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ABSTRACT In recent years, data have been treated as economic goods, and have begun circulating into new
forms of the ecosystem through data exchange. The increasing expectation that data exchange will be used
to create new businesses and economic value requires a strong understanding of the overall structure and the
characteristics of the data exchange ecosystem. However, unlike other well-known business ecosystems,
such as the financial markets or service ecosystems, the data exchange ecosystem is immature and the
observable interactions in the ecosystem are quite limited. In this study, we proposed a novel framework for
describing the relationships and their interactions as the stakeholder-centric value chain (SVC) by focusing
on the interactions among stakeholders, i.e., the business players who have an interest in the data business–
as the core components of the ecosystem. We examined 45 businesses using SVC from 120 data business
participants and elucidated some of the business structures with data exchange using network analysis, which
was the first comprehensive empirical study on the data-mediated business relationships among stakeholders
in the data exchange ecosystem. We found that the integrated network of data businesses consists of many
densely connected clusters with numerous low-frequency stakeholders and shows the disassortative and
hierarchical hub-and-spoke structure. The results suggest that a few stakeholders monopolize links with
many others and that a segregation of stakeholders appears in the ecosystem. Our approach and the results
provide the important insights for all stakeholders in the data exchange ecosystem and those who consider
entering the market.

INDEX TERMS Data ecosystem, data exchange, network analysis, stakeholder, value-chain.

I. INTRODUCTION
Treated as economic goods, data have been circulated into
new forms of economic activity and have begun to be
exchanged and traded in the market in recent years [1]–[4].
Interdisciplinary business collaborations in the data exchange
ecosystem have been appearing globally, and data transac-
tions among businesses have attracted significant research
attention [5], [6].Moreover, the expectation that personal data
can be valuable has increased [7]–[9], and several businesses
are entering the data exchange market ecosystem.

The advent of the data exchange ecosystem has been
discussed at various institutions and in the private sector
[10], [11]. Therefore, there is a strong need for the method for
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intuitive and easy understanding of overall structure and char-
acteristics of the data exchange ecosystem. However, unlike
other well-known business ecosystems such as the financial
markets and service ecosystems, the data exchange ecosys-
tem is still developing. More drastic changes have occurred,
such as the introduction of laws and regulations represented
by the General Data Protection Regulation in the European
Union or the New York City Automated Decisions Sys-
tems Law, compared to those in other ecosystems [12], [13].
If personal data are leaked, it is difficult to determine who
is responsible, what caused the leak, or the location of the
bottleneck in the business. Deposition of data and control
rights, as well as transfer to third parties, increase the com-
plexity of stakeholders related to the business and make it
difficult to control the value chains. The value chain, origi-
nated by Porter [14], is the set of activities and interactions
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among stakeholders in the business model. With an over-
all understanding of the value chain in the ecosystem, it is
possible to discuss the marketability of data in the data
exchange. However, since the environment surrounding the
data exchange is changing rapidly, observable interactions
are quite limited. Moreover, without a unified scheme and
sufficient dataset, it is not yet possible to understand the
structure of the whole ecosystem.

To establish an appropriate unit of analysis and frame-
work and create a comprehensive understanding of the data
exchange ecosystem, we assume the stakeholder relation-
ships and their interactions in the business models as the
core components. In this study, we consider a stakeholder to
be a player (an individual or a group) who has an interest
in the data business and acts for the purpose of realizing
some values through involving the business. For example,
the stakeholder who generates the personal data is the user,
and those who store these data are the data accumulators.
The ecosystem is formed by the activities of people, and
the relationships consist of the exchange of resources, such
as money, services, or data. Therefore, stakeholder-centric
business understanding and analysis are essential approaches
which will allow us to assess the soundness of the emerging
ecosystem of data exchange. Although the data exchange
ecosystem is a kind of service ecosystem, the traditional
methods for service ecosystem focus on the system perfor-
mance or governance and lack the detailed value interactions
between stakeholders [15], [16].

In this study, we proposed a framework for describing
the stakeholder-centric value chain (SVC) and elucidated
some of the business structures with data exchange through
network analysis. Relationship networks, such as scientific
collaboration, actor, and mobile phone calls, are empirically
known to show power distributions, high assortativity, and
nontrivial hierarchical modularity [17]. So, what about the
stakeholder network of data businesses? If they display a
power distribution, what functions and roles do hub stake-
holders, who have many connections with other stakehold-
ers, play in the ecosystem? In addition, there seem to be
few interactions between data providing companies, meaning
that there is a possibility that stakeholders are segregated by
businesses. For example, it may be rare for mobile phone
companies to exchange their customer information with each
other. The structure and interaction among stakeholders by
network analysis will be an important insight for those who
engage in data businesses.

In summary, this is the first empirical study on the data-
mediated business relationships among stakeholders, and the
main contributions of this study are as follows:

1. There is no common framework for describing business
models that allows the data exchange ecosystem to
be understood in a unified manner, and no datasets
that express the relationships among the entities in
data businesses, such as stakeholders, data, or services.
To solve this problem, we created the SVC framework

with the stakeholders as the nodes and the value of data
and services as edges.

2. Our study included 120 participants who had interest
in data businesses, and collected 45 business models
by SVC through discussions with them. We found that
the integrated network of data businesses consists of
many densely connected clusters with numerous low-
frequency stakeholders and that it shows the disassor-
tative and hierarchical hub-and-spoke structure. The
results suggest that a few stakeholders monopolize
links with many others and a segregation of stakehold-
ers appears in the ecosystem.

The remainder of this paper is organized as fol-
lows. Section 2 summarizes the relevant previous studies.
Section 3 describes our approach and the experiment, and
Section 4 discusses the results to improve understanding
of the data businesses in the data exchange ecosystem and
topics for future work. Finally, Section 5 provides concluding
remarks.

II. RELEVANT STUDIES
As represented by digital transformation, digitization and
data collaboration are expected to become prevalent in soci-
ety [18]. Unlike the conventional supply chain, the sup-
ply chain relationships in electronic marketplaces have been
decentralized, with the roles and values shared equitably
among stakeholders [19]. For example, in the business model
for e-books, the computer industry, home appliances, pub-
lishers, and telecommunication companies dynamically work
together to form a complex ecosystem [20]. E-commerce
ecosystem and mobile markets are composed of hetero-
geneous networks consisting of multiple layers [16], [21].
A data exchange ecosystem is a data-specific and -mediated
form of service ecosystem, which are self-organized in the
long-term competition and cooperation among the business
players (stakeholders). Since data exchange businesses con-
stitute an emerging ecosystem, the roles of stakeholders in
this ecosystem, including data marketplaces, are not yet fully
understood. Although several studies have been conducted on
data exchange and related marketplaces [2], [3], [22], there
has been little systematic research focused on understanding
the ecosystem.

Several researchers have attempted to tackle the challenge
of understanding the characteristics of the data exchange
ecosystem. For instance, Stahl et al. proposed six classifi-
cation frameworks for electronic (online) data marketplaces,
including the supplier, buyer, and platform(er) [23]. Deloitte
LLP described the relationships among stakeholders in an
open-data marketplace with such roles as data enablers, sup-
pliers, and individuals [24]. Further, Quix et al. developed
a business architecture and an exchange process for manag-
ing industrial data on a data exchange platform, which is a
form of data exchange ecosystem, with 11 types of players,
including the data owner, consumer, and broker service [25].
The Industrial Value Chain Initiative (IVI) offers tools that
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support interdisciplinary data collaborations using the soft-
ware IVI

Modeler,1 which has 16 types of charts to describe busi-
ness models. Lammi and Pantzar focused on citizen con-
sumers and discussed how their previous roles changed into
roles as data citizens from a sociological standpoint with the
advent of the data economy [26]. Cao et al. [27] defined
three players, i.e., data owners, collectors, and users, while
Sooksatra et al. [28] assumed two players, i.e., users and
service providers, in the data markets and proposed a method
of coordinating the trading. The Data Trading Alliance pro-
posed a data trading model that involved three stakehold-
ers: the data provider, the data user, and the data trading
market service provider [29]. There has also been research
on legal protection between consumers and big data bro-
kers [30], [31]. For leading data collaborations, the Inno-
vators’ Marketplace on Data Jackets provides a framework
for discussion among stakeholders, specifically, data holders,
users, and analysts [32].

Although many studies have been conducted to clarify
and systematize the data exchange ecosystem, there are two
limitations. First, finding a method to defining the roles of
stakeholders in an actual data exchange based on the roles
defined in previous studies. For example, in the analysis of a
shared economy, consumers consume goods and also serve as
producers [33]. In other words, consumers havemultiple roles
rather than a single role, and it depends on the relationships
among stakeholders. Additionally, as demonstrated by previ-
ous studies, there has been no common definition of roles.
The data exchange ecosystem involves heterogeneous stake-
holders with different interests and relationships with the data
businesses. Therefore, it is insufficient to determine the fixed
roles of stakeholders in advance to obtain an overview of the
emerging data ecosystem.

The second limitation is the lack of perspective on com-
pensation for data and services. Numerous studies have
been conducted on evaluating business transactions and net-
work analysis [34], [35], assuming that the essence of eco-
nomic activity is the exchange of money and goods between
stakeholders. However, regarding the data ecosystem and
its marketplaces, there has been little discussion of the
position or consideration of data in the businesses. There
have been assessments of pricing models [36]–[38], trading
model [28], [29], and digital rights and privacy [39]–[42] in
data exchange, but the purpose of data exchange and acquisi-
tion is the development of data-related services. Data trading
is just one of the functions in the ecosystem, and without
overall understanding of the value chain in the ecosystem, it is
impossible to discuss the marketability of data.

For these reasons, we did not specify a rule describing the
stakeholders in this study. Instead, we allowed them to be
described in free format using the SVC framework, in the
sense that the roles arise in relationships between stakehold-
ers. Also, we targeted the interactions among stakeholders as

1https://iv-i.org/wp/en/

the value chain in the data businesses, rather than relation-
ships based solely on specific functions such as data trading.

III. OUR DATA EXCHANGE ECOSYSTEM
APPROACH AND EXPERIMENT
A. SVC OF DATA
The SVC framework is an approximate unit of analysis used
to clarify business models in the data exchange ecosystem
focusing on the stakeholders and their relationships. In appli-
cations of the SVC framework, such as knowledge represen-
tation, the framework is based on a graphical representation
that uses nodes, edges, and labels.

TABLE 1. Descriptive items of the SVC framework.

Table 1 lists the elements and labels of the SVC framework.
Each node represents a stakeholder in the data business.
In most cases there are multiple users in the business models.
In the SVC, to easily understand the types of stakeholders that
interact in the data business, multiple users are represented by
one node named ‘‘users.’’ Each node can have a name, such
as ‘‘drive data recorder provider,’’ ‘‘driver,’’ or ‘‘data accu-
mulator.’’ In addition, nodes have two types of labels, i.e.,
individual and company. Entities such as data and services
exchanged among stakeholders are defined as labels at the
edges of the directed graph. An edge has six types of labels,
and the data they represent are further divided into three types,
i.e., a collection of non-personal data, collection of personal
data, and each individual’s personal data. Many methods
are available for data provision, such as downloading data
stored on a website or obtaining data through application
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programming interfaces such that their details are expressed
in the relevant comments.

There are various types of data processing, such as data
cleansing, which in turn includes anonymization, visualiza-
tion, and artificial intelligence techniques such as machine
learning. The details of the data processing are provided in
parentheses. Note that the data processing is described in a
self-loop in the SVC. To consider the time-series information
of data businesses, timesteps are attached to the edges as
attributes, and if the nodes and edges require additional expla-
nation, comments can be added to them. To describe data
businesses, users can employ graphical icons (pictograms)
to share and understand the structure of the business models
easily.

FIGURE 1. Example of collecting data businesses and creating the
stakeholder-centric network. (a) shows the graphical icons (pictograms)
to share and understand the structure of the business models easily, and
(b) is the description by the directed multi attributes graph model.

Figure 1(a) shows an example of the driving record
data business model described using SVC. Previously,
the drive recorder’s business model included the drive
recorder provider selling products to the drivers and receiving
compensation from the drivers. The data exchange ecosystem
creates a different situation. At the first timestep T0, the drive
recorder provider sells the drive recorder to the driver as
before (S and $). The driving video data stored in the drive
recorder is transferred to the data accumulator that operates
the cloud service (T1). The data is treated as personal data
because there are pedestrian faces included in the driver’s

information and video. For example, when a driver needs a
driving record in case of an accident, the driver requests the
data from the data accumulator (R) and receives his/her own
data (the branch of timestep occurs as T1−2). In T2, the data
accumulator sends the personal data of the drivers to the data
processor. The data processor anonymizes and processes the
video at T3 and T4 (Proc) and receives the payment ($) from
the data accumulator in exchange for the data cleansed in T5.
At T6, the data accumulator sells data to a third-party data
purchaser and receives compensation ($). Depending on the
business model, the drive recorder provider may also serve
as a data accumulator or data processor, but in this business
model, each is divided into three stakeholders.

Note that the purpose of this study was to understand
the business structures in the data exchange ecosystem. The
main advantage of using the SVC framework is that it allows
a diversity of stakeholders but restricts the relationships to
those that are essential, which simplifies the analysis of the
stakeholder relationships. Our targets were the statistical rela-
tionships among stakeholders in the businesses, rather than
dynamic changes of the stakeholders or relationships due
to those creative processes [43], [44]. Since these processes
increase the complexity of stakeholder relationships, we did
not model detailed and frequent interactions such as the
contracts between data providers and receivers [25], [45].

B. NETWORK MODEL AND DATA COLLECTION USING SVC
A combination of the relationships between stakeholders,
which are the smallest units of knowledge, enables descrip-
tion of the stakeholder-centric network of data businesses.
In addition, assuming that each data business is the sample,
the structure of the data exchange ecosystem can be eluci-
dated by integrating these data businesses using a network-
based approach. To encode the data businesses described by
the SVC through these networks efficiently, the data busi-
ness network G was represented as (V ,E,A,L), which is a
directed multi-attribute graph. G consists of nodes v(a) ∈ V ,
a set of stakeholders with attribute a, edges eij(l) ∈ E , and
a set of relationships between the j-th and i-th nodes with
the relationship label l. In this framework, the values of the
attributes are not numerical, but rather are given as sets of
relationship labels, where A represents two attribute values
of a node and L is a set of relationship labels of the edges
(Table 1). Each node v (a) has the name of a stakeholder and
one attribute (individual/company), whereas each edge can
have an unlimited number of attribute values depending on
the number of its relationships.

Figure 1(b) shows the directed multi-attribute graph of
Figure 1(a). In the network model diagram, companies and
individuals are represented by square and circular nodes,
respectively. The labels are listed by the edges, and the
thickness represents the number of labels. For simplicity,
the timesteps is not shown on the edges in Figure 1(b).

To collect the information on data businesses, we involved
120 participants consisted of business people and engineering
students over 20 years old who were engaged or interested
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in data businesses. Business people belonged to 18 different
companies in Japan and were engaged in the actual data
businesses, and the students were from the graduated school
of engineering who have been studying the data businesses
for over a year. We allowed them to form groups of two or
three and briefed them on the SVC framework for 30 min.
We then asked each group to discuss the outline of their
company’s or well-known data businesses, and described the
ones that were agreed in the groups using the SVC framework
in 30 min., which yielded 45 data business diagrams in total.
After collecting the manually described diagrams of data
businesses from the participants, we digitalized the diagrams
into the network model and stored them in JSON format.

There were two parts to the analysis. First, to clarify
the characteristics of the stakeholders and their relationships
in the data business, we calculated their frequencies and
compared their interactions by attribute types; to elucidate
the structural characteristics of the data businesses and their
patterns, we compared their distributions and the network
motifs. Second, to reveal the structural characteristics of a
collection of data businesses as an ecosystem, we integrated
the data businesses by applying the network indices. Due
to the complicated business model, the timestep information
was missed for some businesses collected in the experiment
and not present in our analysis. In this study, we used the
information on nodes with attributes (individual/company)
and names of stakeholders, and edges with six labels: request,
service, payment, data (personal/non-personal data), and
process.

TABLE 2. Characteristics values of the data businesses.

IV. RESULT AND DISCUSSION
A. STAKEHOLDERS AND DATA BUSINESSES
Table 2 lists the statistical information of the data busi-
nesses, and Figure 2 shows the frequencies of the 11 most

FIGURE 2. Frequencies of 11 most frequent stakeholders among data
businesses.

frequent stakeholders. In this study, the number of relation-
ship types was limited to six, but there were no restrictions
on the number of stakeholder types. Consequently, the total
number of emerging stakeholders was 214, and there were
155 types. The stakeholder types are a unique number of
stakeholder names listed in the data businesses. For example,
if ‘‘local government’’ appears in multiple data businesses,
it counts as one type. The average number of stakeholders
included in each data business was 4.76 and median was
4.00. In addition, the maximum number of appearances in
the data business was 10, and the minimum number was two;
therefore, there were not extremely many or few. According
to Figure 2, data processor has the most appearances across
the data businesses (14 times), followed by data accumu-
lator (11 times) and individual user (9 times). The differ-
ences in color represent individuals and companies.We found
122 companies and 33 individuals in the data businesses,
which shows that there were many interactions, especially
between companies.

Regarding the relationships, in contrast, the average num-
ber of appearances in each data business was high at 10.33
compared with the number of stakeholders, reaching a max-
imum of 24 and minimum of 1 (Table 2). Figure 3(a)
depicts five relationships of data flow (including personal/
non-personal data), payment, service, data processing, and
data request, which are classified into four types of interac-
tions: company to company, company to individual, individ-
ual to company, and individual to individual. The data flow
between companies is mainly due to the relationship between
the data accumulator and processor, and the relationship
between the stakeholders who have the roles of data seller and
purchaser. The data flow from individuals to companies indi-
cates that data generated by individual behaviors, such as pur-
chasing behavior or movement history, are stored. Payment
occurs the most between companies and from individuals
to companies. Payments between companies are mainly for
data sales or data processing, and payments from individuals
to companies are for services such as drive recorders or
healthcare applications. In contrast, data processing occurs
through a self-loop from a data processor or individual data
scientist. Data requests mainly occur between companies and
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FIGURE 3. (a) Frequencies of relationships between stakeholders. (b) Four
types of data flows broken down into personal and non-personal data.

from individuals to companies and are for the data that have
been stored in the data accumulator.

Figure 3(b) illustrates the data flows, which have been
divided into non-personal and personal data. There are many
data exchanges between companies, which represent the
interactions in which personal data are transferred to the
data processor, anonymized or cleansed, and returned as non-
personal data. The data flow from individuals to companies
involves storing the individuals’ personal data, and the flow
from companies to individuals consists of requests for their
stored data. A few flows occur between individuals, stem-
ming from interactions between individual data scientists.
In addition, the data flows to third parties (data purchasers or
data users) generally consist of non-personal data that have
been anonymized by data processors.

Figure 4 shows the top five stakeholders who provide/
receive data (personal and non-personal data), personal data,
and payments. The analysis indicates the stakeholders who
are at risk and who receive the most benefits across the data
businesses. The top ranks are monopolized by two stake-
holders: they both receive the most data (the data processor
appeared 21 times, and the data accumulator, 14 times) and
provide data (the data accumulator appeared 24 times and
data processor 14 times).

Next, we discuss the stakeholders who handle personal
data specifically. Although most stakeholders who receive
personal data are companies, it is worth noting that users,
ordinary people, and inhabitants occupy the top ranks among
the stakeholders who provide personal data. These stakehold-
ers produce and provide data in almost every business, and

FIGURE 4. Top five stakeholders who provide (out) and receive (in) data,
personal data, and payments.

most data businesses utilize the data generated by individual
stakeholders. In contrast, the stakeholders who obtain the
most personal data are the data processors and accumulators.
Considering that the data processor receives most of the data
from the accumulator, the data accumulator is the actor who
collects the most personal data in the ecosystem. In contrast,
handling personal data means not only monopolizing data,
but also risking data leakage. If personal data are leaked
from these stakeholders, data processors, or accumulators,
the value chain of data exchange will be seriously damaged,
and the entire ecosystem will suffer.

Third, we discuss the stakeholders who benefit the most in
the ecosystem. The data processor and accumulator receive
payments 12 and 9 times, respectively. In this case, the top
five stakeholders are all companies. Since the data proces-
sor and accumulator also have potential data leakage risks,
it is desirable for them to receive sufficient payment from
the perspective of the ecosystem’s soundness. In contrast,
the stakeholders who pay the most money are the individ-
ual users (10 times), which occurs for the services from
the companies, and the data accumulator (7 times), who
mainly makes payments for data processing to the data
processor in exchange for anonymized data from the data
accumulator.
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To summarize the discussion of the data and payment
flows, it can be said that the stakeholders who appear fre-
quently and handle the data, such as the data processor and
accumulator, are the hubs in the overall data businesses. There
are 179 data flows in total, and 61 of the flows are around
these two stakeholders. Thus, it can be said that a large portion
of the data flows in the ecosystem are supported by these two
stakeholders. In contrast, there are only 21 payment flows
for the data processor and accumulator, whereas there are
130 payment flows in total. In this analysis, although we
did not define the amount of each payment flow and could
not evaluate the amount of money each stakeholder receives
accurately, the payments are not concentrated on specific
stakeholders, but rather occur throughout the ecosystem.

FIGURE 5. Distributions of the number of stakeholders and relationships
in each data business. The dotted lines represent the Poisson distribution
for stakeholders and Gaussian distribution for relationships given the
same number of elements with the same average and standard deviation.

Figure 5 presents a log–log graph of the rank-frequency
plots of the number of stakeholders and relationships in each
data business. The probability of a stakeholder/relationship
appearing m times is p(m). However, the double logarithmic
graph of the frequency distribution is considerably affected
by noise. Therefore, we used a rank-frequency plot, which
is equivalent to the complementary cumulative distribution
function. Since the number of stakeholders in a data business
is a non-negative integer with an unknown upper limit and
the average and variance are approximately equal (λ = 4.76,
σ 2
= 2.82), the frequency of occurrence of the stakeholders

can be a Poisson distribution. In contrast, the variance of the
relationship distribution is slightly larger than the average
(λ = 10.33, σ 2

= 20.41), and the Shapiro–Wilk test [46]
shows that the relationship distribution is Gaussian. In con-
trast, the number of stakeholders did not show a Gaussian
distribution in the test. In Figure 5, the dotted lines represent
the Poisson distribution of the stakeholders and Gaussian
distributions of the relationships when the same number of
elements, stakeholders, and relationships, with the same aver-
age and standard deviation are given, which show almost the
same shapes as the distributions. In addition, the relationships
between the numbers of stakeholders and relationships are
almost linear, and if the number of stakeholders increases
by 1, 2.17 relationships will appear on average.

The results show that the data businesses do not have
extremely large numbers of stakeholders, but rather that they
are close to the average value of 4.76. Furthermore, the num-
ber of relationships in each data business grows linearly rather
than exponentially as the number of stakeholders increases.
In other words, the stakeholders in each business do not have
dense relationships with each other as in a star graph; instead,
one or two hub stakeholders have many relationships with
the others as in a hub-and-spoke network structure. Let us
discuss these features in detail by considering the network
motifs, which are the characteristic patterns that appear in
networks [47]. Since the network targeted in this study is a
directed graph, there are 13 types of relationships composed
of three nodes, as shown in Table 3. Calculating the number
of motifs across the data businesses revealed that the V-shape
appears 642 times among the 679 motifs. In other words,
the stakeholders in data businesses are not related mutually,
but they exhibit a hub-and-spoke structure, which is a set
of V-shaped structures centered around specific stakeholders
that are hubs. In the stakeholder network of data businesses,
the hubs are the stakeholders who have the function of data
accumulation, e.g., data accumulators, medical institutions,
or local governments.

TABLE 3. Thirteen types of network motifs of the directed graph.

B. CHARACTERISTICS OF INTEGRATED
STAKEHOLDER NETWORK
This subsection provides an analysis of the structural charac-
teristics of the integrated stakeholder network. The integrated
network is a combination of 45 business model networks with
a common stakeholder name. The data processor appeared
in 14 data businesses, and the node of the data processor
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TABLE 4. Characteristics values of the stakeholder network.

FIGURE 6. Diagram of integrated stakeholder network (the names of the
five most frequent stakeholders are shown).

became the shared node in the network. The network of all the
business models was divided into nine subgraphs (Figure 6),
and the characteristic values are shown in Table 4. Note that
self-loops were not included, and the values were calculated
as an undirected graph. In the diagram, companies are rep-
resented by square nodes and individuals by circular nodes.
The size of each node indicates the frequency of the relevant
stakeholders. The relationship labels are embedded as the
attributes of the edges, and the thickness represents the num-
ber of relationships. Figure 7 shows the degree distribution
of the stakeholder network using rank-frequency plots. γ is a
power-law index that is calculated considering the part of the
distributions whose coefficient of determination R2 is≥ 0.97.
From a macroscopic perspective, the average degree (〈k〉)

is low at 2.49, and γ is 2.49, indicating that there is a power
distribution (Figure 7). The in- and out-degree also exhibit
power distributions. The density ρ is very small at 0.0162,
which shows that the stakeholder network is globally sparse.
Furthermore, the clustering coefficient (〈C〉) is 0.286 and
reflects the existence of hubs in local clusters. As illustrated
in Figure 6, the network consists of many densely connected
clusters with numerous low-frequency stakeholders. Thus,
most stakeholders have small numbers of relationships, but

FIGURE 7. Degree distribution of integrated stakeholder network.

a few have extensive linkage with others. The fact that the
degree distribution becomes a power distribution means that
some stakeholders monopolize links with many other stake-
holders. The stakeholders that appear frequently across the
data businesses–data processors, data accumulators, and indi-
vidual users–are located at central positions in the network.
In other words, these hub stakeholders play central roles in
the data businesses and may have more influence than others
in the ecosystem.

It is also noteworthy that the assortativity of the network
does not have a high positive value at r = −0.071. Assorta-
tivity indicates the degree of correlation between two neigh-
boring nodes [48]. When r > 0, high-degree nodes tend to be
linked with other high-degree nodes. In contrast, when r < 0,
high-degree nodes tend to connect with low-degree nodes.
Empirically, human-related networks such as networks of co-
author relationships, actor relationships, or Facebook tend
to have positive assortativity [17], [49]–[51]. Meanwhile,
the stakeholder network of the data businesses is disassor-
tative or neutral and has characteristics similar to those of
engineering or natural networks (representing power grids or
protein interactions, respectively [17]). The results suggest
that even if the data business network is human-related, the
nature of the relationships is different from those in other
human-related networks. In the business model using elec-
tronic medical records, for example, the patients are mainly
connected with medical institutions or doctors who collect
data, and patients do not have any linkage with each other.
Moreover, the data accumulator who functions as a data
seller has a relationship with the data buyers such as the
convenience store or the local government, which exhibits
a hub-and-spoke structure. In the economic system, the data
providers may not sell data to other data providers, and data
analysts may have rivalry with one another. In other words,
the business relationships among those who have the same
roles in themarket are unlikely to be linked, and the hub nodes
in the network are connected to avoid other hubs. There-
fore, the network tends to be disassortative, which has been
a common observation in economic systems where trades
occur between individuals or organizations with different
skills and specialties [17], [52]. This feature also suggests
that the network may have a hieratical structure with roles
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FIGURE 8. Scaling of clustering coefficient with degree.

not explicitly shown in the ecosystem, which means that the
stakeholders with the same role seldom connect with each
other.

To clarify the existence of the hierarchical structure in the
network, we examined the relationship between the clustering
coefficient and the degree of each node (Figure 8).C(k) is the
clustering coefficient value of degree k , and we found that
C(k) decreases with decreasing k , which shows the degree
dependence ofC(k). This finding indicates that the clustering
coefficient of the low-degree node is much larger than those
of the hub nodes. In other words, the low-degree nodes are
located in a dense local network, but the neighbors of the hub
nodes are in a sparse network. This observation suggests that
there is a hierarchical structure in the stakeholder network,
which is composed of a combination of small modules with
strongly connected local nodes. The quantitative basis for this
nested hierarchical structure is C(k) ∝ k−β (0 < β < 2)
[53], [54], where β = 1.36 in this study.
The disassortativity and hierarchical structure is led by a

segregation of stakeholders in the ecosystem. When looking
at the network, citizens, patients, and individuals who pro-
vide their personal data are not connected to each other, but
rather have relationships only with data accumulators, medi-
cal institutions, and credit card companies whose function is
data collection. Then, those stakeholders exchange data only
with the stakeholders who have the data processing function,
and the processed data flow to the data users, purchasers,
and business operators who conduct their own data-driven
businesses. The data processors have no relationship with the
data providers or users, and the data users or purchasers have
almost no direct connection with the individual data providers
such as the citizens or patients. In other words, in the data
business, similar stakeholders do not have a relationship.
Although the email network is established by interactions
among people, it displays scale-free, disassortative [17], and
hierarchical characteristics [17], [55], which is similar to the
stakeholder network of this study. This is because the entities
(stakeholders in this study) with different business roles have
closer communication (relationships such as data flows and
services in this study) than the entities with the same role.
It can be said that the hierarchical structure in data businesses
is established by the relationships of stakeholder groups with
different functions in the ecosystem.

C. LIMITATIONS AND FUTURE WORK
In this study, we revealed some of the structural character-
istics of data businesses in the data exchange ecosystem,
focusing on stakeholder relationships. However, many issues
need to be explored in the future. First, in the experiments,
the edges had only relationship labels, and we did not define
their capacities, such as payment and data capacities, or the
times required for the tasks. Functioning as an ecosystem
means that appropriate payments are made for the provision
of data and services. Providing information on the edges will
enable understanding of the detailed value chain and profit
sufficiency by applyingmethods used to solvemaximumflow
problems [56].

The second issue is related to the robustness and resilience
of the ecosystem. We found that the stakeholder network is
disassortative and has a power distribution and hierarchical
structure. Such networks are known to be robust to random
node removal but vulnerable to hub removal [57], [58]. The
lack of connection between hubs, as in the case of social
networks [59], and the low network redundancy are due
to the sparseness of the network. In other words, the hub
stakeholders in the network have considerable influence on
the ecosystem, and simultaneously, the stakeholder network
easily disintegrates when these stakeholders are removed,
as they are the Achilles heel of the ecosystem. Discussions
of robustness and resilience are important for further under-
standing of the data exchange ecosystem.

Third, the roles and functions of the stakeholders must
be determined. Since the kinds of roles possessed by the
stakeholders in the data exchange ecosystem are not fully
understood, we did not deliberately set roles for the stake-
holders in this investigation. Through the relationships with
other stakeholders, the data accumulators not only accumu-
late data, but also store data from various providers such as
individuals and companies, and sell the data to data users
and purchasers. Further, data users and purchasers utilize the
data and provide services or products to other stakeholders.
It is necessary to consider that one stakeholder has several
roles when discussing the data businesses. The methods of
block modeling and structural equivalence may be helpful in
using functions to create new role classifications in the data
exchange ecosystem based on the actual interaction patterns
among stakeholders.

The fourth point that must be addressed is ecosystem
dynamics. The data businesses dealt with in this study formed
a static network, which is an approximation of a part of the
ecosystem that changes from moment to moment. To under-
stand the emerging and growing data exchange ecosystem,
it is necessary to clarify the dynamics by applying simulations
with a model-driven approach.

V. CONCLUSION
Due to the rapid development of the data exchange ecosys-
tem, elucidating the value chain of data businesses and
stakeholder interactions in the ecosystem is important. Data
exchange businesses constitute an emerging ecosystem, and
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the analysis framework for understanding this ecosystem is
lacking. Without a way to understand the business structure
that is simple and intuitive, understanding the business’s
bottleneck in advance or when a security problem occurs is
impossible. In this study, we proposed a unified description
framework for understanding the flow of data values and
human interactions in the data business, created a dataset
for understanding the ecosystem, and elucidated a part of its
relationship and interaction structure. Our approach and the
results provide some important insights for all stakeholders in
the data exchange ecosystem and those who consider enter-
ing the market. We believe the research presented here will
facilitate the development of data businesses in the future.
Additionally, in our future work, based on this empirical
study, we will continuously collect datasets using SVC and
develop the analysis protocol according to the limitations
described in the previous section.
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