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Abstract—The purpose of this paper1 is to conceive an algo-
rithmic approach to measure betweenness centralities among per-
formers in a workflow-supported org-social network model. The
essential part of the approach is a betweenness centrality analysis
algorithm to calculate each performer’s betweenness centrality
and group betweenness centrality on a corresponding workflow-
supported org-social network model. We strongly expect that the
developed algorithm will be applied to analyzing the degree of
work-mediation of each of the performers who are allotted to
perform a corresponding workflow procedure.

Keywords: workflow-supported org-social networking

knowledge, ICN-based workflow model, betweenness

centrality analysis, organizational knowledge discovery,

business process intelligence

I. INTRODUCTION

Recently, the workflow literature just starts being focused

on“People[1][2].” It starts from the strong belief that organiza-

tional relationships and collaborative behaviors among people

who are involved in enacting the specific workflow procedures

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 amalgamating

the concept of social networks with the workflow-supported

organizational behaviors have arisen in the literature as the

likes of “workflow-supported org-social network[3][4]” and

“workflow-supported org-affiliation network[5][6].” There are

two main branches of the issues in adopting the social network

techniques[7] onto workflow-supported organizational behav-

iors; One is discovery issue, and the other is rediscovery issues.

The latter is concerned with mining org-social networking

knowledge from workflow enactment event logs, which was

firstly issued by Aalst, et al.[8]; the former is to discover org-

social networking knowledge through exploring the human

perspective of a group of workflow models, which was issued

at first by Song, et al. [3].

We are particularly interested in an algorithmic analysis

and measurement approach of a workflow-supported org-

social network. The authors’ research group has been de-

veloping a framework[3][9] based upon the basic concept

of workflow-supported org-social networks and its related

1This research was supported by the Gyeonggi Regional Research Center
Program (Grant No. 2013-0548) of the contents convergence software research
center at Kyonggi University funded by the Province of Gyeonggi, Republic
of Korea.

analysis methods, like centrality, prestige, and clique analysis

equations and techniques[7]. It ought to be definitely nec-

essary for the framework to be equipped with more sophis-

ticated and diversified analysis techniques, such as degree-

centrality, closeness-centrality[4][10], betweenness-centrality,

eigenvalue-centrality, correspondence analysis, and so on, in

order to be practically applied into a real organizational

world. As one of those efforts, in this paper, we try to

conceive an algorithmic formalism of betweenness-centrality

measurements to quantitatively analyze workflow-supported

org-social networking knowledge and models. The eventual

goal of the formalism is to numerically measure and calculate

the degree of work-mediation among employees involved in a

corresponding workflow procedure on a workflow-supported

organizational environment.

II. PRELIMINARY

In this section, we start from introducing the basic con-

cept and definition of workflow-supported org-social network

model that can be used for a knowledge representation theory

of workflow-supported org-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 org-social network model is the

actor-based workflow model[1], and its rationale is on where

it represents the behaviors of acquisition activities among

actors in a workflow model, which we would call workflow-

supported org-social relationships that form this special type

of social networks.

As given in the formal definition, [Definition 1], of

the workflow-supported org-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/candidate-

successor knowledge) knowledge among actors as well as

activity acquisition of each actor in a workflow model. In

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
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out of the assigned actors mapped to the corresponding role

during the underlying workflow model’s runtime.

[Definition 1] Workflow-supported Org-Social Network

Model. A workflow-supported org-social network model is for-

mally defined as Λ = (σ, ψ, S,E), over a set C of performers,

and a set A of activities. Note that ℘() is a power-set function.

• S is a finite set of coordinators or coordinator-groups

connected from some external workflow-supported org-

social network models;

• E is a finite set of coordinators or coordinator-groups con-

nected to some external workflow-supported org-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, and σi : 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 bag2 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 org-social network

model is graphically represented by a directed graph character-

ized by multiple-incoming arcs, multiple-outgoing arcs, cyclic,

self-transitive, and multiple-activity associations on arcs. Ad-

ditionally, it can be also transformed to an undirected graph

for analyzing betweenness-centralities among the associated

performers.

III. ALGORITHMIC FORMALISMS FOR BETWEENNESS

CENTRALITY ANALYSIS

The most widely-used and basic methods that can be applied

to analyze workflow-supported org-social networks are den-

sity, centrality, prestige, cohesiveness, structural equivalence,

clustering, multidimensional scaling, and blockmodels. Out

of them, we are particularly concerned about the workflow-

performer’s prominence properties that are sought and quanti-

fied within a complete org-social network by summarizing the

structural relations—typically centrality measures—among all

nodes. In this section, we explicate a series of formulas and

algorithmic formalisms that are needed to quantify the levels

of prominences through the centrality method and its detailed

analysis measures.

A. Implications

The primary use of the centrality method is to identify

the important or prominent performers at both the individ-

ual and group levels of analysis. In general, the individual

2The bag theory is same to the set theory except allowing duplicated
members.

performer’s centality reflects its greater visibility to the other

performers, whereas the group-level indices of centralization

assess the extent of an org-social network’s dispersion or

inequality among all performer prominences. In the centrality

aspect, the prominent performer has high involvement in many

relations, regardless of whether sending or receiving ties in a

corresponding workflow-supported org-social network.

The most widely-used centrality measures are degree, close-

ness, eigen-value, and betweenness. These measures vary in

their applicability to non-directed and directed relations and

differ at the individual performer and the whole group of a

complete org-social network. We are particularly interested in

quantitatively measuring the degree of betweenness centrality

of a workflow-supported org-social network by extensively

revising the well-known formulas[7] in the conventional so-

cial network analysis arena. The analyzed measurements of

betweenness centrality reflect how other performers control

or mediate the relations between dyads that are not directly

connected in a workflow-supported org-social network. The

individual performer’s betweenness centrality gives the mea-

surement of the extent to which other performers lie on the

shortest distance between a pair of performers in the org-social

network. Ultimately, the betweenness centrality measure gives

a significant indicator of control over information exchange

or resource flows within a workflow-supported org-social

network. The implication of the algorithmic formalism to be

deployed in this section aims to answer the following question:

• How much can a performer mediate (or control) the rela-

tions between other performers in enacting the associated

workflow procedure?

B. SocioMatrix: Mathematical representation of a workflow-

supported org-social network

The workflow-supported org-social network is mathemati-

cally represented by two classes—binary directed/nondirected

SocioMatrix and valued directed/nondirected SocioMatrix—of

socio-matrices so as to be analyzing cognitive organizational

work-sharing structures. We use the socio-matrices to con-

struct a sociogram[7] that is a two-dimensional diagram for

displaying the work-sharing relations among performers in a

bounded workflow procedure. The term, directed, indicates

directed relations or ties from the performer at the tail to

the performer at the arrowhead; while the term, nondirected

(no arrowheads), implies mutual relations. Likewise, when a

directed/nondirected org-social network is transformed to a

SocioMatrix, the term, binary, implies the most basic measure-

ment, the presence or absence of a tie, which is a dichotomy

indicated by binary values of 1 and 0, respectively; also socio-

matrices may include nonbinary 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 the SocioMatrix can vary from 0 to the maximum

level of dyadic interactions.

The authors’ research group had devised a series of al-

gorithms that are able to transform a workflow-supported

org-social network model into any possible types of socio-

matrices. Without any further explanation, we simply in-
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troduce the algorithms as followings, each of which pro-

duces binary directed SocioMatrix(Zbin[N,N ], Z
b
out[N,N ]),

binary nondirected SocioMatrix(Zb[N,N ]), valued directed

SocioMatrix((Zvin[N,N ], Z
v
out[N,N ])), and valued nondi-

rected SocioMatrix((Zv[N,N ]), where N is the number of

performers, from a formally defined workflow-supported org-

social network model.

Binary Directed SocioMatrix Generation Algorithm
Input A workflow-supported org-social network, Λ = (σ, ψ,S,E);
Output Two symmetric binary SocioMatrices, Z

b
in(N,N) and

Z
b
out(N,N), where N is the number elements in the set of C

actors.
Begin Procedure

Initialize all entries of Zb
in(N,N) To Zeroes ;

Initialize all entries of Zb
out(N,N) To Zeroes ;

For ( ∀o ∈ C ) Do
Begin

/* The Incoming Relations of Zb
in(N,N) */

Set One To entries of bZin(o, each member of σi (o));
/* The Outgoing Relations of Zb

out(N,N) */
Set One To entries of bZout(o, each member of σo(o));

End
End Procedure

Binary Non-Directed SocioMatrix Generation Algorithm
Input A workflow-supported org-social network, Λ = (σ, ψ,S,E);
Output A symmetric binary SocioMatrix, Zb(N,N), where N is the

number elements in the set of C actors.
Begin Procedure

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

Begin
/* Set the Incoming Relations to Z

b(N,N) */
Set One To entries of bZ(o, each member of σi (o));

/* Set the Outgoing Relations to Z
b(N,N) */

Set One To entries of bZ(o, each member of σo(o));
End

End Procedure

Valued Directed SocioMatrix Generation Algorithm
Input A workflow-supported org-social network, Λ = (σ, ψ,S,E);
Output Two symmetric valued SocioMatrices, Z

v
in(N,N) and

Z
v
out(N,N), where N is the number elements in the set of C

actors.
Begin Procedure

Initialize all entries of Zv
in(N,N) To Zeroes ;

Initialize all entries of Zv
out(N,N) To Zeroes ;

For ( ∀o ∈ C ) Do
Begin

/* Add the Incoming Relations to Z
v
in(N,N) */

Add One To entries of vZin(o, each member of σi (o));
/* Add the Outgoing Relations to Z

v
out(N,N) */

Add One To entries of vZout(o, each member of σo(o));
End

End Procedure

Valued Non-Directed SocioMatrix Generation Algorithm
Input A workflow-supported org-social network, Λ = (σ, ψ,S,E);
Output A symmetric valued SocioMatrix, Zv(N,N), where N is the

number elements in the set of C actors.
Begin Procedure

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

Begin
/* Add the Incoming Relations to Z

v(N,N) */
Add One To entries of vZ(o, each member of σi (o));

/* Add the Outgoing Relations to Z
v(N,N) */

Add One To entries of vZ(o, each member of σo(o));
End

End Procedure

C. Individual Betweenness Centralization Analysis

Based upon the socio-matrices, we are able to measure the

betweenness centralization by applying the formulas given

in [7]. Through the betweenness centrality method 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 betweenness centrality

measures can be applied to the individual performer (individ-

ual betweenness centrality) as well as the group of performers

(group betweenness centrality) in a workflow-supported org-

social network. In this subsection, we develop an individual

betweenness centrality analysis algorithm based upon the

formulas of the individual betweenness centralization.

1) Formula: As well-stated in [7], an individual performer’s

betweenness centrality is based on an essential function of

Gjk denoting the number of possible geodesic paths (shortest

distances) between the two performer-nodes j and k. Gjk(Ni)
gives the number of geodesics containing the performer-node

i out of Gjk. So, the proportion dividing Gjk(Ni) by Gjk
gives the ratio of geodesic paths connecting j and k through

performer-node i.

At this moment, we would emphasize that we do apply

not the concept of geodesic path but the concept of work-

transferring path to the formulas on workflow-supported org-

social networks. The geodesic path implies the shortest dis-

tance between two nodes, which is inappropriate for the

workflow-supported org-social networks. The formulas use

all the possible paths rather than only the shortest paths in

formalizing the betweenness centralization. At last, the work-

transferring path implies a possible line connecting an arbitrary

dyad (two performer-nodes) on a workflow-supported org-

social network. Performer j has to go through performer i

to collaborate with performer k. Performer-node i has respon-

sibility or control over the work-content and shift-timing in

transmitting work-opportunity between performer-nodes j and

k. The more often that performer-node i is located on the

work-transferring path between numerous dyads, the higher

performer-node i has potential to control work-collaborating

interactions.

The conceptual implication of the individual betweenness

centrality refers to how much a performer can control or

mediate the work-transferring between numerous dyads. So,

let’s redefine the meanings of the functions, Gjk and Gjk(Ni).
An individual performer’s betweenness centrality is based on

an essential function of Gjk denoting the number of possible

work-transferring paths between the two performer-nodes j

and k. Gjk(Ni) gives the number of work-transferring paths

containing the performer-node i out of Gjk . The proportion

dividing Gjk(Ni) by Gjk gives the ratio of work-transferring

paths connecting j and k through performer-node i. Conclu-

sively, for a binary nondirected workflow-supported org-social

network with g performers, the individual closeness centrality

measures are computed by summing of the proportions of the

geodesic paths between all the dyads in which performer-node

i involved, as shown in the following formulas:

• The Index of Individual Betweenness Centrality

CB(Ni) =
∑

j<k

Gjk(Ni)

Gjk
(1)

• The Standardized Index of Individual Betweenness Cen-

trality

CSB(Ni) =
CB(Ni)× 2

(g − 1)(g − 2)
(2)
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As you see, the measures computed from the formula

(1)[7] can be 0.0 if performer-node i is not involved in

any work-transferring paths for all the dyads, whereas they

can be
(g−1)(g−2)

2
3 if performer-node i falls on every work-

transferring path for all the dyads with assuming only when

each dyad (pair of j and k) has no more than one work-

transferring path.

In order to control the size of the org-social network,

it is necessary for the individual index to be normalized

between 0.0 and 1.0 so as to allow meaningful comparisons of

performers across different org-social networks. The formula

(2)[7] is for standardizing the index of individual betweenness

centrality by multiplying the maximum theoretical value of
(g−1)(g−2)

2 . Note that the maximum theoretical value ought to

be larger than
(g−1)(g−2)

2 if a dyad has more than one work-

transferring path.

2) Algorithm: We develop an algorithm concretizing the

index of individual betweenness centrality of the formula

1. The algorithm is able to calculate the basic functions of

Gjk and Gjk(Ni) for a specific performer-node, oi, through

the procedure name of iCBMeasurement with a recursive

subroutine of iGeodesicPath. The algorithm described in

this section uses a binary nondirected socio-matrix as input.

However, we can extensively apply this algorithm to the

remainder of other types of socio-matrices.

The Individual Betweenness Centrality Analysis Algorithm:

Global A Binary Nondirected SocioMatrix, Zb[N,N ];
Global A Set of Individuals, o1, . . . , on, C;
Global A Set of Traversed Individuals, T;
Global A WorkTransferring Matrix, G[N,N ];
Global A iWorkTransferring Matrix, iG[N,N ];
Global The Source individual, os;
Global The Mediate individual, om;
Global The Destination individual, od;

Procedure Name: iCBMeasurement
Input Performer, oi;
Input A Binary Nondirected SocioMatrix, Zb[N,N ];
Output Performer oi ’s Individual Betweenness Centrality, CB(Ni);
Begin Procedure

Initialize
(G[o1, o1], . . . , G[on, on])← 0;
(iG[o1, o1], . . . , iG[on, on])← 0;
om ← oi;

For ( ∀oj ∈ C )
For ( ∀ok ∈ C, oj 6= ok ∧ j < k )
os ← oj ; od ← ok;
G[oj, ok], iG[oj, ok]← iWorkTransferringPath(oj);

Rof
Rof

Return

N∑

j=1

N∑

k>j

iG[oj, ok]

G[oj, ok]
;

End Procedure

Procedure Name: iWorkTransferringPath
Input The candidate individual, oc;
OutputGcnt: The no. of work-transferring paths between os and od;
Output iGcnt: The no. of work-transferring paths between os and od

through the mediator, om;
Local A Set of Direct-tied Individuals, D;
Begin Procedure

D← ∅; Gcnt ← 0; iGcnt ← 0;
T← T ∪ {oc};
For ( ∀oi ∈ C )

If ( Zb[oc, oi] = 1 ∧ oi /∈ T ) D← D ∪ {oi};
Rof;
If ( D = ∅ )

3Excluding performer-node i, the number of work-transferring paths among

the g − 1 performer-nodes is C2
g−1 =

(g−1)!
2!(g−1−2)!

=
(g−1)(g−2)

2
.

T← T− {oc};
Return Gcnt, iGcnt;

Fi;
For ( ∀oi ∈ D )

If ( Zb[oc, oi] = 1 ∧ oi = od )
Gcnt ← Gcnt + 1;
If ( ∃om ∈ T ∧ os 6= om)

iGcnt ← iGcnt + 1;
Fi;

Else If ( Zb[oc, oi] = 1 )
Gcnt, iGcnt ← Gcnt, iGcnt

+ iWorkTransferringPath(oi);
Fi;
G[os, od]← G[os, od] +Gcnt;
iG[os, od]← iG[os, od] + iGcnt;

Rof;
T← T − {oc};
Return Gcnt, iGcnt;

End Procedure

As you see, the time complexity of the algorithm of

iCBMeasurement is ©(N2 × E) for giving all the dyads

and finding the number of work-transferring paths of a dyad,

respectively. Note that N is the number of performers and

E is the number of dyads (edges). Particularly, the recursive

function of iWorkTransferringPath can be computed in a con-

stant time, ©(E), because the number of traversed individuals

is much smaller than the number of individual performers.

Consequently, by using the algorithm we are able to measure

the standardized index of individual betweenness centrality

and the group betweenness centrality for a workflow-supported

org-social network, too.

D. Group Betweenness Centralization Analysis

Based upon the formula and its implemented algorithm

expatiated in the previous subsection, we are able to ana-

lyze group level betweenness centralization in a workflow-

supported org-social network, too. The group level between-

ness centralization quantitatively measures the overall ten-

dency of betweenness across performers in an org-social

network, and gives the extent to which performers in a given

org-social network differ in their betweenness centralities, as

well. The index of group betweenness centrality is computed

as followings:

• The Index of Group Betweenness Centrality[7]

CB =

g∑

i=1

[CB(N
∗)− CB(Ni)]

[(g−1)2(g−2)]
2

(3)

In the formula of (3)[7], CB(N
∗) denotes the highest pos-

sible value, and so the numerator is summing the differences

in betweenness centralities for the performer with the highest

value and every other performer. The denominator indicates

the maximum theoretical possible value of betweenness cen-

tralities for all performer-nodes in an org-social network with

g performers, which is
(g−1)2(g−2)

2
4.

Conclusively, the index of group betweenness centrality

measurement in a workflow-supported org-social network may

4The performer’s betweenness centrality attains its theoretical maximum at
(g−1)(g−2)

2
. At the group level, this maximum occurs at most g−1 times, if

a single dominant performer-node mediates all the others’s work-transferring

paths. Therefore, the value becomes
(g−1)2(g−2)

2
.
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take values between 0.0 and 1.0. When a single dominant

performer is placed on all work-transferring paths, it reaches

1.0. In contrast, when every performer has the same between-

ness centrality, it reaches 0.0 because the numerator becomes

zero. Thus, the closer the group betweenness centralization

approaches to 1.0, the more unequally distributed betweenness

centrality within the corresponding org-social network is.

IV. CONCLUSION

In this paper, we suggested a series of formulas for quan-

tifying the knowledge of work-mediating behaviors among

workflow-supported people by revising the betweenness cen-

trality analysis techniques[7] of social networks. Based upon

the formulas, we devised an automatic analysis algorithm to

calculate an individual performer’s betweenness centralization

measurements on a workflow-supported org-social network

model. The algorithm proposed in this paper ought to be

an impeccable solution for developing the automatic analysis

and visualization functionalities for workflow-supported org-

social networking knowledge management systems. Likewise,

as a future work, we need to develop the remainder centrality

analysis techniques, like eigen-value centralities, to be applied

to workflow-supported org-social network models.

ACKNOWLEDGEMENTS

This research was supported by the Gyeonggi Regional

Research Center Program (Grant No. 2013-0548: Develop-

ing and Industrializing Core-Technologies for Social Services

Convergence Platform) of the contents convergence software

research center at Kyonggi University funded by the Province

of Gyeonggi, Republic of Korea.

REFERENCES

[1] K. Kim, “Actor-oriented workflow model,” in Proceedings of the 2nd in-

ternational symposium on Cooperative Database Systems for Advanced

Applications. ACM, March 1999.
[2] e. a. Harri Oinas-Kukkonen, “Social networks and information systems:

Ongoing and future research streams,” JOURNAL OF THE ASSOCIA-

TION OF INFORMATION SYSTEMS, vol. 14, no. 2, pp. 61–68, 2010.
[3] e. a. Jihye Song, “A framework: Workflow-based social network dis-

covery and analysis,” in Proceedings of the 4th International Workshop

on Workflow Management in Service and Cloud Computing. IEEE,
December 2010.

[4] e. a. Sungjoo Park, “A closeness centrality analysis algorithm for
workflow-supported social networks,” in Proceedings of the 15th Inter-

national Conference on Advanced Communications Technology. IEEE,
January 2013, pp. 158–161.

[5] e. a. Alyeksandr Battsetseg, “Organizational closeness centrality anal-
ysis on workflow-supported activity-performer affiliation networks,” in
Proceedings of the 15th International Conference on Advanced Com-

munications Technology. IEEE, January 2013, pp. 154–157.
[6] K. P. Kim, “Discovering activity-performer affiliation knowledge on

icn-based workflow models,” JOURNAL OF INFORMATION SCIENCE

AND ENGINEERING, vol. 29, pp. 79–97, 2013.
[7] S. Y. David Knoke, SOCIAL NETWORK ANALYSIS - 2

nd Edition,

Series: Quantitative Applications in the Social Sciences. SAGE
Publications, 2008.

[8] M. S. Wil M. P. van der Aalst, Hajo A. Reijers, “Discovering social
networks from event logs,” COMPUTER SUPPORTED COOPERATIVE

WORK, vol. 14, no. 6, pp. 549–593, 2005.
[9] J. Won, A Framework: Organizational Network Discovery on Workflows.

Graduate School of Kyonggi University, 2008.
[10] K. P. K. Sungjoo Park, “A closeness centrality analysis algorithm for

workflow-supported social networks,” JOURNAL OF KOREAN SO-

CIETY FOR INTERNET INFORMATION, vol. 14, no. 5, pp. 77–85,
October 2013.

Hyeonil Jeong Hyeonil Jeong is a full-time senior
student of computer science department, and an un-
dergraduate member of the collaboration technology
research laboratory at Kyonggi University, South
Korea. His research interests include workflow and
business process management systems, workflow-
supported social and affiliation networks discovery,
analysis, and visualization.

Hyuna Kim Hyuna Kim is a senior member of re-
search staff at WoToWiTo, Inc., and she is an adjunc-
tive professor of the computer science department at
Kyonggi University, South Korea. She received B.S.
degree in computer science and engineering from
Korea Nazarene University, and M.S. and Ph.D. de-
grees in computer science from Kyonggi University
in 2005, and 2009, respectively. Her research inter-
ests include groupware, workflow systems, SCORM-
based e-Learning process modeling and management
systems, e-Learning process mining techniques, and

workflow-supported social networking knowledge discovery and analysis.

Kwanghoon Pio Kim Kwanghoon Pio Kim is a full
professor of computer science department and the
founder and supervisor of the collaboration tech-
nology research laboratory at Kyonggi University,
South Korea. He received B.S. degree in computer
science from Kyonggi University in 1984. And he
received M.S. degree in computer science from
Chungang University in 1986. He also received his
M.S. and Ph.D. degrees from the computer science
department at University of Colorado Boulder, in
1994 and 1998, respectively. He had worked as re-

searcher and developer at Aztek Engineering, American Educational Products
Inc., and IBM in USA, as well as at Electronics and Telecommunications
Research Institute (ETRI) in South Korea. In present, he is a vice-chair of
the BPM Korea Forum. He has been in charge of a country-chair (Korea) and
ERC vice-chair of the Workflow Management Coalition. He has also been
on the editorial board of the journal of KSII, and the committee member
of the several conferences and workshops. His research interests include
groupware, workflow systems, BPM, CSCW, collaboration theory, Grid/P2P
distributed systems, process warehousing and mining, workflow-supported
social networks discovery and analysis, process-aware information systems,
data intensive workflows, and process-driven Internet of Things.

ISBN 978-89-968650-2-5 1177 February 16~19, 2014 ICACT2014




