found that each type of democratic process requires a different approach aimed at en-
suring effective use of open data. Finally, it should be also noted that there is an increasing
interest in smart technologies and their applications in BOLD analytics (Edelenbos et al., 2018;
Lnénicka et al., 2018). In such a context, smart technologies are characterized by “a transition
to some extent intelligent electronic devices or systems enabling broad access to relevant in-
formation and knowledge that should help people to get informed and improve the decision-
making process.” Edelenbos et al. (2018) discussed these efforts in the context of the complex-
ity of smart data cities and concluded that these data are key drivers of physical, economic and
social change.

Social Dimension

The information society is characterized by the creation, storage, processing, distribution, and
integration of data into economic, political, cultural, and social activities of stakeholders with
the use of ICT. Since the main driver of this kind of society is the data exchange through inter-
actions and interconnections between and among networks of stakeholders, BOLD analytics
represents a major opportunity for the development of the data-driven economy.

At the same time, the potential to create value from these data is closely related to a level of
capacities, knowledge, and skills of stakeholders (Chen et al., 2014; Kapoor et al., 2015; We-
erakkody et al., 2017). Even if opening up data lowers the barriers for stakeholders to discover,



access, and reuse them, the value creation often depends on a specific set of technical skills.
Obviously, each of the BOLD analytics lifecycle phases requires different levels of them, but
they have to be clearly defined at the beginning of the whole process. More precisely, these
requirements should be already fulfilled in the legal dimension and related initiatives, strategies,
and policies. For example, open data portals should provide high quality metadata about da-
tasets as well as offer basic analytics and visualization tools to facilitate data reuse (Attard et
al., 2016; Machova and Lnénicka, 2017). Finally, Dwivedi et al. (2017) suggested to focus on
these elements of human resource factors in the BOLD analytics ecosystem: leadership, man-
agement competency, knowledge, capacity building, and symmetry of information.

On the other hand, these disproportions and inequalities may contribute to the widening gap of
the digital divide. Hilbert (2016) stated that the result is a new kind of digital divide: a divide
in data-based knowledge to inform intelligent decision-making. Thus, it is important to ensure
that these data will comply with open licenses and other ICT standards enabling their efficient
discoverability, accessibility, and reusability for stakeholders. There are a number of factors
identified in the literature that influence the existence of the digital divide. They are mostly
related to differences in income, education, literacy, broadband coverage, availability of tech-
nology, etc. (United Nations, 2016). These issues may be overcome by the support of the en-
gagement dimension. Some recommendations are presented in Hilbert (2016).

Economic Dimension

Although differences in opinion still exist, there appears to be some agreement that the most
important aim is to create value from these data. The economic potential lies in reducing costs
of gaining information and providing the private sector with a tool to generate employment and
revenue (Barry and Bannister, 2014; Chen et al., 2014; Janssen et al., 2012; Jetzek et al., 2013;
Miller and Mork, 2013; Zuiderwijk et al., 2014; Vossen, 2014). In addition, the use of big data
analytics enables public sector agencies and institutions to co-create public values with citizens
(Chatfield and Reddick, 2018).

The creation of value is the core purpose and central process of the economic dimension. This
can be thought of as a sort of data analytics lifecycle where platforms, tools or involved stake-
holders in succeeding processing steps add value to these data (Attatd et al., 2016; Jetzek et al.,
2014; Lnénicka and Komarkova, 2015). As mentioned above, BOLD analytics consists of dif-
ferent phases in which the activities are performed. Their contribution and importance in value
creation varies. Some researchers emphasize data processing and analysis as the key phase (De-
battista et al., 2015; Giinther et al., 2017; Miller and Mork, 2013), while the others consider
data publication, sharing, and reusing as the most important value generating mechanisms (At-
tatd et al., 2016; Charalabidis et al., 2014; Jetzek et al., 2014). However, both these phases are
complementary since the output of each phase is provided as a feedback to the other. Moreover,
if raw data are not processed and analysed thoroughly, then the quality of published data will
be insufficient for further reuse and value creation.

As noted by Jetzek et al. (2013), there are two viewpoints concerning the value potential of
these data: the first of them focuses on the economic value (e.g. contribution to the development
of new e-services and mobile applications), while the second one focuses on the social value
(e.g. contribution to improvements of the quality of lives of individuals or society as a whole
through better government policies). Both these viewpoints involve innovation processes in
which stakeholders create new products and services as well as form new decision-making
models for further activities performed on these data. In a follow up paper, Jetzek et al. (2014)
argued that open data sharing, and reuse can empower new ways of generating value in the
sharing society. Their findings support the interrelation between economic and social dimen-
sions.



4.2 BOLD Analytics Lifecycle

The increasing data requirements in the BOLD era bring various challenges on each lifecycle
phase. However, although there are a number of data lifecycles, none of them are tailored to the
specific needs of the BOLD analytics concept. Besides that, a number of activities are omitted,
particularly the activities of data processing and analysis or data visualization. Therefore, all
the phases and activities in the BOLD analytics lifecycle have to be covered in order to provide
a standard methodology that can be followed by involved stakeholders. This description is not
meant to be extensive, as each phase can also require other activities to be completed before the
beginning of the following phase. In most cases, the main reason is data quality or security
restrictions.

The BOLD analytics lifecycle addresses the key phases and activities that leverage the work
with BOLD. Therefore, the following formal definition was given by Lnénicka et al. (2016):
”The BOLD analytics lifecycle is governed by the principles of open government movement that
is being fostered by increasing amounts of available data to be acquired and extracted, man-
aged and prepared, stored and archived, processed and analysed, visualized and used, and
published, shared, and reused.”” These are the steps that transform raw data from data silos to
freely available and linkable datasets for stakeholders, which will reuse them to create value.
By describing these steps, the unique benefits, challenges and risks of BOLD may be related to
specific data-related activities. Many of these activities are likely to already be present within
most organizations. Table 5 summarizes them, including examples of literature sources. The
lifecycle is visualized in Figure 2, providing a link to the dimensions of the BOLD analytics
ecosystem.

Table 5: BOLD analytics lifecycle phases and activities

Phase Activities Example literature sources

Attard et al. (2015); Charalabidis et al. (2016); Chen et al. (2014);
Lnénic¢ka and Komarkova (2015); Zuiderwijk et al. (2014)

Select and filter ~ Di Martino et al. (2014); Tsai et al. (2015)

Generate (create)

Acquisition Attard et al. (2015); Chen et al. (2014); Di Martino et al. (2014);
extraction Collect (gather)  Janssen and_ Kuk (2016); Ka|§ler et__al. (2013); Miller and Mork
(2013); Tsai et al. (2015); Zuiderwijk et al. (2014)
Cardenas et al. (2013); Lnéni¢ka and Komarkova (2015); Miller
Extract and load and Mork (2013)
Clean and A'_[tard et al. (2015); Charalabidis et_al. (2016); Chen et al. (2014);
prepare Di Martino et al._(2014_)_; Kalampokis et al. (2013); Miller and
Management Mork (2013); Zuiderwijk et al. (2014)
and Pre-processand  Charalabidis et al. (2016); Chen et al. (2014); Kaisler et al.
preparation  validate (2013); Miller and Mork (2013); Tsai et al. (2015)
Transform Charalabidis et al. (2016); Lnéni¢ka and Komarkova (2015);
(format) Miller and Mork (2013); Tsai et al. (2015)

Attard et al. (2016); Cardenas et al. (2013); Charalabidis et al.
Store and secure  (2016); Chen et al. (2014); Di Martino et al. (2014); Janssen and
Kuk (2016); Kaisler et al. (2013); Zuiderwijk et al. (2014)

Storingand  Transport and Chen et al. (2014); Janssen and Kuk (2016); Kaisler et al. (2013);

archiving transfer Lnénicka and Komarkova (2015)
Search and find  Lnénicka and Komarkova (2015); Zuiderwijk et al. (2014)
Archive and Attard et al. (2015); Charalabidis et al. (2016); Di Martino et al.

curate (2014); Lnénicka and Komarkova (2015)




Charalabidis et al. (2016); Chen et al. (2014); Di Martino et al.

m:éﬁfea”d (2014): Kaisler et al. (2013); Lnénicka and Komarkové (2015);
. Miller and Mork (2013); Tsai et al. (2015)
Er:(c)jcaer?;?/gis Model and Di Martino et al. (2014); Janssen and Kuk (2016); Miller and
simulate Mork (2013)
Predict and Di Martino et al. (2014); Janssen and Kuk (2016); Lnéni¢ka and
optimize Komarkova (2015)
Visualize and Charalabidis et al. (2016); Di Martino et al. (2014); Lnénicka and
interact Komarkova (2015); Kalampokis et al. (2013); Miller and Mork
L (2013); Zuiderwijk et al. (2014)
;ﬂzuj;ézatlon Evaluate and Attard et al. (2016); Di Martino et al. (2014); Tsai et al. (2015);
interpret Zuiderwijk et al. (2014)
Export and report Attard et al. (2015); Janssen and Kuk (2016); Lnénicka and
Komarkova (2015)
Search and Attard et al. (2016); Charalabidis et al. (2016); Lnéni¢ka and
. Komarkova (2015); Machova and Lnénicka (2017); Zuiderwijk et
retrieve
al. (2014)
. Attard et al. (2015); Charalabidis et al. (2016); Janssen and Kuk
El)ﬁ:felggesst)andards (2016); Janssen et al. (2012); Lnénicka and Komarkova (2015);
Zuiderwijk et al. (2014)
Interlink and Attard et al. (2015); Charalabidis et al. (2016); Debattista et al.
. (2015); Kalampokis et al. (2013); Zuiderwijk et al. (2012);
P#b'.'ca“on' connect Zuiderwijk et al. (2014)
?ejgleng’ and Mashups Attard et al. (2015); Debattista et al_. (2015); Janssen and Kuk
(combine) (2016); Janssen et al. (2012); Lnénicka and Komarkova (2015);

Collaborate and
discuss

Request and
suggest

Share and spread

Zuiderwijk et al. (2014)

Charalabidis et al. (2016); Machova and Lnénicka (2017); Susha
et al., 2015; Zuiderwijk et al. (2012); Zuiderwijk et al. (2014)
Machova and Lnéni¢ka (2017); Susha et al., 2015; Zuiderwijk et
al. (2012); Zuiderwijk et al. (2014)

Attard et al. (2016); Machova and Lnénicka (2017); Zuiderwijk et
al. (2012); Zuiderwijk et al. (2014)
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Figure 2: The lifecycle in the context of the BOLD analytics ecosystem’s dimensions

4.3 Stakeholders in the BOLD Analytics Ecosystem

The primary effort of the BOLD analytics concept is to make more data from public sector
agencies and institutions readily accessible to diverse stakeholders with a view of reusing them
and foster participation, collaboration, and cooperation. According to Kapoor et al. (2015), this
should contribute to the public policy-making space. Janssen et al. (2012) then argued that
opening up data should result in open government in which the government acts as an open
system and interacts with its environment, i.e. involved stakeholders. In this context, a stake-
holder is a person, group or organisation that has an interest in, or is potentially impacted by,
the operations of the public sector and its agencies or institutions. However, as reported by Peng
et al. (2016), effective work with data and data products requires an integrated and coordinated
team effort in multiple domains. Therefore, multiple stakeholders from different disciplines and
diverse practices have to be brought together to examine the relationships between types of data
(Janssen and Kuk, 2016).

In this regard, it is essential to identify the key stakeholders in the BOLD analytics ecosystem.
In contrast to previous research, their necessity for this ecosystem is exemplified together with
role(s) they have in the ecosystem, what their interests and requirements are and in which phases
of the BOLD analytics lifecycle they are active. The stakeholder approach provides a frame-
work that enables to define relationships between them. This should result in improving the
participation, collaboration, and cooperation processes as well as capabilities, knowledge, and



skills of stakeholders to create value from these data. This approach is widely used in the liter-
ature to define roles and formalize responsibilities that will facilitate the process of data analyt-
ics including curating and communicating quality information to stakeholders (Gonzalez-Za-
pata and Heeks, 2015; Peng et al., 2016)

Public agencies and institutions, citizens, non-profit organisations, and businesses are the key
stakeholders who can interact in this ecosystem. However, as stated by Attard et al. (2016),
since the efforts of the latter stakeholders remain largely uncoordinated, their roles, motivations,
levels of expertise, and priorities differ. According to Zuiderwijk et al. (2014), open data eco-
systems are expected to bring many advantages, such as stimulating citizen participation and
innovation. In this ecosystem, ICT enables the discussion of open data and stimulates the par-
ticipation of citizens in governmental processes of decision and policy-making. The best func-
tionalities of this ecosystem can be selected and utilized by open data providers and users.
Heimstédt et al. (2014) conceptualized open data ecosystems by analysing the major stakehold-
ers in the UK. They identified a set of structural business ecosystem properties: circular flow
of resources, sustainability, demand that encourages supply, and dependence developing be-
tween suppliers, intermediaries, and users. Ubaldi (2013) identified three types of interacting
open data ecosystems, namely 1) an ecosystem of data producers, 2) an ecosystem of infome-
diaries as intermediate consumers of data and 3) an ecosystem of open data users.

The literature provides various views on this issue. Van den Broek et al. (2011) assigned five
internal stakeholder roles to the various steps of the lifecycle: top management, information
manager, legal advisor, community manager, and data owner. Martin et al. (2013) distinguished
citizens, public administration, politics and industry as the main stakeholder groups and addi-
tionally media and science. Thereupon user types are derived, namely: producer and publisher,
user and consumer, and prosumer. Attard et al. (2016) identified six roles in which stakeholders
can participate to create value: data producer, data enhancer, data publisher, service creator,
facilitator, and data consumer. According to Dawes et al. (2016), the ecosystem encompasses
the involvement of three stakeholder groups: (1) government leaders and organizations respon-
sible for open data programs, (2) direct open data users who comprise expert data analysts and
members of the communities who develop applications with these data, and (3) the beneficiaries
of data reuse, comprising both individuals and organizations who adopt, buy, and use the prod-
ucts and services based on these data.

Another point of view is distinguishing relevant stakeholders into two groups: primary (politi-
cians, public officials, public sector practitioners, international organizations) and secondary
(ICT providers, academics, funding donors, civil society activists), see Gonzalez-Zapata and
Heeks (2015). Martin et al. (2017) then emphasized the importance of the stimulator who can
set goals for the ecosystem, not only on what it can produce, but also on its form and function-
ing. Finally, Charalabidis et al. (2014) reported that there is no more a clear distinction between
providers and consumers of these data. As a result, they emphasized the importance of data
prosumers, i.e. users who both produce and consume data.

Based on the findings gathered from the literature review, the following shortcomings may be
observed: (1) stakeholders responsible for policy-making processes and mechanisms of data
disclosure are not taken into account, (2) control and intermediary elements (roles) in the eco-
system are often missing, (3) external roles are preferred over internal roles in the public sector,
(4) the importance of data infrastructure for value creation is underestimated as well as the
availability of platforms, tools, and services to work with these data. Therefore, a new classifi-
cation of stakeholders and their roles in the BOLD analytics ecosystem is developed and de-
scribed by Figure 3.
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Figure 3: The main stakeholders in the BOLD analytics ecosystem

The first stakeholder is characterized as an ecosystem orchestrator who may be represented by
parliament, president, politicians, ministries, bureaucrats, courts, etc. Their responsibility lies
in defining an ecosystem by regulation and enforcement of required activities and operational
guidelines in the context of organization’s goals, policy and resources. An orchestrator estab-
lishes the structure and legal boundaries of the ecosystem for resources and services delivery
and data flows between other stakeholders. Since the ecosystem is open, the orchestrator has to
deal with pressures from internal as well as external stakeholders to achieve efficient and sus-
tainable use of ecosystem services. Moreover, various ecosystems supporting BOLD analytics
can be created by regional or local authorities.

The second stakeholder is a service provider who may be represented by businesses or public
agencies and institutions. The main activity is establishing and maintaining a computing frame-
work in which certain applications will be executed. Most often it is about providing data in-
frastructure and ICT services, guaranteeing their availability, scalability, reliability, and secu-
rity. Service provider is the first type of intermediary who ensures the transport of services
between stakeholders at different levels.

The third stakeholder is an application provider (enhancer) who may be represented by public
agencies and institutions or universities and research centres. This stakeholder is responsible
for the BOLD analytics lifecycle management and the execution of related activities using plat-
forms, tools, and services. The main activities include utilizing them to transform raw data to
be disclosed. This stakeholder is important because of the BOLD analytics complexity and the
required level of technical skills to work with these data.

The fourth stakeholder in the BOLD analytics ecosystem is a data producer (owner). This role
can be considered as one of the most important roles within the ecosystem. The traditional role
of governments as data producers (owners) is facing a competition with universities and re-
search centres or non-governmental organizations. Production of these data involves their gen-



eration and maintenance in the course of daily operations of an organization. The main respon-
sibility is to ensure adequate data quality and compliance with standards, including the protec-
tion of private and confidential data, for further activities. Data producers make their data read-
ily available to the data publisher.

Then, there is a data publisher (intermediary) who may be represented by public agencies and
institutions or non-governmental organizations. This stakeholder may be the same as data pro-
vider. However, findings suggest that there should be a control element that is responsible for
data disclosure channels, feedback from stakeholders, and terms of data licensing. When new
datasets are published, publishers have to make these datasets known to potential data users to
promote the creation of new products and services. They usually advertise on various commu-
nication and delivery channels, facilitate the discoverability of these data, and support engage-
ment processes. Data publisher is the second type of intermediary who guides the data distribu-
tion between providers and consumers.

The sixth stakeholder is a data user (consumer) who may be represented by individual citizens,
communities, businesses, public agencies and institutions, universities and research centres or
non-governmental organizations. Their main activities involve providing feedback about data
quality or reusability for public agencies and institutions and creating value from these data.
Data users are in the centre of this ecosystem.

Finally, the last stakeholder is a data prosumer, i.e. user who produces as well as consumes
data. It is represented by citizens, businesses or non-governmental organizations that combine
various datasets, including their own data, and publish their updates on the Web. Some open
data portals allow registered users to publish these data on the portal.

Each of these stakeholders also participates in different phases of the BOLD analytics lifecycle.
Together, they ensure the continuity of each phase by means of activities and required out-
comes. This can be seen from Table 6. The ecosystem orchestrator influences all the phases
throughout decision and policy-making processes. The service provider then provides data in-
frastructure and ICT services for all the phases. The application provider performs related ac-
tivities using platforms, tools, and services. However, this stakeholder does not participate in
data publication, sharing, and reuse. The data producer creates data and stores them, or transfers
them from an information system into a database. The data publisher processes these data and
prepares them for publication in compliance with standards and licences. He also participates
in the phase of visualization and use in which creates reports and overviews to be published
together with datasets. These should help users to get a proper summarization and choose the
most suitable dataset. The data user then reuses these data and creates value. The data prosumer
acts as both data producer and user.

Table 6: The BOLD analytics lifecycle phases in which each stakeholder participates within the ecosys-
tem

Acquisition Management . s Publication,
Storage and  Processing  Visualization -
and and - : sharing, and
. . archiving  and analysis and use
extraction preparation reuse
Ecosystem YES YES YES YES YES YES
orchestrator
Service YES YES YES YES YES YES
provider
Application YES YES YES YES YES NO
provider
Data YES NO YES NO NO NO

producer



Data

: NO YES YES YES YES YES

publisher

Data user NO NO NO NO NO YES
Data YES NO YES NO YES YES

prosumer

4.4 BOLD Analytics Framework Proposal

A conceptual framework for BOLD analytics was developed to show how the identified ele-
ments and their relationships are represented in the ecosystem (see Figure 4). The most im-
portant requisites of the BOLD analytics ecosystem are robust technical and technological
(hardware) infrastructure, generic (software) services and platforms, and human capacities and
skills. Because, as stated by Hilbert (2016), they can be unequally distributed, leading to a de-
velopment divide. These horizontal layers are then employed to analyse different aspects of the
BOLD analytics lifecycle (vertical layers of Figure 4). The phases and related activities are
identified above. Data storage and archiving phase supports all the other phases. It also means
that these phases and their activities have to be addressed for all the horizontal layers. For ex-
ample, computing resources meeting a set of requisites for BOLD processing and analysis, in-
cluding availability, scalability, reliability, and security, are needed to ensure that the value
from these data will be unlocked. Furthermore, technical capacities and skills are needed to use
generic services and platforms, which are able to provide techniques for visualization and use
of these data.

From a system-theoretic perspective, public policy choices can broadly be categorized into two
groups (Hilbert, 2016). The first one is dealing with positive feedback on the ecosystem in the
means of incentives that foster specific dynamics. It is represented by the mechanisms of trans-
parency and engagement dimensions providing processes for stakeholders to exploit the data
for innovative purposes. The second one then considers the effects of negative feedback, such
as legal and technical regulations that curb particular dynamics. These aspects such as security,
GDPR, quality standards, and other requirements may restrict access to data or disclose data
with low quality (Dwivedi et al., 2017; Hilbert, 2016; Lnénicka et al., 2016; Sayogo et al.,
2014). These are the diagonal layers of Figure 4. Beyond the framework’s boundaries are its
context and external environment (externalities). This is important as the whole concept of an
ecosystem implies that it is open to its externalities and other ecosystems existing in the public
sector. It should be noted that the identified elements are not independent on the locational,
cultural, and social environments or other ecosystems in which they are used but are interde-
pendent with them in meeting the needs of the public sector. We acknowledge that perceptions
and fit with an organization are crucial to the successful development and implementation of
the BOLD analytics ecosystem.
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Figure 4: The conceptual framework of the BOLD analytics ecosystem

The result is a three-dimensional conceptual framework of the BOLD analytics ecosystem,
which was firstly employed by Hilbert (2016) and later extended by Lnénicka et al. (2016). It
consists of different circumstances (horizontal) and interventions (diagonal) intersecting and
affecting different applications of the BOLD analytics lifecycle phases and activities (vertical).
The lifecycle is cyclical, reflecting the continuous nature of BOLD where value and innovation
through BOLD feed into each other (Dwivedi et al., 2017; Jetzek et al., 2014). The internal
boundaries of this ecosystem are shaped by the BOLD analytics dimensions in which the value
is created. Different stakeholders are active in the BOLD analytics lifecycle phases. As the main
asset of the ecosystem, data may be structured, semi-structured or unstructured in nature. Inter-
nal data come from within the public sector and are produced, collected or held by public sector
agencies and institutions. External data come from various sources outside of the public sector,
such as international organizations, businesses, researchers, etc. Raw data are unprocessed com-
puter data that have not been subjected to processing or any manipulation. The resulted datasets
should be available as linked data, which make them easier to discover, access, and reuse by
stakeholders. It is worth mentioning that the order of the phases and activities might be changed
based on particular needs of organizations.

The BOLD analytics ecosystem is represented by a cube corresponding to the layers. Each of
them represents an important level of requirements within BOLD analytics. To achieve this,
scalable, flexible, and efficient robust technical and technological infrastructure, generic ser-
vices and platforms, and particularly coordination of human capacities and skills are required
to address the challenges within the phases and activities of the BOLD analytics lifecycle car-
ried out by different stakeholders. Thus, by formalizing BOLD analytics in terms of its essential
elements, the ecosystem clarifies this concept, making it more understandable, communicable,



and practical for both practitioners and policymakers. In addition, it should foster the develop-
ment of these ecosystems in the public sector.

4.5 BOLD Analytics Framework Validation and Benefits

To validate the proposed conceptual framework, a comparison with existing frameworks was
made. Generally, it can be stated that the main differences lie in their narrower focus describing
a particular data analytics perspective rather than the whole ecosystem in which the coexistence
of these perspectives is discussed and described. Sayogo et al. (2014) conceptualized a frame-
work consisting of only two elements helping to promote openness: data manipulation and en-
gagement capability. Only the perspective of open data was also explored by Heimstadt et al.
(2014), but they argued that there is a need to generate interoperable data allowing for extensive
cross-case analysis. In other words, data should be linked to easily gather more data for big data
analytics.

Only big data analytics was explored by Hilbert (2016). The conceptual framework of this au-
thor thus did not reflect the requirements of open and linked data. On the other hand, since the
framework of Hilbert considered the concept of public policy choice, this layer can be extended
to reinforce the relationships within BOLD analytics and related dimensions. As stated above,
this change is required to bridge the different views on the BOLD analytics requirements. Alt-
hough Dwivedi et al. (2017) emphasized the importance of technical infrastructure in their
framework encouraging innovation through BOLD, they omitted most of the BOLD analytics
lifecycle phases. Only access to data (storing, retrieving or using data), together with security
(protecting data from destructive forces and from the unwanted actions of unauthorised users)
and privacy (confidentiality of sensitive information) were taken into account. This shortcom-
ing is overcome by the new conceptual framework of the BOLD analytics ecosystem.

The usefulness of this framework for the public sector can be demonstrated by extending the
focus of existing frameworks to include the elements of the BOLD analytics ecosystem. Hochtl
et al. (2016) dealt with the applicability of a big data-enabled model for the large-scale inter-
pretation of public opinion to be used in policy-making. Although their research is focused on
the public sector, they presented only the point of view within public agencies and institutions.
In this regard, our conceptual framework provides a list of stakeholders that should be involved
in the decision-making process.

Furthermore, the benefits expecting from these data cannot be achieved without discussing the
requirements of each step required to collect, manage, process, visualize, and reuse them. Our
conceptual framework offers a detailed description of the phases and activities of the BOLD
analytics lifecycle. Those were also not completely covered by other authors such as Janssen
and Kuk (2016), Kaisler et al. (2013), Matheus and Janssen (2015) and Miller and Mork (2013).
In most cases, these authors described only the activities related to data processing and analysis,
but did not explore the opportunities provided by data publication, sharing, and reuse. Although
it can be argued that they did not explicitly keep the focus on transparency or engagement ef-
forts, dissemination and exploitation of the results are also very important activities, especially
in the project management context.

The framework can also provide insights that can be useful in improving a linked open govern-
ment data analytics approach proposed by Kalampokis et al. (2013), which was based on a case
study that is related to the general elections of the United Kingdom. Especially, it can be helpful
in identifying the relationships between involved stakeholders and the phases and activities of
the BOLD analytics lifecycle. The relations can be also mapped to the ecosystem of stakehold-
ers introduced by Martin et al. (2017), since the authors argued that there is a need to “identify
and develop the interdependencies, to increase the density and the strength of the relationships



among the elements of the ecosystem.” In this regard, our conceptual framework can impulse
new dynamics among the elements of the ecosystem by providing a more complex view than
single perspectives of data analytics. Only one or two perspectives were applied by Peng et al.
(2016), Reggi and Dawes (2016), Shadbolt et al. (2012); Susha et al. (2015), Van den Broek et
al. (2011), Veljkovi¢ et al. (2014), Weerakkody et al. (2017) or Zuiderwijk et al. (2014).

Incorporating some of the essential elements of the BOLD analytics ecosystem presented in our
conceptual framework may also improve other existing frameworks, such as those discussed in
the previous paragraphs. Since the interconnection between different data analytics perspectives
cannot be overlooked, it is important to redesign existing frameworks with this in mind. Thus,
our conceptual framework consists of an overview of related dimensions discussing the benefits
and risks associated with BOLD analytics, which should be taken into account by governments
and public agencies and institutions. Other layers are represented by the most important requi-
sites and public policy choices affecting the BOLD analytics ecosystem together with the key
phases and activities of the BOLD analytics lifecycle and stakeholders ensuring that all these
elements will be managed by people with domain and technology expertise.

5 Discussion and Limitations

It is necessary to understand the essential elements of the BOLD analytics ecosystem if involved
stakeholders wish to work with these data. In this regard, this article attempts to fill this gap by
conducting the comprehensive literature review assessing the existing evidence base for this
topic. At first, the boundaries of this ecosystem are represented by six dimensions. Each of these
dimensions is described in terms of its sub-dimensions and related benefits, risks, and require-
ments to success. However, other dimensions may be considered to be important for the eco-
system.

For example, VVossen (2014) considered the organizational dimension in which an adoption
strategy for these data is discussed. These requirements should be a part of the legal dimension
since governments are responsible for policy execution. Some authors also emphasized the im-
portance of one dimension over the others in the ecosystem. For example, Gonzalez-Zapata and
Heeks (2015) argued that bureaucratic and political perspectives are more dominant than tech-
nological and economic perspectives. Since the authors found out that the explanation is related
to the capacities and interests of key stakeholders, it may be suggested that the reason is the
focus on either requirements of big data (technical dimensions) or open data (transparency di-
mension). Reflecting the potential of e-government to support the implementation of sustaina-
ble development goals (United Nations, 2016), an ecological /environmental dimension may be
incorporated into the framework. BOLD can support these goals by improving the granularity,
comparability and accuracy of statistics on respective issues such as poverty, climate action and
reducing inequality. In our framework, these efforts are encompassed within social, economic,
and technical dimensions.

Although there are a number of data lifecycles, none of them are tailored to the specific needs
of the BOLD analytics concept, i.e. the incorporation of requirements for big/open/linked data
into a single lifecycle is missing. Therefore, the phases and activates of the BOLD analytics
lifecycle were clearly identified and described. The exact number of phases that might be in-
volved in BOLD analytics, the goals of these phases and their outcomes have gained the atten-
tion of many authors and thus the main limitation may come from these various points of view.
However, the description is not meant to be extensive, as each phase can also require other
activities to be completed before the beginning of the following phase. The importance of the
stakeholders and their interests are also discussed very often. In this article, their necessity for



the ecosystem is exemplified together with role(s) they have in the ecosystem, what their inter-
ests and requirements are, and in which phases of the BOLD analytics lifecycle they are active.

Further, fully exploring the potential of these data requires the development of stakeholders’
capacities, skills and ability to find, interpret, and reuse them. These skills should include an
understanding of the legal and technical requirements in relation to BOLD including their in-
terpretation and limits, together with more detailed explanation as well as where supporting
resources can be found. In addition, governments also need to promote the use of these data
within public agencies and institutions at national, regional, and local level. This will need in-
vestment in platforms, tools and necessary training to be able to implement BOLD analytics. It
should also mean that governments have to be leading and proactive stakeholders for supporting
the reuse of these data, including advanced analytics services to improve internal decision-
making and to help create new products and services.

According to Kaisler et al. (2013), management will, perhaps, be the most difficult problem to
address with BOLD analytics. In addition, from a data-management perspective, Dwivedi et al.
(2017) addressed these challenges: finding and dealing with large datasets, integrating datasets
that were not intended to be integrated, or building usable data management interfaces for stake-
holders of various levels of expertise. They argued that future research is required to uncover
the effective techniques and data models to handle the integration of data. On the other hand,
Hardy and Maurushat (2017) are cautious to research on collecting vast amounts of uncon-
nected and disparate data for BOLD analytics since the use of predictive analytics may lead to
controversial overreach by the state. They also argued that the greater the amount of data col-
lected and analysed, the greater the risk that individuals may be re-identified from that data
through cross-referencing. Similarly, it should be taken into account that access to these data
can raise questions regarding their security, especially in relation to sensitive data and GDPR,
and can also raise concerns about the trust of data, so leading to higher risk for using and im-
plementing them further (Dwivedi et al., 2017).

The limitations of the methodology are related to the literature selection process, i.e. English
papers only, only online papers, etc., and the fact that the framework and conclusions derived
come purely from the extant literature, i.e. secondary research only, and have not been validated
in any way. However, since this article is only the first step toward filling the gap in our under-
standing of the positive effects of BOLD analytics, we will conduct an international Delphi
study to identify and achieve consensus on priorities for the framework and essential elements.
We are also going to validate our conclusions in real life conditions, i.e. investigating the read-
iness of public agencies and institutions to adopt BOLD analytics. In addition, the framework
will be aligned with other types of evidence representing the externalities of the ecosystem in
the public sector that may hinder its use.

The conceptual framework of the BOLD analytics ecosystem then comprises all these essential
elements. However, the question whether these are all the elements is still open to discussion.
There are various ecosystems in the literature that can be compared to the new BOLD analytics
ecosystem. In contrast to these ecosystems, this review article aimed to provide the theoretical
background necessary to understand the unique benefits, challenges, and risks of BOLD ana-
Iytics.

It is also evident that not all of public data have the same potential to support citizen engagement
and not all of these data have the same relevance for participation, collaboration, and coopera-
tion. Further research should be focused on different thematic data categories on open data
portals and data stakeholders need for their analyses. Some of portals already offer statistics
about datasets (Machova and Lnénicka, 2017). In the context of the engagement dimension,



Foulonneau et al. (2014) reviewed the current approaches to encouraging the creation of ser-
vices based on open data. They especially emphasized the advertising of datasets and applica-
tions on virtual community channels, the harmonization of metadata vocabularies, training and
support of involved stakeholders by creating APIs on these portals, visualizing datasets in maps,
and providing a large set of documentation and tools to assist them in data reuse.

The article does not deal with particular technical issues, at least not directly. Some comments
on it can be found in previous work of authors, e.g. Lnéni¢ka and Komarkova (2015). Google’s
MapReduce (or its open source implementation — Apache Hadoop) has been according to many
authors successfully used for big data processing within different application fields in practice,
e.g. analysis of large genomic data sets by Hadoop (O’Driscoll et al., 2013), description of the
distribution of the traffic volume, subscribers, and requests among service providers in cellular
data networks (Jun et al., 2013) or power grid time series data analysis (Bach et al., 2013).
Various implementations of MapReduce were described by Goyal and Bharti (2015). Apache
Spark (another engine for big data processing) was used to predict bank customer's behaviours
(Etaiwi et al., 2017). Starfish is “a self-tuning system for big data analytics*; it was introduces
by Herodotou et al. (2011) to automatically provide a good performance. EpiC system was
designed to allow handling Big Data’s variety (Jiang et al., 2016).

Related to the BOLD analytics lifecycle, another field that requires further work in the use of
BOLD is a classification of platforms, tools, and services, as well as policies and guidelines
that are capable of ensuring the privacy and security of these data (Lnéni¢ka and Komarkova,
2015). Therefore, more research is needed to identify and classify the platforms, tools, and
services that could be deployed in each phase of the BOLD analytics lifecycle for the public
sector purposes. Moreover, future work should address the issue of necessary hard skills that
are required to perform BOLD analytics.

6 Conclusions

The ecosystem approach applied in this article demonstrated that it can be widely used to iden-
tify essential elements and their relationships addressing requirements of BOLD analytics in
the public sector. Thus, our first contribution is the introduction of the essential elements of the
BOLD analytics ecosystem. A second contribution lies in the fact that we explored, through
empirical examples from the comprehensive literature review, how these elements act together
in the ecosystem. Finally, a third contribution is the conceptual framework considering dimen-
sions, lifecycle phases, and stakeholders, which was compared to existing frameworks and its
usefulness for the public sector was discussed.

Since the BOLD analytics ecosystem involves the interaction of complex domains, its essential
elements are presented in this article. The internal boundaries of this ecosystem are represented
by the BOLD analytics dimensions that include transparency, engagement, legal, technical, so-
cial, and economic aspects of BOLD. More precisely, these boundaries are defined by dimen-
sions that foster transparency of public agencies and institutions, enable and support engage-
ment of related stakeholders, establish legal environment, maintain technical and technological
infrastructure, assess social effects, and recognize economic impacts of BOLD analytics.

The second step in describing BOLD analytics is to differentiate activities in their lifecycle
phases. The stakeholders in the BOLD analytics ecosystem have their roles and they are re-
sponsible for concrete phases. The conceptual framework of the BOLD analytics ecosystem
then provides a comprehensive view on the essential elements and their interrelationships. With
the use of this framework, related stakeholders can develop and implement BOLD services to
ensure that the public agencies and institutions fulfil their tasks with quality, efficiency, and
transparency.



The key benefit created by BOLD analytics is the increased speed of data distribution allowing
policymakers and other stakeholders to reuse these data and take informed decisions. It may be
concluded that BOLD analytics has the potential to lead to new scientific and research insights,
create economic development opportunities, and generate new products and services that can
contribute to the increase of government transparency. However, such actions will involve bal-
ancing the questions of access, privacy, security, data management, archiving, etc.

Finally, this article is significant because it offers useful insights into the essential elements of
the BOLD analytics ecosystem. This article also examines the theoretical background of each
dimension of BOLD analytics that can offer deeper insights into the benefits of using these data.
The contribution to the practice of data analytics is shown through the identification of the most
important phases. Moreover, this article fills an important gap in the extant literature on
big/open/linked data. In this regard, it complements the stream of research that uses theoretical
models to emphasize the importance of these data. As for future work, the validation of the
proposed framework will be conducted to address whether the elements are comprehensive,
explanatory, and accurate. For this purpose, an international Delphi study is going to be con-
ducted.
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