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ABSTRACT Aworkflowmodel specifies execution sequences of the associated activities and their affiliated
relationships with roles, performers, invoked-applications, and relevant data. These affiliated relationships
exhibit a series of valuable human-centered organizational knowledge and are utilized for exploring human
resource’s work patterns. This paper focuses not only on a specific type of affiliated relationships between
performers and activities, in particular, which forms a performer-to-activity affiliation network, but also
on a specific type of analysis techniques, which builds a closeness centrality measurement approach for
quantifying the degrees of farnesses between performers as well as between activities. In other words, this
paper investigates a series of formal approaches for building organizational closeness centrality measure-
ment techniques on the specific type of affiliation networks. The investigation mainly deploys two types
of algorithmic formalisms along with an operational example, which are measuring performer-centered
organizational closeness centralities and activity-centered organizational closeness centralities, respectively.
In order to validate the deployed algorithmic equations, the paper carries out a couple of operational
experiments; One is on an ICN-based workflow package and the other is on a discovered workflow model
mined from a dataset of workflow event logs. Summarily, this paper devises a series of algorithms and
equations for measuring closeness centralities of activities, verify the devised algorithms and their related
equations alongwith operational examples, and discuss the ultimate implications of these analysis techniques
of organizational closeness centrality measurements as the performer-to-activity affiliation networking
knowledge in workflow-supported organizations.

INDEX TERMS Workflow process, performer-activity affiliations, information control net, organizational
social network, workflow-supported affiliation network, closeness centrality, workflow intelligence, human
resource management.

I. INTRODUCTION
Recently, the workflow literature starts being interested in
re-positioning workflow systems as a tool of business and
organizational knowledge and intelligence. It begins from
the strong belief that social relationships and collaborative
behaviors among workflow-performers may affect the over-
all performance and being crowned with great successes in
the real businesses and the working productivity as well.
A typical outcome of those re-positioning works ought to
be [1]–[8], in which the authors formalize a mechanism
and its related algorithms to discover workflow-supported
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affiliation networking knowledge from a conventional work-
flow model. Especially, the authors’ research group had pro-
posed the concept of workflow-supported affiliation networks
and its closeness centrality analysis algorithm in [3] and [2],
respectively. That is, in a workflow model the performers (or
actors) are linked into activities through joint participation;
conversely, the activities are connected to performers through
joint involvement. A collection of these links and connec-
tions is formally and graphically represented by the con-
cept of ‘‘workflow-supported performer-to-activity affiliation
network [3].’’
This paper focuses on quantitatively measuring the degrees

of farnesses through the organizational closeness centralities
of workflow-supported affiliation network models, each of
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FIGURE 1. Degree of Farness: Conceptual Motivation of the
Organizational Closeness Centrality.

which is formed by two key groups of the elements: a set
of performers and a collection of activities. As shown in
FIGURE 1, which is a conceptual definition of the organi-
zational closeness centrality in a performer-to-activity affili-
ation network that is formed from a workflow model by the
discovery algorithm proposed in [3], it is possibly done to
uncover the relational structures (degree of work-intimacy)
of workflow-performers through their joint involvement in
activities, and to reveal the relational structures (degree of
work-connectivity) of workflow-activities through their joint
participation of common performers, as well, through mea-
suring the degrees of farnesses. Thereafter, based upon the
discovered affiliation network, this paper tries to quantify
the degrees of farnesses through the organizational closeness
centralities to measure how much the performers are close
to others with reference to the workflow-supported activities.
In more detail, it gives us the analytical performer-to-activity
affiliation knowledge by finding the answers to the following
questions:
• Degree of farness (work-intimacy) beween workflow-
performers: How quickly can a performer interact with
others via very few intermediary activities in enacting
workflow procedures?

• Degree of farness (work-connectivity) between
workflow-activities: How closely can an activity con-
nect to others via very few intermediary performers in
enacting workflow procedures?

That is, this paper is basically concerned about organiza-
tional centralities [2], [7], [9]–[11] in a workflow-supported
organization. The typical four out of the conventional cen-
trality analysis techniques [12]–[14] are degree, closeness,
betweenness, and eigenvector centralities, and the authors

are interested in the closeness centrality analysis technique,
in particular. It is necessary to quantitatively measure the
extents of closeness centralities between performers through
activities as well as the extents of the closeness centralities
between activities through performers in a specific work-
flow procedure. Also, the paper expatiates a mathemati-
cal representation of the affiliation relationships between
workflow-performers andworkflow-activities, i.e., two-mode
of dyadic graph and its bipartite matrix, and devises a series
of algorithms for calculating the organizational closeness
centralities of activities and performers on the correspond-
ing bipartite matrix of a workflow-supported performer-to-
activity affiliation network. Finally, the paper validates the
devised algorithms through carrying out a couple of opera-
tional experiments on a group of synthetic workflow process
models operated by 2 packages, 5 models, 50 activities and
16 performers and on a discovered workflow process model
mined from a workflow event log dataset that was released
from the Conformance Checking Challenge 2019 (CCC2019)
that was a co-located event of the 1st international conference
on process mining 2019.

In terms of the composition of the paper, the next section
describes the literature survey result related to the topics
of modeling, discovering, analyzing, and visualizing the
workflow-supported organizational affiliation networks and
social networks [15]. Two consecutive sections formally
define the concept of workflow-supported organizational
affiliation networks proposed in this paper and expatiate on
its detailed formalisms not only formathematically represent-
ing the workflow-supported performer-to-activity affiliation
networks but also for measuring the closeness centralities of
workflow-performers and workflow-activities, respectively.
Finally, the final section carries out a couple of opera-
tional experiments to validate the practical applicability of
the proposed organizational closeness centrality concept in
workflow-supported organizations.

II. RELATED WORKS
Recently, technology-supported social networks and
organizational behavioral analytics issues [4]–[6], [8],
[16]–[20] have been raised in the IT literature. Naturally,
the workflow literature has just started transitioning into
and focusing on social and collaborative work analyses
in workflow-supported organizations, because workflow
management systems are ‘‘human-centered systems [21],’’
where workflow procedures must be designed, deployed,
and understood within their social and organizational
contexts [22], [23], and they must be conveyed, facili-
tated, and navigated in large-scaled operational knowledge
collections, at the same time. Individuals as employees
in workflow-supported organizations have worked intra-
organizationally [6] and inter-organizationally under the con-
trols of workflow enactment systems. The research works
from [5], [7], [8], [18], [24]–[26] suggested frameworks that
enable to discover the human-centered organizational knowl-
edge from a workflow-supported organization. From these
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human-centered organizational contexts, it is possible for
two concepts of organizational social networks among those
individuals to be formed, in particular. One is the concept
of workflow-supported social network [1], [7], [15], [27],
the other is the concept of workflow-supported affiliation
network [28]. The following are the descriptions of the
pioneering works of these two concepts, respectively, which
have been done in the workflow literature:

Workflow-Supported Social Networks: So far, the
literature has delivered several research results about
modeling, discovering, analyzing, and visualizing the
workflow-supported social networks [15]. In terms of the
discovery issue, there have been existing two main branches
of research approaches in exploring organizational social
networks from workflow-supported organizations; One is
the discovery approach, and the other is the rediscovery
approach. The latter is concerned with mining organizational
social networks from enactment event logs of workflow
procedures, which was firstly issued by Aalst [1]. The for-
mer is to discover organizational social networks through
exploring the human-centered perspectives from workflow
procedures themselves, whichwas issued at first by [7]. There
are typical research and development outputs coping with
the analysis and visualization issues in workflow-supported
social networks.

Park et al. [10] built a theoretical approach for numerically
analyzing closeness centrality measures among workflow-
actors of workflow-supported social network models. The
essential part of the proposed approach is a closeness
centrality analysis equation and its algorithm that is
able to efficiently compute the closeness centrality mea-
sures, and eventually the developed algorithm can be
applied to analyzing the degree of work-intimacy among
those workflow-actors who are allocated to perform the
corresponding workflow procedure. Jeong, et al. [29]
implemented a knowledge visualization framework and its
system designated for the workflow-supported social net-
working knowledge, and the devised framework is pipelin-
ing from the XPDL1-formatted workflow model to the
GraphML2-formatted workflow-supported social network.
Especially, the framework adopted the open-sources infor-
mation visualization toolkits, such as Prefuse, JFreeChart,
and Log4j, in order to visualize the degree-centrality mea-
surements to each of the workflow performers making up a
workflow-supported social network. Ra andKim [30] defined
the workflow-supported social network as a work-sharing
and collaborating network of workflow-actors performing
workflow-related operations in an organization, and proposed
an extended GraphML schema to visualize the degrees of
closenesses (closeness among workflow-performers form-
ing a workflow-supported social network, which is named
to ccWSSN-GraphML. Won [8] in his Ph.D. dissertation
deployed a statistical analysis approach and suggested its

1XPDL stands for XML Process Definition Language.
2GraphML stands for Graph Markup Language

interpretations as the organizational networking knowledge
that can be extracted from the discovered human-centered
network. Kim et al. [31] proposed a GraphML visualization
framework that is able to visualize the degrees of workflow-
performers’ closeness centralities measured on workflow-
supported organizational social networks. Additionally,
Kim et al. [32] built a theoretical framework for quantita-
tively measuring and graphically representing the degrees of
closeness centralization among workflow-performers, which
comprises three procedural phases (discovery, analysis and
quantitation phases) with a couple of functional transforma-
tions. Park et al. [15] formalized a theoretical framework
coping with discovery phase and analysis phase, and con-
ceive a series of formalisms and algorithms for representing,
discovering, and analyzing the workflow-supported social
network. As a theoretical basis, they used the conceptual
methodology of information control nets that used to formally
describe workflow procedures and business processes. The
theoretical framework was expansively implemented in the
name of a systematic framework that is able to automat-
ically discover a workflow-supported social network from
an XPDL-based workflow package, construct SocioMatri-
ces from the discovered workflow-supported social network,
analyze the SocioMatrices, and visualize the workload cen-
trality measures of all the actors in the corresponding
workflow-supported social network. Liu and Kumar [18]
attempted to seek a sort of feasible linkage between the
social network’s features, such as human-resource count,
strength, size, closeness, and density, and the workflow’s
operational performances in a workflow-supported organi-
zation. Note that the paper [18] renamed the workflow-
supported social network, which goes by the name in this
paper, as the socio-technical network, in which is enclosing
people, process, and technology. In their research, the authors
empirically identified the human-resource count feature as
well as the closeness centrality feature as the most signifi-
cant features of the network, which are strongly impacting
on the operational performance of an underlying workflow
procedure of the IT incident management domain. The close-
ness centrality feature out of the identified features and its
empirical analysis result are closely related with the key issue
of our research in this paper, and it ought to be a motivative
feature so as for our research of this paper to be usefully and
extensively applicable into the domain of those workflow per-
formance evaluation, workflow redesign and reengineering,
and managerial decision-making knowledge acquisition.

Workflow-Supported Affiliation Networks: It is impor-
tant to remind that the human-centered affiliation relation-
ships reveal how each of the individuals is associated with
the essential entity-types of the organizational resources
like activity, role, application, and relevant data. So far,
three types of human-centered affiliation networks [28] were
introduced in the literature, such as performer-to-activity
affiliation network [2], [3], [33], Performer-to-Role affilia-
tion network [34], and Performer-to-Application affiliation
network [35]. Let’s briefly introduce these pioneering works.
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Kim [3] firstly issued the workflow-supported performer-
to-activity affiliation network as a special type of
organizational social network knowledge acquired from
deploying workflow technologies. In the paper, the author
theoretically derived a series of concepts and algorithms
not only for representing and discovering those knowledge
but also for analyzing the discovered knowledge. These
theoretical concepts and related algorithms were developed
under the methodology of information control net workflow
models, and showed that the discovered knowledge eventu-
ally represents involvements and participation relationships
between a group of performers and a group of activities in
workflow models. Based upon the concept and its related
algorithms, the paper [36] implemented a knowledge dis-
covery system designated only for the workflow-supported
performer-to-activity affiliation networking knowledge.
Battsetseg et al. [2] proposed a theoretical formalism to ana-
lyze a workflow-supported performer-to-activity affiliation
network by measuring the organizational closeness cen-
tralities of performers as well as the organizational close-
ness centralities of activities. That is, the paper devised a
series of algorithms for analyzing the closeness centralities
of activities and performers, and described the ultimate
implications of these analysis results as activity-performer
affiliation knowledge in workflow-supported organizations.
Additionally, the paper [2] was selected as an outstand-
ing paper award and recommended to a journal paper
published in [33]. Note that these are going to be fully
extended and completed into the proposed theoretical
formalism through this paper. Kim et al. [34] formalized
the workflow-supported performer-to-role affiliation net-
work. In the paper, the authors formally defined the
workflow-supported performer-to-role affiliation network-
ing knowledge through a series of theoretical formalisms
and practical implementation for modeling, discovering, and
visualizing workflow performer-to-role affiliation network-
ing knowledge, and practical details as workflow performer-
to-role affiliation knowledge representation, discovery, and
visualization techniques. In particular, the paper summarily
described the implications of the proposed affiliation net-
working knowledge as business process intelligence, and
how much it is worth to discover and visualize the knowl-
edge in workflow-driven organizations and enterprises that
produce massively parallel interactions and large-scaled
operational data collections through deploying and enact-
ing massively parallel and large-scale workflow models.
Kim et al. [35] arranged a way of discovering the performer-
to-application affiliation knowledge reflecting the affiliated
relationships between performers and invoked applications
in a workflow process, as the most recent pioneering work
in terms of discovering the special types of human-centered
affiliation knowledge. Especially, this work ought to be
a valuable trial in terms of assessing the utilizations and
values of invoked-applications in workflow-supported orga-
nizations. Reijers et al. [37] pioneered the human-centered
resource management issue in a workflow-supported

organization, which can be interpreted by a conceptual
species of the workflow-supported affiliation networks.
Through this research, they showed that the high degree
of geographical closenesses among workflow-performers be
leaded to the positive effect on workflow-supported orga-
nizational performance by conducting a case study of dis-
tributed teamworks on a workflow process model. Similarly,
Kumar et al. [38] developed an optimal model of the
human-centered resource assignments in a workflow-
supported organization, and it showed to capture the compat-
ibility between workflow-performers while assigning tasks
in a workflow model to a group of performers in order to
improve the quality and increase the throughput in enacting
the instances of a corresponding workflow model.

Conclusively, these pioneering works, which are con-
cerned about the human-centered affiliation knowledge, are
the outputs in the stage of initiative research works, which
is the discovery phase. The next stage ought to be the
analysis phase. The paper of [2] was just a half-finished
step forward to the analysis phase shifting from the discov-
ery phase. This paper tries to complete the step opening
the door to the analysis phase by extensively investigat-
ing formal approaches of closeness centrality measurements
on workflow-supported performer-to-activity affiliation net-
works. In particular, P. Busch and his colleague in [19], [39]
raised the logical necessity of the conceptual triangulation of
workflow management, social network analysis, and knowl-
edge management, which ought to be one of the circum-
stantial evidences of the theoretical importance of this paper.
In terms of specialized network analysis techniques, addi-
tionally, a group of recent publications [24], [25], [40]–[45]
proposed and fulfilled their own special networks and analy-
sis, in which they fulfilled those analyses of betweenness and
closeness centralities with graph theory, network optimiza-
tion, and social networks like as we do the similar way in this
paper.

III. WORKFLOW-SUPPORTED PERFORMER-TO-ACTIVITY
AFFILIATION NETWORKS
As a knowledge representation method for the workflow-
supported performer-to-activity affiliation knowledge, the
paper [3], which is authored by the authors’ research group,
defined a graphical and formal representation model, which
is the performer-to-activity affiliation network model, and its
primary goal was to achieve the following dual objectives:
• to uncover the relational structures of workflow-
performers through their joint involvement in activities,
and

• to reveal the relational structures of workflow-activities
through their joint participation of common performers.

Additionally, those relational structures can be weighed
to measure the extent of their strengths by assigning a
value to each of relations between nodal types. Therefore,
there are two types of activity-to-performer (or performer-
to-activity) affiliations such as binary performer-to-activity
affiliation type and weighted performer-to-activity affiliation
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type. In the binary performer-to-activity affiliation type, its
value (0 or 1) implies a binary relationship of involvement
(or participation), while values in the weighted activity-
performer affiliation type may represent various implications
according to their application domains; typical examples of
values might be stochastic (or probabilistic) values, strengths,
and frequencies. This section simply introduces the concept
of workflow-supported performer-to-activity affiliation net-
work according to the binary performer-to-activity affilia-
tion type and deploy the concept along with an operational
example.

A. REPRESENTATIONS
The affiliation knowledge representation can be graphically
depicted by a bipartite graph, which is defined as a workflow
affiliation graph in this paper. So, the graphical model of a
performer-to-activity affiliation network consists of two types
of graphical nodes (a set of performers shaped in hexagon and
a set of workflow activities shaped in circle) and a set of undi-
rected edges between two nodal types, which means that the
workflow affiliation graph is an undirected bipartite graph.
In other words, a performer-to-activity affiliation graph is
built by undirected lines connecting from performers aligned
on one side of the diagram to workflow activities aligned on
the other side, and it does not permit lines neither among
performers nor among the workflow activities. Eventually,
a performer-to-activity affiliation graph with the g number
of performers and the h number of workflow activities can
be transformed into the mathematical representation of an
adjacency matrix with 2-dimension of g× h.

1) THE FORMAL REPRESENTATION
The workflow-supported performer-to-activity affiliation
network consists of two different types of nodes (a set of
performers and a set of activities) and a set of edges con-
necting only between the different nodal types. The formal
representation is defined as the following [Definition 1] as
introduced in [3].
Definition 1 (Performer-to-Activity Affiliation Network

Model): The workflow-supported performer-to-activity affil-
iation network model is formally defined as 3 = (σ,ψ, S),
over a set C of performers (actors), a set A of activities, a set
V of weight-values, a set Ep ⊆ (C × A) of edges (pairs of
performers and activities), and a set Ea ⊆ (A× C) of edges
(pairs of activities and performers), where, ℘(A) represents a
power set of the activity set, A:
− S is a finite set of work-sharing actors or groups of some

external performer-to-activity affiliation network models;
− σ = σp ∪ σv /* Involvement Knowledge */

where, σp : C −→ ℘(A) is a single-valued mapping func-
tion from a performer to its set of involved activities;
σv : Ep −→ V is a single-valued mapping function from
an edge (∈ Ep) to its weight-value;

− ψ = ψa ∪ ψv /* Participation Knowledge */
where,ψa : A −→ ℘(C) is a single-valued mapping func-
tion from an activity to a set of participated performers;

and ψv : Ea −→ V is a single-valued function from an
edge (∈ Ea) to its weight-value;

2) THE MATHEMATICAL REPRESENTATION: ADJACENCY
MATRIX
Eventually, the performer-to-activity affiliation network
model has to be transformed into a mathematical
representation form in order to be analyzed as quantitative
organizational knowledge. As if the performer-to-activity
affiliation network model is graphically represented by a
bipartite affiliation graph, at the same time it is mathemat-
ically represented by an adjacency affiliation matrix, too.
The adjacency affiliation matrix can be realized by either an
involvement adjacency matrix or a participation adjacency
matrix. That is, a performer-to-activity affiliation network
is mathematically transformed into a performer-to-activity
adjacency matrix that records the presence and absence of
g performers at h workflow activities; thus its dimensions are
g rows and h columns, respectively. If a certain performer
φi attends a workflow activity αj, then the entry in the ith

and jth cell in the matrix equals to 1; otherwise the entry is
0. Denoting a binary performer-to-activity adjacency matrix
as Z, its xi,j values meet these conditions:

xi,j =

{
1 ifperformer, φi, isaffiliatedwithactivity, αj
0 otherwise

(1)

• The row total, also called row marginals, (Dr ),
of activity-performer adjacency matrix Z sum to the
number of workflow activities that each performer will
attend, which implies the involvement relations between
activities and performers in a corresponding workflow
model.

Dr =

 h∑
j=1

xi,j

g
i=1

(2)

• The column marginals, (Dc), indicate the number of
performers who will attend each workflow activity’s
enactment, which implies the participation relations
between performers and activities in a corresponding
workflow model.

Dc =

[ g∑
i=1

xi,j

]h
j=1

(3)

The paper [3] developed an algorithm, which is the binary
adjacency affiliation matrix generation algorithm, that auto-
matically transforms an activity-to-performer affiliation net-
work into two types of adjacency matrix. Due to the page lim-
itation, it won’t be described the details of the algorithm. Note
that the algorithm distinguishes the involvement adjacency
matrix (Zp) from the participation adjacency matrix (Za),
which easily calculate and represent the row marginals (Dr )
and the column marginals (Dc), respectively.
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FIGURE 2. Graphical Representations of an Information Control Net of the Product-Order Workflow Procedure and
its Performer-to-Activity Affiliation Network.

3) KNOWLEDGE ANALYTICS: BIPARTITE MATRIX
Based upon the types of adjacency matrices (Zp, Za), it is
possible to analyze a variety of knowledge analytics, such
as centrality analysis equations [12], mean rates analysis [2],
density measurements [28], centrality measurements [11],
[14], [46], and so on, issued from the conventional social
network literature. In general, an affiliation network is a
bipartite graph, as described in the previous section, in which
non-directed lines connect performers aligned on one side of
the diagram to the workflow activities aligned on the other
side. So, in order for an affiliation network to be reasonably
analyzed, it needs to be mathematically represented in a
bipartite matrix containing both sets of performers and activ-
ities in the rows and columns; assuming that an affiliation
network has g performers and h activities, then its bipartite
matrix has dimensions (g+h)× (g+h). Consequently, using
the involvement adjacency matrix (Zp) and the participation
adjacency matrix (Za) forms an affiliation bipartite matrix,
XP,A, which can be schematically represented as the follow-
ing equation:

XP,A
=

[
0 Zp
Za 0

]
(4)

By applying the affiliation bipartite matrix, it is possible
to measure various social networking knowledge analyti-
cal properties on activity-to-performer affiliation network-
ing knowledge, such as density [2] and centrality [2], [46].
Density measures on an affiliation bipartite matrix give us
important basic knowledge, like the average number of activ-
ities jointly attended by the pairs of performers, the average
number of performers simultaneously assigned to the pairs
of activities, and so on. There are, also, four types of central-
ity [46] possibly measuring on an affiliation bipartite matrix:
degree, closeness, betweenness, and eigenvector centrality.
Our focus aims at the property of closeness centrality in
this paper. The details of these centrality properties won’t
be described anymore, because of beyond the scope of the
paper.

TABLE 1. Binary Involvement Adjacency Matrix of FIGURE 2.

B. AN OPERATIONAL EXAMPLE
FIGURE 2 depicts the graphical representations of an infor-
mation control net (ICN) [47] model and its affiliation net-
work model as an input and an output of the knowledge
discovering algorithm [28], [35], which are the product-order
workflow procedure [48], [49] and its performer-to-activity
affiliation network, respectively. In terms of discovering
a workflow-supported performer-to-activity affiliation net-
work, it is needed to have not a full description of
the original ICN-based workflow model [47], but a par-
tial description only showing the activities’ precedence(δ),
roles’s assignment(ε), performers’s assignment(π), and the
transition conditions(κ) that are directly related with the
social perspective’s point of view. At last, the discovered
performer-to-activity affiliation network model represents
the involvement knowledge(σ ) as well as the participation
knowledge(ψ) between the activities and the performers as
a bipartite affiliation graph. Note that the formal representa-
tions of the product-order workflow procedure won’t be given
in this paper, and you can find out them in [48], [49].

It is necessary to apply the algorithm [3] to the previous
example of the activity-to-performer affiliation network; the
input of the algorithm is the formal representation property
sets of the activity-to-performer affiliation network model,
and its output is two types of binary activity-to-performer
adjacency matrices, Zp and Za, which correspond to the
involvement adjacency matrix of TABLE 1 and the partic-
ipation adjacency matrix of TABLE 2, respectively. Based
on the adjacency matrix table, it is able to calculate the row

48560 VOLUME 9, 2021



H. Ahn, K. P. Kim: Organizational Closeness Centralities of Workflow-Supported Performer-to-Activity Affiliation Networks

TABLE 2. Binary Participation Adjacency Matrix of FIGURE 2.

marginals (Dr ) as well as the column marginals (Dc), as the
following equations:

Dr =

 6∑
j=1

xi,j

5

i=1

= [5, 3, 3, 1, 3] (5)

Dc =

[
5∑
i=1

xi,j

]6
j=1

= [3, 2, 2, 3, 3, 2] (6)

As you see in TABLE 1, the rows of workflow-performers
show that performer1 (φjack ) is involved in 5 activities,
performer2 (φjoe) and performer3 (φlisa) are involved in
3 activities, and performer4 (φmatthew) and performer5
(φshawn) are involved in 1 activity and 3 activities, respec-
tively. In the same context, the columns ofworkflow-activities
show that the organization allots 3 performers to each of
activity1 (αA), activity4 (αD), and activity5 (αE ), and it allots
2 performers to each of activity2 (αB), activity3 (αC ), and
activityF (αA). Also, TABLE 2 represents the inverse of
TABLE 1 as you see.

In interpreting the equation (5), each value of Dr implies
the number of activities, in which the corresponding per-
former is involved; so, it is easily infer that, for instance,
the performer φjack is involved in three workflow activi-
ties’ enactments. As a result, because each of the entries of
Dr is the number of workflow activities affiliated by each
performer, the average number of activities being involved
by a single performer (a mean value of the performer’s
affiliated involvement rate) is 15

5 = 3.0 activities yielded
from summing all the entries and dividing by the number of
performers (g). Also, in terms of interpretation of the equa-
tion (6), each value of Dc reveals the number of performers,
who are participating to the corresponding workflow activity;
so, the workflow activity αD is enacted by a total of three
performers. Likewise, because each of the entries of Dc is
the number of performers participating to the corresponding
workflow activities’ enactments, the average number of per-
formers being participated to a single activity (a mean value
of the activity’s affiliated participation rate) is 15

6 = 2.5
performers yielded from summing all the entries and dividing
by the number of activities (h).

C. IMPLICATIONS OF MEASURING THE ORGANIZATIONAL
CLOSENESS CENTRALITY
Like the information control net, almost all the work-
flow models commonly employ the five essential entity
types (activity, role, performer, repository and application

entity-types) to represent organizational works and their
procedural collaborations. Through the associative relation-
ships between performer entity type and others, it is able to
obtain the human-centered organizational knowledge such as
behavioral, social, informational, collaborative, and historical
knowledge. Therefore, it is possible to interpret the work-
flow management system as ‘‘people system’’ that must be
designed, deployed, and understood within their social and
organizational contexts. The people system ought to be able
to support any formations of collaborative activities among
people, which eventually build up the human-centered col-
laborative knowledge as the most influential and meaningful
organizational knowledge. The authors have sought the most
reasonable metric units for evaluating the degrees of collabo-
rations among people in a workflow-supported organization,
and it was able to find out the two types of organizational
social networks at last, which are the workflow-supported
social network and the workflow-supported affiliation net-
work as described in the previous section.

In particular, the workflow-supported affiliation network
ought to be a very useful means to formally and graphi-
cally represent the human-centered resource allocation and
management patterns in a workflow-supported organization.
This paper is mainly concerned with the performer-to-activity
affiliation patterns within a specific workflow model, and
their behavioral knowledge that can be obtained by using
the typical metric of social networks, Centrality3 [13]. The
most widely used centrality measures are degree, closeness,
betweenness, and eigenvalue. This paper actively adopts
the closeness centrality metric in quantifying the degree of
collaboration among people allotted into a group of work-
flow models. In other words, a specific workflow model is
defined by a group of activities and their temporal enactment
sequences, and it is associated with a group of performers
taking charge of enacting its activities. In the information con-
trol net, the associations between activities and performers
are defined through a group of roles.4 The activity-to-
performer association is not a direct association but a tran-
sitive association, and so it is formed through activity-to-role
associations and role-to-performer associations. The activity-
to-performer associations can be transitively obtained from

3Centrality, where a prominent actor has high involvement in many rela-
tions, regardless of whether sending and receiving ties, in a social network.

4Note that Role is a named designator for one or more participants which
conveniently acts as the basis for partitioning of work skills, access controls,
execution controls, and authority / responsibility, and Performer is a person
that can fulfill roles to execute, to be responsible for, or to be associated with
activities of an information control net.
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FIGURE 3. Measuring the Degrees of Farnesses (Closeness Distances) via Activities and via
Performers.

the activity-to-role associations and the role-to-performer
associations. It is sure that the activity-performer association
is divided by two directed associations (activity-to-performer
association and performer-to-activity association) and both
of them are many-to-many relationships, which imply that
not only more than one performer can participate in enact-
ing an activity, but also a performer is able to participate
in enacting one or more activities. From analyzing these
activity-to-performer associations, it is able to finally pro-
duce a workflow-supported performer-to-activity affiliation
network.

This paper is particularly interested in adopting the novel
concept of organizational closeness centrality5 to measure
the degree of farness (e.g. the collaboration degree of work-
intimacy) among performers as well as the degree of farness
(e.g. the share degree of work-connectivity) among activi-
ties along with the human-centered resource allocation pat-
terns and management strategies. The semantic significance
of closeness distance (degree of farness) in terms of the
work-intimacy metric refers to how quickly a performer can
interact with others via intermediary activities where the
performers are jointly participating to. At the same time,
the semantic significance of closeness distance (degree of
farness) in terms of the work-connectivity metric refers to
how closely an activity can connect to others via performers
who are jointly involved in the same activities. FIGURE 3
illustrates the degree of farness (closeness distance) mea-
surements in the workflow-supported performer-to-activity
affiliation network exemplified in the previous section. The
left-hand side shows a procedure of the degree of farness
(closeness distance) calculation (result = 4) between the two
performers, ‘JACK’ and ‘MATHEW,’ via the two activities,
‘B’ and ‘C,’ while the right-hand side is to draw a proce-
dure of the degree of farness (closeness distance) calculation
(result = 4) between the two activities, ‘A’ and ‘C’ via the

5The basic concept of closeness centrality [12], [13] in an affiliation
network was originally developed to reflect how near an actor is to the other
actors through events as well as to reflect how much an event is connected
to the other events through actors.

two performers of ‘JACK’ and ‘SHAWN.’ In consequence
of those consecutive calculations of all the performers, it is
possible to draw the answers to the following questions from
measuring the derees of farnesses through the organizational
closeness centralities on a workflow-supported performer-to-
activity affiliation network:

• The collaboration degree of work-intimacy: How
quickly can a performer interact with others via very
few intermediary activities in enacting workflow proce-
dures?

• The share degree of work-connectivity: How closely can
an activity connect to others via very few intermediary
performers in enacting workflow procedures?

Conclusively, the answers to the questions is able to
convey a very valuable and meaningful insight to the cor-
responding workflow-supported organization. It is assured
that the primary rationale of the organizational closeness
centrality ought to be on the questions and the answers.
A series of theoretical deployments on the organizational
closeness centralities will be expatiated in the next consec-
utive sections. Finally, it is possible to cover from all the
theoretical details from the mathematical extensions of the
organizational closeness centrality formulas to the algorith-
mic implementations to be realized as a workflow-supported
organizational intelligent system supporting to measure the
individual levels as well as the group levels of the orga-
nizational closeness centralities in a workflow-supported
organization.

IV. ORGANIZATIONAL CLOSENESS CENTRALITIES
As described in the previous section, the workflow-supported
performer-to-activity affiliation network is not only in a
graphical form of bipartite graph with undirected lines con-
necting workflow-performers aligned on one side of the
diagram to workflow-activities aligned on the other side,
but also in a mathematical form of adjacency matrix with
workflow-performer rows and workflow-activity columns.
Based upon the formal graph and mathematical matrix, it is
able to possibly analyze a variety of qualitative analytics
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TABLE 3. Binary Performer-to-Activity Affiliation Bipartite Matrix of FIGURE 2.

and quantitative measures, such as structural equivalence
analysis [6], [13], correspondence analysis [46], mean
rates analysis [13], density measurements [13], central-
ity measurements [12], and so on. In this paper, our
focus concentrates upon the centrality measurements of the
workflow-supported affiliation network model. More pre-
cisely speaking, it is necessary to investigate an algorithmic
formalism for analyzing organizational closeness centrality
measurements, of workflow-supported performer-to-activity
affiliation networks.

K. Faust in [12] defined a series of well-described
equations that can be applied to calculating the organiza-
tional closeness centralities based upon the bipartite affili-
ation matrix of a workflow-supported performer-to-activity
affiliation network. In terms of developing a series of algo-
rithms based upon the organizational closeness centrality
measurement equations, it is needed to consider the rela-
tionship between the organizational closeness centrality of a
performer and the organizational closeness centrality of the
activities to which the performer belongs, and the relationship
between the organizational closeness centrality of an activity
and the organizational closeness centrality of its perform-
ers. This section, therefore, investigates the organizational
closeness centralities according to the performer-centered
affiliation aspect and the activity-centered affiliation aspect,
separately.

A. THE PERFORMER-TO-ACTIVITY AFFILIATION
BIPARTITE MATRIX
In order to measure the extent of organizational closeness
centralities on a workflow-supported performer-to-activity
affiliation network, it is needed to arrange a definite bipar-
tite matrix, which is called performer-to-activity affiliation
bipartite matrix, properly obtained from both the involvement
adjacency matrix and the participation adjacency matrix of
the corresponding affiliation network. As described in the
previous section, the performer-to-activity affiliation bipar-
tite matrix is arranged with sets of workflow-performers
and workflow-activities in the rows and columns, respec-
tively. It is assuming again that an affiliation graph is made
up of g workflow-performers and h workflow-activities,

then its performer-to-activity affiliation bipartite matrix has
the elements of (g + h) × (g + h) in two dimensions.
Likewise, a performer-to-activity affiliation bipartite matrix,
XP,A, is obtained from the involvement adjacency matrix
(Zp) and the participation adjacency matrix (Za), which is
graphically represented in the equation (7). For an exam-
ple, the performer-to-activity affiliation graph is introduced
in FIGURE 2; its eventual performer-to-activity affiliation
bipartite matrix and its involvement and participation rela-
tionships are shown in TABLE 3.

XP,A
=

[
0 Zp
Za 0

]
(7)

In principle, the organizational closeness centrality mea-
sures are based upon the distances from a node ni to other
nodes in a performer-to-activity affiliation graph, and the
distances are calculated on the performer-to-activity affilia-
tion bipartite matrix, just like the equation (7) and TABLE 3.
Because the affiliation graph is a bipartite graph, which
implies that performers are only adjacent to activities and that
activities are only adjacent to performers, this paper has to
consider two types of the relationships as stated in [12]; one is
the relationship between the organizational closeness central-
ity of a performer and the organizational closeness centralities
of the activities to which the performer belongs, the other is
the relationship between the organizational closeness central-
ity of an activity and the organizational closeness centrality of
its performers. Therefore, the next section investigates firstly
the distances from a performer in the affiliation bipartite
matrix as a function of the geodesic distances to the activities
in which it is involved, and the distances from an activity as a
function of the geodesic distances to the performers to which
it participates, in second.

B. ORGANIZATIONAL CLOSENESS CENTRALITIES ON
PERFORMERS
Basically, the meaning of closeness centrality index in a
social network implies the ‘Farness’ from a node to other
nodes in the social network, and the core function of which
is to calculate the average geodesic (shorted path) distance
between a node and all other nodes in the graph. As described
in the previous section, the performer-to-activity affiliation
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Algorithm 1 The Geodesic Distances Algorithm From a Performer

1: Given Global A Binary Affiliation Bipartite Matrix, XP,A[g+ h, g+ h]; A Set of Performers, P; A Set of Activities, A;
2: procedure PcGeodesicDistance
3: Input A Performer (From), ni; Either a Performer or an Activity (To), nj;
4: Output A Performer-Centered Geodesic Distance Measure, GP,A[ni, nj];
5: Local An Activity Distance Vector, Gk [1..h], initialized bymaximum;
6: Local A Performer Distance Vector, Hk [1..g], initialized bymaximum;
7: if (nj ∈ P ∧ ni 6= nj) then
8: for (∀mk ∈ Ak adjacent to ni) do
9: Gk [mk ]← gDistance(ni,mk , nj);
10: end for
11: GP,A[ni, nj]← 1+ minimum

(
Gk [i]

)h
i=1

;
12: else if (nj ∈ A) then
13: for (∀mk ∈ Ak adjacent to ni) do
14: if (mk = nj) then
15: Gk [mk ]← 0;
16: else if (mk 6= nj) then
17: Ps← all performers who are adjacent to mk ; Ps← Ps − ni;
18: for (∀ns ∈ Ps) do
19: Hk [ns]← hDistance(mk , ns, nj);
20: end for
21: Gk [mk ]← 1+ minimum

(
Hk [i]

)g
i=1

;
22: initialize Hk [1..g] bymaximum;
23: end if
24: end for
25: end if
26: GP,A[ni, nj]← 1+ minimum

(
Gk [i]

)h
i=1

;

27: return GP,A[ni, nj];
28: end procedure

network is a special type of the workflow-supported social
network, and it is represented by a bipartite affiliation graph
with relationships (or connections) between performers and
activities in a group of workflow procedures. Thus, calcu-
lating the organizational closeness centralities of performers
in a bipartite affiliation graph6 begins with a function of the
geodesic distances between the performers and the activities.
The geodesic distance from a performer node ni to any node nj
(performer) is which is choosing a minimal distance value for
every activity node mk adjacent to ni. The geodesic distance

6Note that the bipartite affiliation graph must be a connected graph. If the
graph is disconnected, then organizational closeness centrality is undefined,
since some pairs of nodes are unreachable and the distance between them is
infinite.

from a performer node ni to any node mj (activity) is which
is choosing a minimal distance value for every activity node
mk adjacent to ni with choosing a minimal distance value
for every performer node ns adjacent to mk . From these
geodesic distances of every pair of performer-to-activity and
performer-to-performer in a bipartite affiliation graph, it is
able to eventually build up a performer-centered geodesic
distance matrix, GP,A.

1) ALGORITHM FOR THE GEODESIC DISTANCE FROM A
PERFORMER
By extensively applying the equations of (8) and (9), as
shown at the bottom of the page, it is possible to calculate

d(ni, nj) = 1+minimum
(
d(mk , nj)

)a
k=1

(ni 6= nj ∧ a ≤ h) (8)

d(ni,mj) =

 1+minimum
(
d(mk ,mj)

)a
k=1

(a ≤ h)

d(mk ,mj) = 1+minimum
(
d(ns,mj)

)b
s=1

(b ≤ g ∧ mk 6= mj)
(9)
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1: procedure gDistance
2: Input The Initiation Performer, nini; The Adjacent Activity, mk ; The Destination Performer, nj;
3: Local An Activity Distance Vector, Gk [1..h], initialized bymaximum;
4: if (XP,A[mk , nj] = 0) then F no direct tie between mk and nj.
5: Ps← all performers who are adjacent to mk ; Ps← Ps − nini;
6: for (∀ns ∈ Ps) do
7: As← all activities that are adjacent to ns; As← As − mk ;
8: for (∀ms ∈ As) do
9: Gk [ms]← 2+ gDistance(ns,ms, nj);

10: end for
11: end for
12: else if (XP,A[mk , nj] = 1) then F direct tie between mk and nj.
13: Gk [mk ]← 1;
14: end if
15: return minimum

(
Gk [i]

)h
i=1

;
16: end procedure

17: procedure hDistance
18: Input The Initiation Activity, mini; The Adjacent Performer, ns; The Destination Activity, mj;
19: Local A Performer Distance Vector, Hk [1..g], initialized bymaximum;
20: if (XP,A[ns,mj] = 0) then F no direct tie between ns and mj.
21: Ak ← all activities that are adjacent to ns; Ak ← Ak − mini;
22: for (∀mk ∈ Ak ) do
23: Pk ← all performers who are adjacent to mk ; Pk ← Pk − ns;
24: for (∀nk ∈ Pk ) do
25: Hk [ns]← 2+ hDistance(mk , nk ,mj);
26: end for
27: end for
28: else if (XP,A[ns,mj] = 1) then F direct tie between ns and mj.
29: Hk [ns]← 1;
30: end if
31: return minimum

(
Hk [i]

)g
i=1

;
32: end procedure

the organizational closeness centralities of performers for
a workflow-supported performer-to-activity affiliation net-
work. The essential part of those equations must be the
functions of calculating the geodesic distance from a per-
former node, ni, to another performer node, nj, and the
geodesic distance from a performer node, ni, to an activ-
ity node, mj, respectively. This subsection describes about
devising an algorithm with recursive functions, to algorith-
mically implement the essential equations of (8) and (9).
Assume that the algorithm operates on a given performer-
to-activity affiliation adjacency matrix, XP,A, representing
the corresponding workflow-supported performer-to-activity
affiliation network, and its functional procedure name is
‘PcGeodesicDistance()’ using two recursive functions,
‘gDistance()’ and ‘hDistance()’, which are corresponding
to the two essential equations of (8) and (9), respectively.
The output of the algorithm is the geodesic distance of a
performer, ni, to either a performer or an activity, nj, and it
is saved on the performer-centered geodesic distance matrix,
GP,A, as a value of the cell,GP,A[ni, nj]. The time complexity

of the algorithm is O(N), where N = g + h − 1, and g is
the number of performers and h is the number of activities
in a corresponding workflow-supported performer-to-activity
affiliation network.

As a result, the algorithm returns a geodesic distance only
from a single performer to either another performer or an
activity, and so the algorithm iteratively operates for g ×
(g + h − 1) times in order to calculate all of the cells on
the performer-centered geodesic distance matrix, GP,A. For
an operational example, the algorithm applies to the affilia-
tion adjacency matrix, TABLE 3, of the workflow-supported
performer-to-activity affiliation network discovered from the
product-order workflow procedure in FIGURE 2, and it was
able to produce the complete performer-centered geodesic
distance matrix, as shown in TABLE 4.

2) PERFORMER-CENTERED ORGANIZATIONAL CLOSENESS
CENTRALITY MEASUREMENT EQUATIONS
According to the performer-centered geodesic distance
matrix, the equations are developed for measuring
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TABLE 4. Performer-Centered Geodesic Distance Matrix, GP,A, from TABLE 3.

organizational closeness centralities among performers and
between performers and activities in a bipartite affiliation
network. The essential part of the equations is on summing all
of the geodesic distances on each row corresponding to each
of the performers, and which is the following equation (10),
GDP(ni)(1 ≤ i ≤ g).[

GDP(ni)
]g
i=1
=

g+h∑
j=1

GP,A[ni, nj] (i 6= j)

g
i=1

(10)

Based on the summation function of geodesic distances
and the conventional closeness centrality equations [12],
the organizational closeness centrality measurement equa-
tions are redefined as the following equations, (11) and (12),
as shown at the bottom of the next page, which are
the index and the standardized index of the organiza-
tional closeness centrality of a performer (ni), respectively,
in a workflow-supported performer-to-activity affiliation net-
work. That is, the index of organizational closeness centrality
of a performer is computed as the inverse of the average
geodesic distance from a performer to all of other nodes
(both performers and activities). In particular, the standard-
ized index is needed to control the size of the performer-
to-activity affiliation network by multiplying the index and
(2×(g−1)+h)·(g+h−1)−1 together. For an instance, when a
performer is close to all other activities and an activity is close
to all performers,OCCP(ni) = (g+h−1) ·(2×(g−1)+h)−1,
which implies that the index varies with network size. Thus,
throughmultiplying the index by (2×(g−1)+h)·(g+h−1)−1,
the standardized index gives always the measure between 0
and 1, which makes for us to allow meaningful comparisons
of performers across different sizes of performer-to-activity
affiliation networks.

C. ORGANIZATIONAL CLOSENESS CENTRALITY ON
ACTIVITIES
So far, the previous subsection has arranged the formalism
for measuring performer-centered organizational closeness
centralities on a workflow-supported performer-to-activity
affiliation network, whereas this subsection investigates
the organizational closeness centrality from the workflow-
activities’ points of view. Basically, the workflow-supported
performer-to-activity affiliation network is a bipartite graph
depicting two dimensional relationships between performers
and activities by a sets of performer-to-activity pairs and
activity-performer pairs. Thus, it is necessary to calculate the
organizational closeness centralities of activities, again. Like-
wise, it begins with two functions of the geodesic distances

between activities and other activities as well as between
activities and performers, respectively. First, the one function
of geodesic distance measuring from an activity node mi
to any other activity node mj is which is choosing a mini-
mal distance value from every performer node nk adjacent
to mi. Next, the other function of geodesic distance mea-
suring from an activity node mi to any performer node nj
is which is choosing a minimal distance value from every
performer node nk adjacent to mi with choosing a minimal
distance value from every activity node ms adjacent to nk .
From these geodesic distances of every pair of activity-to-
activity and activity-to-performer in a bipartite affiliation
graph, it is able to eventually build up an activity-centered
geodesic distance matrix, GA,P. Note that m and n repre-
sent an activity node and a performer node, respectively,
in a corresponding workflow-supported performer-to-activity
affiliation network.

1) ALGORITHM FOR THE GEODESIC DISTANCE FROM AN
ACTIVITY
This subsection develops an algorithm for implementing the
above equations of (13) and (14), as shown at the bottom
of the next page, by revising the algorithm developed in the
previous subsection, which is able to calculate the organiza-
tional closeness centralities from a performers’ point of view.
Likewise, the essential part of those equations must be the
functions of calculating the geodesic distance from an activ-
ity node, mi, to another activity node, mj, and the geodesic
distance from an activity node, mi, to a performer node,
nj, respectively. Assume that the algorithm also operates on
a given performer-to-activity affiliation adjacency matrix,
XP,A, representing the corresponding workflow-supported
performer-to-activity affiliation network, and its functional
procedure name is ‘AcGeodesicDistance()’ using two
recursive functions, ‘gDistance()’ and ‘hDistance()’, too.
The output of the algorithm is the geodesic distance measure
of an activity, mi, to either a performer or an activity, mj,
and it is saved on the activity-centered geodesic distance
matrix, GP,A, as a value of the cell, GA,P[mi,mj]. The time
complexity of the algorithm is O(N), where N = g + h − 1,
and g is the number of performers and h is the number of
activities in a corresponding workflow-supported performer-
to-activity affiliation network.

2) ACTIVITY-CENTERED ORGANIZATIONAL CLOSENESS
CENTRALITY MEASUREMENT EQUATIONS
Based upon the geodesic distance functions of (13) and (14),
it is necessary to make an expression for summing all
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TABLE 5. Performer-Centered Organizational Closeness Centrality Measures in FIGURE 2.

TABLE 6. Activity-Centered Geodesic Distance Matrix, GA,P , of FIGURE 2.

TABLE 7. Activity-Centered Organizational Closeness Centrality Measures in FIGURE 2.

of the geodesic distances on each of rows, which is
deserved for each of the activities, and the expression is
just the following equation (15), as shown at the bottom
of the page. Also, the organizational closeness central-

ity measurement equations are redefined as the following
expressions, (16) and (17), as shown at the bottom of page
15, which are the index and the normalized index of the
organizational closeness centrality of activities, respectively,

• The Index of Performer-Centered Organizational Closeness Centrality[
OCCP(ni)

]g
i=1
=

[
(g+ h− 1) ·

(
GDP(ni)

)−1]g
i=1

(11)

• The Standardized Index of Performer-Centered Organizational Closeness Centrality[
OCS

CP(ni)
]g
i=1
=

(
2× (g− 1)+ h

)
(g+ h− 1)

·

[
OCCP(ni)

]g
i=1

(12)

d(mi,mj) = 1+minimum
(
d(nk ,mj)

)a
k=1

(mi 6= mj ∧ a ≤ g) (13)

d(mi, nj) =

 1+minimum
(
d(nk , nj)

)a
k=1

(a ≤ g)

d(nk , nj) = 1+minimum
(
d(ms, nj)

)b
s=1

(b ≤ h ∧ nk 6= nj)
(14)

[
GDA(mi)

]h
i=1
=

 h∑
j=1

d(mi,mj)+
g∑
j=1

d(mi, nj)

h
i=1

(mi 6= mj) (15)
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Algorithm 2 The Geodesic Distances Algorithm From an Activity

1: Given Global A Binary Affiliation Bipartite Matrix, XP,A[g+ h, g+ h]; A Set of Performers, P; A Set of Activities, A;
2: procedure AcGeodesicDistance
3: Input An Activity (From), mi; Either an Activity or a Performer (To), mj;
4: Output An Activity-Centered Geodesic Distance Measure, GA,P[mi,mj];
5: Local A Performer Distance Vector, Hk [1..g], initialized bymaximum;
6: Local An Activity Distance Vector, Gk [1..h], initialized bymaximum;
7: if (mj ∈ A ∧ mi 6= mj) then
8: for (∀nk ∈ Pk adjacent to mi) do
9: Hk [nk ]← hDistance(mi, nk ,mj);

10: end for
11: GA,P[mi,mj]← 1+ minimum

(
Hk [i]

)g
i=1

;
12: else if (mj ∈ P) then
13: for (∀nk ∈ Pk adjacent to mi) do
14: if (nk = mj) then
15: Hk [nk ]← 0;
16: else if (nk 6= mj) then
17: As← all activities that are adjacent to nk ; As← As − mi;
18: for (∀ms ∈ As adjacent to nk ) do
19: Gk [ms]← gDistance(nk ,ms,mj);
20: end for
21: Hk [nk ]← 1+ minimum

(
Gk [i]

)h
i=1

;
22: initialize Gk [1..h] bymaximum;
23: end if
24: end for
25: end if
26: GA,P[mi,mj]← 1+ minimum

(
Hk [i]

)g
i=1

;

27: return GA,P[mi,mj];
28: end procedure

1: procedure gDistance
2: Input The Initiation Performer, nini; The Adjacent Activity, mk ; The Destination Performer, nj;
3: Output The Minimum Geodesic Distance between mk and nj;
4: Local An Activity Distance Vector, Gk [1..h], initialized bymaximum;
5: if (XP,A[mk , nj] = 0) then F no direct tie between mk and nj.
6: Ps← all performers who are adjacent to mk ; Ps← Ps − nini;
7: for (∀ns ∈ Ps) do
8: As← all activities that are adjacent to ns; As← As − mk ;
9: for (∀ms ∈ As) do

10: Gk [ms]← 2+ gDistance(ns,ms, nj);
11: end for
12: end for
13: else if (XP,A[mk , nj] = 1) then F direct tie between mk and nj.
14: Gk [mk ]← 1;
15: end if
16: return minimum

(
Gk [i]

)h
i=1

;
17: end procedure

in a workflow-supported performer-to-activity affiliation net-
work.

That is, the index of organizational closeness centrality
of an activity is computed as the inverse of the average
geodesic distance from an activity to all of other nodes

(both performers and activities), as defined in the case of
the performer-centered organizational closeness centrality.
In particular, the normalized index is needed to control
the size of the performer-to-activity affiliation network by
multiplying the index and (2 × (h − 1) + g) · (g + h − 1)−1
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18: procedure hDistance
19: Input The Initiation Activity, mini; The Adjacent Performer, ns; The Destination Activity, mj;
20: Output The Minimum Geodesic Distance between ns and mj;
21: Local A Performer Distance Vector, Hk [1..g], initialized bymaximum;
22: if (XP,A[ns,mj] = 0) then F no direct tie between ns and mj.
23: Ak ← all activities that are adjacent to ns; Ak ← Ak − mini;
24: for (∀mk ∈ Ak ) do
25: Pk ← all performers who are adjacent to mk ; Pk ← Pk − ns;
26: for (∀nk ∈ Pk ) do
27: Hk [ns]← 2+ hDistance(mk , nk ,mj);
28: end for
29: end for
30: else if (XP,A[ns,mj] = 1) then F direct tie between ns and mj.
31: Hk [ns]← 1;
32: end if
33: return minimum

(
Hk [i]

)g
i=1

;
34: end procedure

together. For an instance, when an activity is close to all of
the performers and a performer is close to all of the activities,
the index is OCCA(ni) = (g + h − 1) · (2 × (h − 1) + g)−1,
which implies that the index varies with network size. Thus,
through multiplying the index by (2 × (h − 1) + g) · (g +
h− 1)−1, it is necessary to normalize the measure between 0
and 1, which makes for us to allow meaningful comparisons
of workflow-activities across different sizes of performer-to-
activity affiliation networks.

D. DISCUSSION
So far, this section has described the details of the
algorithmic formalisms, as the investigation results, for
the organizational closeness centrality measurements in
a workflow-supported performer-to-activity affiliation net-
work. In particular, because the affiliation network is a bipar-
tite graph, which implies that performers are only adjacent
to activities and that the activities are only adjacent to the
performers, it is necessary to consider the two types of the
closeness relationships in terms of developing the algorith-
mic formalisms. One is the performer-centered organizational
closeness centrality, the other is the activity-centered organi-
zational closeness centrality. The combination of these two
types of the closeness relationships shows that there is a clear
relationship between the organizational closeness centralities
of performers and the organizational closeness centralities

of activities in a workflow-supported performer-to-activity
affiliation network. That is, the organizational closeness cen-
trality of a performer is a function of the minimum distances
to its activities, and the organizational closeness centrality
of an activity is a function of the minimum distances to its
performers. In conducting the investigation, several issues
and assumptions are taken into account for measuring the
organizational closeness centralities as the followings:
• Connectedness. It is assumed that the workflow-
supported performer-to-activity affiliation network must
be a connected network in order for the devised algo-
rithms to operate correctly. If the affiliation network is
disconnected, then its organizational closeness centrality
equations are undefined, since some pairs of nodes are
unreachable and the geodesic distances between them
are infinite or undefined, which implies that the denom-
inators of the equations become infinite or undefined,
too. At the same time, it is needed to further investi-
gate how to treat the disconnected workflow-supported
performer-to-activity affiliation networks in measuring
their organizational closeness centralities, as one of the
future research works.

• The Indexes and Network Sizes. The indexes of
the organizational closeness centralities can be calcu-
lated through taking either the inverse of the sum of
geodesic distances [13] or the inverse of the average

• The Index of Organizational Closeness Centrality of Activities[
OCCA(mi)

]h
i=1
=

[
(g+ h− 1) ·

(
GDA(mi)

)−1]h
i=1

(16)

• The Normalized Index of Organizational Closeness Centrality of Activities[
OCS

CA(mi)
]h
i=1
=

(
2× (h− 1)+ g

)
(g+ h− 1)

·

[
OCCA(mi)

]h
i=1

(17)
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geodesic distance [12]. the latter is taken in this inves-
tigation, because the indexes measured from the former
are numerically too small to be difficult to interpret as
meaningful implications. The indexes’ value is between
0 and 1 because of taking the inverse function, and its
magnitude is completely dependent on the size of a
corresponding performer-to-activity affiliation network.
For an instance, the minimal connected performer-to-
activity affiliation network with g = 1 and h = 1 ought
to bemeasured as the largest index, 1, and the bigger (the
higher numbers of g and h) the network’s size is, then
the smaller the index of the network’s organizational
closeness centrality is. With the indexes, it is unable to
fulfill the meaningful comparisons among performers
across different sizes of workflow-supported performer-
to-activity affiliation networks. In consequence, this is
the reason why the standardized indexes of the organi-
zational closeness centralities have to be developed.

• Group Organizational Closeness Centralization.
In principle, it is necessary to measure the extent
of group organizational closeness centralization that
gives a dispersion measure indicating the hierar-
chy of organizational closeness centralities within
a workflow-supported performer-to-activity affiliation
network. Specifically, the group organizational close-
ness centralization is allowing us to measure the extent
to which performers in a given performer-to-activity
affiliation network differ in their organizational close-
ness centralities. Therefore, it is necessary to develop
the indexes of group organizational closeness centraliza-
tions on both performers and activities as the followings:
Note that OCS

CP(n
∗) and OCS

CA(m
∗) denote the

observed-largest standardized indexes of the organiza-
tional closeness centralities of performers and activi-
ties, respectively, and OCS

CP(ni) and OC
S
CP(mi) are the

standardized indexes of the g + h − 1 other performers
and activities, respectively. OCS

CP(n
+) and OCS

CA(m
+)

denote the theoretically maximum possible standardized
indexes of the ogranizational closeness centralities of
performers and activities, respectively. As results, in the
equation of (18), as shown at the bottom of the next page,
the numerator sums the observed differences between
the largest performer centrality and all the others, and
the denominator is the theoretically maximum possible
sum of those differences. Likewise, the numerator of
the equation (23), as shown at the bottom of page
23, sums the observed differences between the largest
activity centrality and all the others, and the denominator
is the theoretically maximum possible sum of those
differences. In the equations of (19) and (21), as shown
at the bottom of the next page, the denominator of the
maximumpossible sums occurs in themutual-star bipar-
tite graph with satisfying g = h in a workflow-supported
performer-to-activity affiliation network, not only where
one performer is involved in all the activities, but all
of the activities are participated only to the performer,

but also where one activity is participated to all the
performers, but all of the performers are involved only
in the activity, simultaneously. The differences in the
organizational closeness centrality measures between
the most central performer (or activity) and all the other
performers and activities would be the theoretically
maximum. So, devising the denominators for the cases
of g > h and g < h, would be left as a future research
work.

• Weighted Affiliation: Valued Affiliation Bipartite
Matrix. By applying the affiliation bipartite matrix, it is
possible to measure various analytical properties on
activity-to-performer affiliation networking knowledge.
It is also necessary to take the valued affiliations into
consideration. That is, the activity-to-performer affilia-
tion network, as exemplified in the previous subsection,
shows that five performers are involved in six activities
with involvement’s weight-value (= 1), and that five
performers participate in six activities with participa-
tion’s weight value (= 1), as well. In terms of interpret-
ing the weight-values, the involvement’s weight-values
on the performer-activity edges imply designed
(or planned) work-involvements, while the participa-
tion’s weight-values on the activity-performer edges
represent ‘‘show (or no-show)’’ implying designed
(or planned) work-participations. At this moment, it is
necessary to remind the workflow-supported affilia-
tion network rediscovery issue concerning about ful-
filled work-affiliation (work-involvement/participation)
relations that can be rediscovered from workflow
execution logs. The weight-values of these fulfilled
work-affiliation relations imply ‘‘frequencies or the
number of times’’ counted from the corresponding
workflow instances. This is why it is needed to dif-
ferentiate the binary affiliation bipartite matrix from
the valued affiliation bipartite matrix, and it is assured
that the weighted affiliations represented in a valued
affiliation bipartite matrix have meaningful implications
in workflow-supported organizations.

V. OPERATIONAL EXPERIMENTS
So far, the concept of workflow-supported performer-to-
activity affiliation networks has been proposed and its related
mathematical formalisms have been deployed for organiza-
tional closeness centrality measurements on the affiliations
between performers and activities. This section tries to vali-
date the practical implementation of these proposed concept
and algorithms through a couple of operational experiments.
One is for validating the organizational closeness centrality
measurements on the binary workflow-supported performer-
to-activity affiliation network through being fulfilled upon a
group of synthetic workflow process models that are arranged
in two workflow process packages, five workflow process
models, fifty activities and sixteen performers as shown
in FIGURE 4 and TABLE 8, and the other is for vali-
dating the organizational closeness centrality measurements
on the weighted workflow-supported performer-to-activity
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TABLE 8. Activity Arrangements and Performer Involvements in the Workflow Packages.

affiliation network through being fulfilled upon the dis-
covered ICN-based workflow process model mined from a
dataset of workflow event logs, which was released for the
Conformance Checking Challenge 2019 (CCC2019) that was
a co-located event of the 1st international conference on
process mining 2019.

A. EXPERIMENT FOR BINARY AFFILIATIONS BETWEEN
PERFORMERS AND ACTIVITIES
The workflow process models used in the operational experi-
ment is assumed to be arranged for the department of human
resources in an imaginary workflow-supported organization.
As shown in the figure, the department is operated by
two packages of workflow processes, HR-Dept-Pkg1 and
HR-Dept-Pkg2, each of which is grouped by two work-
flow process models, Hiring-Workflow and Performance-
Management-Workflow, and three workflow process models,
Employee-Training-Workflow, Deparment-Management-
Workflow, Salary-Negotiation-Workflow, respectively, and is

graphically defined by the ICN-basedworkflow processmod-
eling system developed by the authors’ research group. All
of these workflow process models are eventually represented
in a textual form of XPDL-based workflow process models.
Assume that all the 50 activities in the models are properly
arranged into the five workflow process models according
to the rule of the information control net methodology, and
they are selectively assigned by the 16 performers as shown
in FIGURE 4 and TABLE 8.

1) DISCOVERY OF BINARY PERFORMER-TO-ACTIVITY
AFFILIATIONS
For the sake of the operational experiment, the authors’
research group implemented a discovery and analysis system
that is able to discover a workflow-supported performer-
to-activity affiliation network model from the XPDL-based
workflow process packages and models prepared for the
operational experiment, that is able to also visualize the
discovered affiliation network model, and that is able to

– The Index of Group Organizational Closeness Centrality on Performers

OCGP =

∑g+h−1
i=1

[
OCS

CP(n
∗)− OCS

CP(ni)
]

maximum
∑g+h−1

i=1

[
OCS

CP(n
+)− OCS

CP(ni)
] (18)

OCGP =

∑g+h−1
i=1

[
OCS

CP(n
∗)− OCS

CP(ni)
]

(g+ h− 2) · 2·(h−1)
2·(g−1)+3·(h−1)+1

, (g = h) (19)

– The Index of Group Organizational Closeness Centrality on Activities

OCGA =

∑g+h−1
i=1

[
OCS

CA(m
∗)− OCS

CA(mi)
]

maximum
∑g+h−1

i=1

[
OCS

CA(m
+)− OCS

CA(mi)
] (20)

OCGP =

∑g+h−1
i=1

[
OCS

CA(m
∗)− OCS

CP(mi)
]

(g+ h− 2) · 2·(g−1)
2·(h−1)+3·(g−1)+1

, (g = h) (21)
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FIGURE 4. The ICN-Based Workflow Package and its Models for the Operational Experiment.

TABLE 9. The Performer-to-Activity Affiliations Discovered from the Workflow Packages.

finally measure the organizational closeness centralities on
performers as well as on activities based upon the algorithms
proposed in this paper. FIGURE 5 and TABLE 9 show the
captured screens of three different types of visualizing the

affiliation network model and the performer-to-activity affil-
iation relationships discovered from the operational exper-
iment, respectively, through the implemented system. The
upper screen of the left-hand side of the figure is to visualize
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FIGURE 5. Three Types of Visualization for the Workflow-Supported Performer-to-Activity Affiliation Network Model Captured from the Implemented
System.

the affiliation network model coloring the performers and the
activities in the same workflow package, whereas the lower
screen is to visualize the model coloring the performers and
the activities in the sameworkflowmodel. And the right-hand
side of the figure is to visualize the performer-to-activity
affiliation network model with holding all the performers
and all the activities in their same colors as well as in the
shapes of rectangular and circle, respectively, and it also
visualizes the performer (=Nathaniel) colored in blue and its
affiliated activities (= α1, α3, α6, α13, α16, α17, α19, α23,
α25, α26, α27, α32, α35, α36, α37, α41, α44, α45, α47, α48)
colored in red, in particular. Actually, the three screens of
the figure comes from the table of the performer-to-activity
assignment relationships that the implemented system auto-
matically discovered from the XPDL-basedworkflowmodels
of the operational experiment. Through these screens of the
figure and the related table, it is possibly show that the
concept of workflow-supported performer-to-activity affilia-
tion networks is tangible and automatically realizable into a
software system.

2) MEASUREMENTS OF THE ORGANIZATIONAL CLOSENESS
CENTRALITIES
For the model of workflow-supported performer-to-activity
affiliation networks introduced in the previous subsection,
an operational experiment is carried out for measuring the
organizational closeness centralities on all the performers

(e.g. 16 performers) as well as all the activities (e.g. 50 activi-
ties). For the operational experiment, the implemented system
is supplemented with appending the organizational close-
ness centrality measurement and visualization functions as
followings:

1) Performer-Centered Organizational Closeness Central-
ity Measurement on the Operational Experiment: First
of all, it is made up for the implemented system by
applying the performer-centered organizational close-
ness centrality measurement equations to build the
performer-centered geodesic distance matrix, and pro-
duced the indexes as well as their standardized indexes
of organizational closeness centralities of the perform-
ers. The upper captured-screen of FIGURE 6 shows the
organizational closeness centralities on all the perform-
ers in the screen snapshot captured from and produced
by the implemented system, and TABLE 10 is to list
all the indexes as well as standardized indexes of the
organizational closeness centralities on all the perform-
ers involved in themodels of the operational experiment.
− The measures in the table shows that the organiza-

tional closeness centrality index and its standardized
index of the performer φnathaniel , for an example, are
0.4276 and 0.5263, respectively, and the measures
are the highest indexes among all the performers
involved in the five workflow models of the opera-
tional experiment. Through these indexes, it is able
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TABLE 10. The Performer-Centered Organizational Closeness Centrality Measures in FIGURE 5.

TABLE 11. Activity-Centered Organizational Closeness Centrality Measures in FIGURE 4.

to capture the human-centered organizational knowl-
edge that the performer φnathaniel is not only inter-
acting with others by communicating most directly
or through most few intermediaries but also partic-
ipating most directly to the workflow-activities in
performing the instances of the corresponding work-
flowmodels. Conclusively speaking, it is analytically
predicted that the performer φnathaniel ought to be
the most interactive employee with others as well
as the most knowledgeable employee on business
activities in fulfilling the five workflowmodels of the
operational experiment.

2) Activity-Centered Organizational Closeness Centrality
Measurement on the Operational Experiment:Next, it is

made up for the implemented system again for apply-
ing the organizational closeness centrality measurement
equations to build the activity-centered geodesic dis-
tance matrix and to produce the indexes as well as their
normalized indexes of organizational closeness central-
ities of all the activities. The lower captured-screen of
FIGURE 6 shows the screen snapshot captured from
the implemented system, on which you can see the
measured organizational closeness centralities of all the
activities. TABLE 11 is to list the evenly selected out of
all the measured indexes and standardized indexes of the
organizational closeness centralities of all the activities.
− The measures in the tables show that the

organizational closeness centrality index and its
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FIGURE 6. The Performer-Centered and the Activity-Centered Organizational Closeness Centrality Measurements: The Screen Snapshots Captured
from the Implemented System.

normalized index of the activity α36 are 0.4276 and
0.7500, respectively, and the values are the highest
indexes among all the 50 activities associated in
the five workflow models of the operational exper-
iment. Through these indexes, it is able to capture
the activity-centered organizational knowledge that
the activity, α36, ought to be the most valuable

workflow-activities in fulfilling the corresponding
workflow models in the operational experiment.

3) SUMMARY OF THE EXPERIMENT
Summarily, by showing the implemented system’s opera-
tional experiment, it is able to validate the correctness as
well as the feasibility of the algorithms not only for the
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FIGURE 7. The Workflow Process Model and its Weighted Workflow-Supported Performer-to-Activity Affiliation Network Discoverd from the
Experiment Dataset.

activity-centered geodesic distance measurement but also for
the performer-centered geodesic distance measurement. The
algorithms and the related equations are applied to the imple-
mented system that aims to discover, analyze and visualize
both types of the orgranizational closeness centrality mea-
sures based upon a workflow-supported performer-to-activity
affiliation network. The upper part of FIGURE 6 is a screen
snapshot captured from the system and shows themeasures of
the performer-centered organizational closeness centralities
for all the 16 performers involved in the fiveworkflowmodels
of the operational experiment. The lower part of FIGURE 6
is also captured from the system and shows the measures of
the activity-centered organizational closeness centralities for
all the 50 activities arranged in the five workflow models of
the operational experiment. Based upon these measures, it is
necessary to also measure the extent of group organizational
closeness centralization that gives a dispersion measure indi-
cating the hierarchy of organizational closeness centralities

within the workflow-supported performer-to-activity affili-
ation network discovered from the operational experiment.
These measures can be applied to the equations of the indexes
of group organizational closeness centralizations on both per-
formers and activities as the followings:
• The Index of Group Organizational Closeness Cen-
trality on Performers: The performer having the
observed largest standardized index, OCS

CP(n
∗) =

OCS
CP(φnathaniel) = 0.5263:

• The Index of Group Organizational Closeness Cen-
trality on Activities: The activity having the observed
largest standardized index, OCS

CA(m
∗) = OCS

CA(α36) =
0.7500:

Note that OCS
CP(n

∗) and OCS
CA(m

∗) denote the observed
largest standardized indexes of the organizational closeness
centralities of performers and activities, respectively. From
the observed standardized index measures of the performers,
OCS

CP(n
∗) = OCS

CP(φnathaniel) and OC
S
CA(m

∗) = OCS
CA(α36).
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TABLE 12. The Activity-to-Performer Affiliations Discovered from the CCC2019 Dataset.

OCS
CP(n

+) andOCS
CA(m

+) denote the theoretically maximum
possible standardized indexes of the ogranizational closeness
centralities of performers and activities, respectively, and the
maximum standardized indexes of both are the same values
of OCS

CP(n
+) = 1.0 and OCS

CA(m
+) = 1.0.

B. EXPERIMENT FOR WEIGHTED AFFILIATIONS BETWEEN
PERFORMERS AND ACTIVITIES
As raised the issue in the previous section, the weighted
affiliation concept ought to be meaningfully applicable to
the workflow-supported affiliation network models, too.
A typical case of the weighted affiliation concept ought
to be the workflow process mining activities that dis-
cover workflow-supported affiliation networks with affiliated
occurrences from datasets of workflow process enactment

event logs. Therefore, this section describes a practical exper-
iment that carries out an affiliation relationship discovery
case study and proves that the proposed organizational close-
ness centrality equations and algorithms are extensibly appli-
cable to the weighted affiliation networks.

1) DISCOVERY OF WEIGHTED PERFORMER-TO-ACTIVITY
AFFILIATIONS
The authors’ research group has successfully developed a
workflow process mining system that is also able to dis-
cover the weighted affiliations and their occurrences from
a dataset of workflow process enactment event log traces.
The developed mining system assumes that the traces are
formatted in the 1849-2016 IEEE XES (eXtensible Event
Stream) [50] of a tag-based language, which aims to provide

OCGP =

∑16+50−1
i=1

[
OCS

CP(n
∗)− OCS

CP(ni)
]

maximum
∑16+50−1

i=1

[
OCS

CP(n
+)− OCS

CP(ni)
] =

[
1.5400

]
[
9.1192

] = [0.1689] (22)

OCGA =

∑16+50−1
i=1

[
OCS

CA(m
∗)− OCS

CA(mi)
]

maximum
∑16+50−1

i=1

[
OCS

CA(m
+)− OCS

CA(mi)
] =

[
8.7383

]
[
21.2393

] = [0.4115] (23)
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FIGURE 8. The Captured-Screen of Performer=Centered Affiliations and Activity=Centered Affiliations Discovered from the Experimental Dataset.

a unified and extensible methodology for capturing systems’
behaviors from event logs. The basicXML schema specifying
the structure of the event log stream contains <trace> and
<event> attributes as the tag names of trace objects and
event objects, respectively. For the sake of the operational
experiment, a dataset of workflow process enactment event
log traces is prepared from the 4TU.Research for Data [51],
and the dataset also contains a bunch of the XES-formatted
traces. Note that the dataset was for the Conformance Check-
ing Challenge 2019 (CCC2019) that was a co-located event
of the 1st international conference on process mining 2019.
Moreover, the dataset is about the enactment history of a
medical training process model and collected a course deliv-
ery from an institution that teaches future doctors how to
perform a CVC (Central Venous Catheter) installation and
how medical students learn how to install the medical treat-
ment with ultrasound. In the dataset, there are total 20 traces,
1394 events, 29 activities, and 10 performers.

FIGURE 7 shows the workflow process model and
its weighted bipartite graph of the workflow-supported
performer-to-activity affiliation network discovered from the

CCC2019 dataset. Theweighted bipartite graph on right-hand
side is discovered from the workflow process model on the
left-hand side. As you can see in the right-hand side of the
figure, the performer-to-activity affiliation relationships have
such numbers as their own occurrences. The total number
of affiliation relationships on the weighted bipartite graph is
287 occurrences alongwith all the edges between 10 perform-
ers and 29 activities. TABLE 12 is the list of the affiliation
relationships between the activities and the performers7 dis-
covered from the dataset.

The workflow process mining system finally generates a
textual form of the extended XPDL-based workflow process
model discovered from the dataset, and then it is able to
export to the corresponding file so as for anyone to import
the discovered XPDL-based workflow process model to
the discovery and analysis system of affiliation networks
introduced in the previous experiment. As the final result

7The identifiers of the performers are labeled by P1 ∼ P10 in the table.
Each of the discovered identifiers is corresponding to R-13-1C, R-14-1D, R-
21-1F, R-31-1G, R-32-1H, R-33-1L, R-45-2A, R-46-2B, R-47-2C, R-48-2D,
respectively.
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FIGURE 9. The Performer-Centered and the Activity-Centered Organizational Closeness Centrality Measures of the Discovered Affiliation Network.

after importing the discovered XPDL-based workflow pro-
cess model, the discovery and analysis system discovers
the workflow-supported performer-to-activity affiliation net-
work as shown in FIGURE 8. The upper captured-screen
in the figure shows a group of red-colored circles
(representing activities) affiliated with the specific performer
named as ‘‘R_31_1G,’’ whereas the lower captured-screen
shows a group of blue-colored boxes (representing per-
formers) affiliated with the specific activity titled as ‘‘Hand
washing.’’

2) MEASUREMENTS OF THE ORGANIZATIONAL CLOSENESS
CENTRALITIES
For the weighted bipartite graph model of the discov-
ered workflow-supported performer-to-activity affiliation
network discovered in the previous subsection, another
operational experiment is carried out for measuring the orga-
nizational closeness centralities on all the performers (e.g.
10 performers) as well as all the activities (e.g. 29 activi-
ties). The operational experiment applies the implemented
discovery and analysis system to the weighted bipartite graph
in order to measure the performer-centered organizational
closeness centralities as well as the activity-centered organi-
zational closeness centralities as followings:

1) Performer-Centered Organizational Closeness
Centrality Measurement: First of all, by using the
implemented system, the experiment measured the
performer-centered organizational closeness centralities
with the performer-centered geodesic distance matrix
and the indexes and their standardized indexes of orga-
nizational closeness centralities of the performers. The
upper captured-screen of FIGURE 9 shows the organiza-
tional closeness centrality measures on all the perform-
ers in the screen snapshot captured from and produced
by the discovery and analysis system, and the left part
of TABLE 13 is to list all the standardized indexes
of the organizational closeness centralities on all the
performers involved in the discovered workflow process
model.
− The measures in the table show that the standardized

index of organizational closeness centrality of the
performers,P2 : R−14−1D andP4 : R−31−1G, are
0.81 equally, and the measures are the highest index
among all the performers involved in the discovered
workflow process model. Through these indexes, it is
able to capture the human-centered organizational
knowledge that the performers, P2 : R−14−1D and
P4 : R−31−1G, are not only interacting with others
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TABLE 13. The Performer-Centered and the Activity-Centered Organizational Closeness Centrality Measures.

by communicating most directly or through most few
intermediaries but also participating most directly to
the workflow-activities in performing the instances
of the discovered workflow process model. Conclu-
sively speaking, it is analytically predicted that the
performers, P2 : R − 14 − 1D and P4 : R − 31 −
1G, ought to be the most interactive employees with
others as well as the most knowledgeable employees
on business activities in the enactment histories of all
the instances spawned from the discovered workflow
model.

2) Activity-Centered Organizational Closeness Central-
ity Measurement: Next, the operation experiment
applied the discovery and analysis system again to
the weighted bipartite graph model discovered from
the CCC2019 dataset, and measured the organizational
closeness centralities with the activity-centered geodesic
distance matrix and the normalized indexes of organi-
zational closeness centralities of all the activities. The
lower captured-screen of FIGURE 9 shows the screen
snapshot captured from the discovery and analysis sys-
tem, on which you can see the measured organizational
closeness centralities of all the activities. the right part
of TABLE 13 is to list the all the measured standardized
indexes of the organizational closeness centralities of all
the activities.
− The measures in the table show that almost all

activities have the same normalized indexes in

their organizational closeness centralities except four
activities, such as Check wire in short axis, Doppler
identification, Position patient, and Wire in good
position activities, and their index values are 0.56,
0.50, 0.50, and 0.54, respectively. The highest index
value among all the 29 activities associated in
the discovered workflow process model is 0.58.
Through these indexes, it is able to capture the
activity-centered organizational closeness centrality
knowledge that almost all of the activities ought to
be themost valuable workflow-activities in the enact-
ment histories of all the instances spawned from the
discovered workflow model.

VI. CONCLUSION
This paper has investigated the algorithmic formalisms
of the organizational closeness centralities for measur-
ing ‘‘the degrees of farnesses’’ on a workflow-supported
performer-to-activity affiliation network, after all which
will be used for quantifying the work-intimacy (and
work-farness) degrees and the work-connectivity degrees
between performers as well as between activities, respec-
tively, in a workflow-supported organization. This paper
has also introduced a series of numerical formulae and
their algorithms of organizational closeness centralities on
a workflow-supported performer-to-activity affiliation net-
work and its implications as meaningful mechanisms for
human-centered organizational knowledge discovery and
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analysis. Particularly, it has restated the mathematical
equations for the two types (performer-centered and activity-
centered) of organizational closeness centrality measure-
ments, and developed their functional algorithms that can be
used for implementing those organizational closeness cen-
trality measurements. In addition, the proposed concept of
organizational closeness centrality has been mathematically
as well as systematically verified, and its functional equations
and algorithms are also validated by carrying out two cases
of operational experiments. In the operational experiments,
we carried out not only applying the proposed formalisms and
algorithms to an information control net of the synthetic five
workflow models selected for the operational experiment,
but also implementing them as an analytics and visualization
system.

As future works, we have plans not only to implement
those concepts and algorithms for the organizational close-
ness centrality measurements as the fundamental analysis
functions of a human-centered organizational knowledge and
intelligent management system, but also to extend them to
be applicable to the advanced properties of the organizational
closeness centrality on the workflow-supported performer-to-
activity affiliation networks. Furthermore, we will develop a
series of equations and algorithms dealing with the remaining
centrality types like betweenness and eigenvalue centralities,
too.
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