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Abstract—The purpose of this paper is to build a theoret-
ical approach for numerically analyzing closeness centrality
measures among workflow-actors of workflow-supported social
network models to be formed through BPM(workflow)-driven
organizational operations. The essential part of the proposed
approach is a closeness centrality analysis equation to calculate
each performer’s closeness centrality measure on a workflow-
supported social network model. In this paper, we try to develop
an algorithm that is able to efficiently compute the closeness
centrality analysis equation suggested from the conventional
social network analysis literature, and eventually the developed
algorithm will be applied to analyzing the degree of work-
intimacy among those workflow-actors who are allocated to
perform the corresponding workflow model.
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I. I NTRODUCTION

Recently, the workflow literature just starts being focusedon
”People”[1][3]. It starts from the strong belief that social rela-
tionships and collaborative behaviors among people who are
involved in enacting the specific workflow models affect the
overall performance and being crowned with great successes
in the real businesses and the working productivity as well.
So, research and development issues of applying the concept
of social network and its analysis methods to workflow models
have been emerging in the literature. There have been existing
two main branches of research approaches in adopting social
network techniques onto workflow-supported organizations;
One is so-called workflow-supported social networkdiscovery
issues, the other has something to do with so-called workflow-
supported social networkrediscovery issues. The latter is
concerned with mining social networking knowledge from
workflow event logs, which was firstly issued by [2]; the for-
mer is to discover social network knowledge through exploring
the human perspective of a group of workflow models, which
was issued at first by [7].

The research group of the authors has introduced the basic
concept of workflow-supported social networks in [7], and
its related formalisms have also been defined through the
frameworks[6][7][8] providing organizational knowledgedis-
covery methodologies. However, those frameworks cope only

with a bare couple of formalisms, like a degree-centrality anal-
ysis technique, in terms of analyzing the workflow-supported
social networking knowledge and its representative models.
It ought to be definitely necessary for the frameworks to be
equipped with more sophisticated and diversified analysis tech-
niques, such as closeness-centrality, betweenness-centrality,
eigenvalue-centrality, correspondence analysis, and so on, in
order to be practically applied into a real organizational world.

In this paper, we try to conceive an algorithmic formalism
of closeness-centrality measurements to quantitatively analyze
workflow-supported social networking knowledge and models.
The eventual goal of the formalism proposed in this paper
is to numerically measure and calculate the degree of work-
intimacy among employees involved in a workflow model or a
workflow package (a group of inter-relevant workflow models)
on a workflow-driven organizational environment.

II. FORMAL DEFINITION OF WORKFLOW-SUPPORTED

SOCIAL NETWORKS

In this subsection, we start from introducing the basic
concept and definition of workflow-supported social network
model that can be used for a knowledge representation the-
ory of workflow-supported social networking knowledge that
might be either discovered from workflow models or redis-
covered from workflow execution logs. Basically, the origin
of the workflow-supported social network model is the actor-
based workflow model[1], and its rationale is on where it
represents the behaviors of acquisitioning activities among
actors in a workflow model, which we would call workflow-
supported social relationships that form this special typeof
social networks.

As given in the formal definition, [Definition 1], of the
workflow-supported social network model, the behaviors of
the model are revealed through incoming and outgoing
directed arcs labeled with activities associated with
each of actors. The directed arcs imply two kinds of
behaviors—workflow-supported social relationships and
activity acquisition of actors—through which we are able to
get precedence (candidate-predecessor knowledge/candiate-
successor knowledge) knowledge among actors as well as
activity acquisition of each actor in a workflow model. In
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terms of defining actor’s predecessors and successors, we
would use the prepositional word,“candidate”, because a
role-actor mapping is an one-to-many relationship knowledge,
and the actor selection mechanism will choose one actor
out of the assigned actors mapped to the corresponding role
during the underlying workflow model’s runtime.

[Definition 1] Workflow-supported Social Network
Model. A Workflow-supported Social Network Model is for-
mally defined asΛ = (σ, ψ,S,E), over a setC of performers,
and a setA of activities, where
• S is a finite set of coordinators or coordinator-groups

connected from some external workflow-supported social
network models;

• E is a finite set of coordinators or coordinator-groups
connected to some external workflow-supported social
network models;

• σ = σi ∪ σo /* Social Relationships: successors and pre-
decessors */
where,σo : C −→ ℘(C) is a multi-valued function map-
ping a performer to its sets of (immediate) candidate-
successors, andσi : C −→ ℘(C) is a multi-valued func-
tion mapping a performer to its sets of (immediate)
candidate-predecessors;

• ψ = ψi ∪ ψo /* Acquisition of Activities */
where,ψi : C −→ ℘(C) is a multi-valued function re-
turning a bag1 of previously worked activities,(K ⊆ A),
on directed arcs,(σi (o), o), o ∈ C, from σi(o) to o; and
ψo : C −→ ℘(C) is a multi-valued function returning a
set of acquisition-activities,(K ⊆ A), on directed arcs,
(o, σo(o)), o ∈ C from o to σo(o);

In principle, a workflow-supported social network model is
graphically represented by a directed graph characterizedby
multiple-incoming arcs, multiple-outgoing arcs, cyclic,self-
transitive, and multiple-activity associations on arcs. Addition-
ally, it can be also transformed to an undirected graph for ana-
lyzing closeness centralities among the associated performers.

III. A LGORITHMIC FORMALISM FOR CLOSENESS

CENTRALITY MEASUREMENTS

There exist several social network analysis techniques and
algorithms for the centrality measures. Particularly among
them, the most widely used centrality measures are degree,
closeness, and betweenness, and these measures not only vary
in their applicability to nondirected and directed relations,
but also differ at the individual actor and the group or
complete network levels. As stated in the previous section,
we are interested in quantitatively measuring the degree of
closeness centrality of a workflow-supported social network by
borrowing the well-known techniques[4] in the social network
analysis literature. The analyzed measurements of closeness
centrality reflect how near a performer is to the other per-
formers in a workflow-supported social network. Ultimately,
the implication of the algorithmic formalism to be deployed
in this section aims to answer for the following question:

1The bag theory is same to the set theory except allowing duplicated
members.

• How quickly can a performer interact with others in
enacting the associated workflow procedure by commu-
nicating directly or through very few intermediaries?

A. SocioMatrix

In principle, the social network analysis literature suggests
two classes—binary directed/nondirected SocioMatrix and
valued directed/nondirected SocioMatrix—of SocioMatrices
and graphs to analyze cognitive social structures, and it uses
them to construct a sociogram[4] that is a two-dimensional
diagram for displaying the relations among nodes in a bounded
social system. The term,directed, indicates directed rela-
tions or ties from the node at the tail to the node at the
arrowhead (e.g. giving advice); while the term,nondirected
(no arrowheads), implies mutual relations. Likewise, whena
directed/nondirected graph is transformed to a SocioMatrix,
the term, binary, implies the most basic measurement, the
presence or absence of a tie, which is a dichotomy indicated
by binary values of 1 and 0, respectively; also SocioMatrices
may includenonbinary or valued cells, reflecting the intensity
of relations or ties, such as frequency of contacts, tie strength,
or magnitude of associations, and therefore the cell entries in
SocioMatrix can vary from 0 to the maximum level of dyadic
interactions.

The authors’ research group had devised a series of
algorithms[7][8] that is able to transform a workflow-
supported social network model to any possible types of
SocioMatrices. In this paper we simply introduce one of the
algorithms as followings, which produces a binary nondirected
SocioMatrix,Z[N,N ], whereN is the number of performers,
from a formally defined workflow-supported social network
model.

Binary NonDirected SocioMatrix Generation Algorithm
Input A Workflow-supported Social Network, Λ = (σ, ψ,S,E);
Output A Binary Nondirected SocioMatrix, Z[N,N ], where N is the

number elements in the set of C performers.
Begin Procedure

Initialize all entries of Z[N,N ] To Zeroes ;
For ( ∀o ∈ C ) Do

Begin
/* Set the Incoming Relations to Z[N,N ] */

Set One To entries of Z[o, each member of σi (o)];
/* Set the Outgoing Relations to Z[N,N ] */

Set One To entries of Z[o, each member of σo(o)];
End

End Procedure

B. Equations

Based upon the SocioMatrix,Z[N,N ], we are able to
calculate the closeness centrality measures by applying the
equations given in [4]. That is, through the closeness centrality
concept and its measurements we can obtain a reasonable
level of analysis results, which is enough to answer to the
issued question stated in the beginning of the section. The
closeness centrality measures can be applied to the individual
performer (individual closeness centrality) as well as the group
of performers (group closeness centrality).

1) Individual Closeness Centrality Equation: An individual
performer’s closeness centrality is a function of its geodesic
distance to all other performers. The geodesic distance im-
plies the length of the shortest path connecting a dyad in
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a workflow-supported social network. The conceptual impli-
cation of the individual closeness centrality refers to how
quickly a performer can interact with others by communicating
directly or through very few intermediaries. Conclusively, for
a binary nondirected workflow-supported social network with
g performers, the index of individual closeness centrality[4] is
computed as the inverse of the sum of the geodesic distances
between performeri and the(g − 1) other performers, where
d(Ni, Nj) represents the geodesic distance between two per-
formers,i andj.

• The Index of Individual Closeness Centrality

CC(Ni) =
1





g
∑

j=1

d(Ni, Nj)





(i 6= j) (1)

• The Standardized Index of Individual Closeness Central-
ity

CSC(Ni) = (g − 1) · [CC(Ni)] (2)

As you see, the measures computed from the equation (1)[4]
can never be0.0 because division by zero is mathematically
undefined. Thus, closeness centrality scores cannot be com-
puted for isolated performer, which is the case of that only
a single performer is assigned to enacting the corresponding
workflow procedure. Also, we can predict that the lowest
closeness centrality values, which is the case of the highest
sum of the geodesic distances between a focal performer and
others, result either from a performer in a relatively large
network or a performer in a small network with relatively long
geodesic distances from others.

The equation (2)[4] is for standardizing the index of indi-
vidual closeness centrality by multiplying by(g−1). Suppose
that an individual performer is close to all others, which means
that the performer has a direct tie to everyone in the network.
Thus the computed index values will be vary according to their
network sizes. In order to control the size of the network, itis
necessary for the individual index to be standardized so as to
allow meaningful comparisons of performers across different
networks.

2) Group Closeness Centrality Equation: Group closeness
centrality is a dispersion measure indicating the hierarchy of
closeness centralities within a network. That is, the group
closeness centrality implies the extent to which performers
in a given network differ in their closeness centralities. The
index of group closeness centrality is computed as followings:

• The Index of Group Closeness Centrality

CC =

g
∑

i=1

[

CSC(N
∗)− CSC(Ni)

]

[(g−2)(g−1)]
(2g−3)

(3)

In the equation (3)[4],CSC(N
∗) denotes the largest in-

dividual closeness centrality observed in a network, and
CSC(Ni) are the individual closeness centrality of the (g − 1)
other performers. The maximum value of the indexed group
closeness centrality ought to be1.0 when the corresponding
network forms a completely uneven distribution of individual

closeness centralities, in the case of that a single performer
has the maximum closeness centrality and all others have the
minimum closeness centralities. In contrast, the index of group
closeness centrality equals to0.0 when every performer has
the same individual closeness centrality score.

Conclusively, the index of group closeness centrality mea-
surement in a workflow-supported social network may take
values between0.0 and 1.0. The closer that group closeness
centrality measure is to1.0, the more uneven or hierarchical is
the closeness centrality of performers in a workflow-supported
social network; while on the other hand, the closer the measure
is to 0.0, then the more the closeness centrality of the
workflow-supported social network is evenly dispersed.

C. Algorithm

Based upon the equation (1) of the index of individual
closeness centrality, we have devised an algorithm with a
recursive function, which is able to compute the closeness
centrality measures,CC(N1), . . . , CC(Nn), for all of the
individual performers. The details of the algorithm (named
iCcMeasurement and iDistance) are followings:

The Individual Closeness Centrality Analysis Algorithm:

Global A Binary Nondirected SocioMatrix, Z[N,N ];
Global A Set of Individuals, C;
Global A Set of Traversed Individuals, T;
Global A Set of Distance Values, depth[N ];

Procedure Name: iCcMeasurement
Input A Binary Nondirected SocioMatrix, Z[N,N ];
Output Individual Closeness Centralities, CC(o1), . . . , CC(on);
Local A Distance Matrix, Depth[N,N ];
Begin Procedure

For (∀oi ∈ C )
For (∀oj ∈ C, oi 6= oj )
Depth(oi, oj)← 1;
Switch (Z[oi, oj ])

case 1: /* direct tie between oi and oj . */
Cc(oi)← Cc(oi) +Depth(oi, oj);
break;

case 0: /* no direct tie between oi and oj . */
Initialize

(depth(o1) . . . depth(on))← N ;
T← oi;
Depth(oi, oj)← iDistance(oi, oj);
Cc(oi)← Cc(oi) +Depth(oi, oj);
break;

Rof
Rof
Return 1

Cc(o1)
, . . . , 1

Cc(on)
;

End Procedure

Procedure Name: iDistance
Input The source individual, os, and the destination individual, od;
Output The shortest distance between os and od;
Local A Set of Direct-tied Individuals, D;
Begin Procedure

D← ∅;
T← T ∪ {os};
For ( ∀oi ∈ C )

If ( Z[os, oi] = 1 ) D← D ∪ {oi};
Rof;
For ( ∀oi ∈ D )

If (Z[oi, od] = 1 )
depth(oi)← 1;
depth(oi)← depth(oi) + 1;
Return depth(oi);

Fi;
Rof;
For (∀oi ∈ D ∧ oi 6∈ T )

depth(oi)← iDistance(oi, od) + 1;
D← D − {oi};

Rof;
Return Minimum{depth(o1), . . . , depth(om)};

/* m is the no. of members in D. */
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End Procedure

As you see, the time complexity of the algorithm is©(n2).
The main algorithm namediCcMeasurement() procedure
forms a typical double-loop construct with a recursive func-
tion, iDistance(), that can be computed in a constant time,
©(1), because the number of members of the set,D, ought
to be much smaller than the number of individual performers.
Consequently, by using the algorithm conceived in this paper
we are able to measure not only the standardized index of
individual closeness centrality but also the group closeness
centrality for a workflow-supported social network. Due to the
page limitation, we won’t describe the details of the remainder
algorithms and their application examples to verify those
algorithms. However, we strongly believe that the proposed
algorithms work correctly without any logical mistakes.

IV. RELATED WORK

Recently, the workflow literature just starts being focused
on social and collaborative work analysis on process-oriented
organizations. Particularly, our work, workflow-supported so-
cial networking knowledge analysis, is directly related with
a converged issue of social networks analysis issue and its
visualization issue, which we need to dig into more specifically
and profoundly as the future works of this research results.A
typical one of a few research results on the social network
analysis issue might be [6]. In this Ph.D. research, the thesis
tried to build a fundamental theory of discovering organi-
zational work-sharing networks, which would be a special
type of social networks, from a specific workflow procedure.
The organizational work-sharing networks discovered fromthe
workflow procedure have been analyzed by a new statistical
analysis approach. And [7] has also proposed a framework
for discovering and analyzing workflow-supported social net-
works. However, the framework’s analysis functionality sup-
ports only the degree centrality analysis capabilities, which
is the simplest analysis techniques out of the four typical
centrality analysis techniques, such as degree, closeness, be-
tweenness, and eigen-value centrality measurements. Based
upon the results of this paper, we have a plan to extend
the framework by developing the closeness centrality analysis
functionality in the near future.

V. CONCLUSION

In this paper, we suggested a possible way of view-
ing the knowledge and collaborative behaviors among
workflow-supported people by converging the social net-
work analysis techniques[4] and the workflow discovering
techniques[2][3][6][7]. At this moment, it is important to
emphasize that the workflow-supported social network model
won’t be modeled or designed but automatically discovered
from a workflow model. So, we need to devise an automatic
analysis functionality and methodology for the discovered
workflow-supported social network model. The algorithm pro-
posed in this paper ought to be an impeccable solution for
developing the automatic analysis and visualization function-
alities for workflow-supported social networking knowledge

management systems. Likewise, as a future work, we need
to develop the remainder centrality analysis techniques, like
betweenness and eigen-value centralities, to be applied to
workflow-supported social network models.
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