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therefore it can be useful to illustrate the technological
knowledge spillovers [5], [6]. However, the citation
frequency of the latest patents tends to be relatively low since
they have less chance to be cited by other patents [7], [8].
Therefore, we use the patent co-classification information to
analyze the technological knowledge spillovers. The
co-classification analysis has been widely applied to clarify
linkages between technology classes by using the
International Patent Classifications (IPCs) [9]. However, it
cannot indicate the directional linkages since distinguishing
between primary IPCs and supplementary IPCs is generally
an ambiguous task.
This study proposes an approach to analyze patterns and
trends of technological knowledge spillovers that can provide
a specific direction to create new inventions by converging
different technologies. It can be a basis for initiating a new
technology convergence-oriented R&D. To do this, we first
generate directional relationships between technology classes
by employing Association Rule Mining (ARM) that can help
measure the extent of the direct knowledge spillovers. And
then, we adopt Analytic Network Process (ANP) to create
indirect spillovers and subsequently merge the direct and
indirect spillovers. Finally, we conduct a portfolio analysis to
draw technological implications by using the merged
spillovers and closeness relationships between technology
classes. To illustrate the working of the approach, we conduct
a case study using patents granted in the United States Patent
and Trademark Office (USPTO) between 2009 and 2013. As
a result, this study can contribute to offering an approach to
explore the dynamic technological knowledge spillovers in
the rapidly evolving technological environment. Further, it
holds the potential to become a basis for implementing a
supporting tool to facilitate the R&D planning processes.

Abstract—Exploring the extent of technological knowledge
spillovers must be a prerequisite for formulating R&D strategies
with a specific direction to create new inventions. This study
proposes a systematic approach to identify impact and closeness of
technology classes by exploring technological knowledge spillover
effects. To do that, we first collect patent data and extract patent
co-classification information in terms of the International Patent
Classifications (IPCs) from the patent data. Second, we build
meaningful rules that make connections between IPCs by applying
Association Rule Mining (ARM). Third, we measure impact and
closeness of technology classes by using Analytic Network Process
(ANP) and Social Network Analysis (SNA). Finally, we construct a
technological knowledge spillover map to derive technological
implications for technology classes plotted within the map. The
applicability of the proposed approach is illustrated by a case study
using patents granted in the United States Patent and Trademark
Office (USPTO) between 2009 and 2013. This study is expected to
contribute to offering an approach to explore the dynamic
technological knowledge spillovers in the rapidly evolving
technological environment. Further, it holds the potential to become
a basis for implementing a supporting tool to facilitate the
technology convergence-oriented R&D planning processes.
Index Terms—Analytic network process, Association rule
mining, Patent portfolio analysis, Technological knowledge flow
I. INTRODUCTION
Technology fusion or technological convergence is usually
recognized as leading to a direct path to breakthrough
innovation by blurring technological boundaries [1], [2]. A
number of research and development (R&D) planners have
tried to place innovative products on the market by
combining several technologies [3]. Therefore, exploring
technological knowledge spillovers must be a crucial
prerequisite for formulation of R&D strategies [4]
One approach to exploring knowledge spillovers is to
measure the extent of technological knowledge flows
between technology classes using bibliometric data of patent
documents such as patent classification codes and citation
information. The citation information shows directional
relationships between technology classes by clearly
separating technological antecedents and descendants and

II. GROUNDWORK
A. Patent Co-classification Analysis
Patent co-classification analysis has been usually adopted
in various studies to measure technological knowledge flows
[9]–[12]. They first extracted IPCs that patents are classified
into and then separated them into one primary IPC and a
number of supplementary IPCs. From that, they measured the
overall amount of knowledge spillovers by considering the
primary one as technological antecedents and the
supplementary ones as technological descendants of
knowledge flows. Identifying co-classified relationships
between technology classes can lead to obtain quantitative
information about directional knowledge flows from a
primary class to supplementary classes [13].
Employing the patent co-classification analysis, various
studies have been conducted to assess coreness and
intermediarity of technology sectors [9], to measure the
extent of technological spillovers beyond industrial
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boundaries [10], to determine knowledge intermediaries who
facilitate knowledge flows [12], and to analyze technology
impact for R&D planning [13].
However, it is arbitrary to separate the IPCs into the
primary and supplementary part, and further the primary part
as the claimed knowledge of the invention can include
multiple IPCs. Therefore, we do not follow the principle of
the traditional patent co-classification analysis but intend to
only use the co-classification information. And then, we
measure the amount of technological knowledge flows by
generating association rules between them.

degree to which an actor is close to others within a network,
either directly or indirectly [26]. In terms of technological
knowledge network, an actor with a higher degree of
closeness centrality can diffuse its own knowledge to all
others faster. Therefore, this centrality has been incorporated
in numerous studies related to the knowledge flow analysis
including capturing direct and indirect knowledge spillovers
[27] and investigating the structure of technology diffusion
[28].
In this study, each technology class is represented by a
node and knowledge flow among the classes is represented
by a link. The amount of flows is also captured by the weight
of the link. By calculating the closeness centrality, we
construct a knowledge spillover map which visualizes impact
and closeness of technology classes. And then, we derive
technological implications for the classes plotted within the
map.

B. Association Rule Mining
ARM figures out interesting hidden relationships between
items that customers purchased [14], [15]. It tries to clarify
the purchasing behavior of customers from the hidden
relationships by mining association rules between items. Two
measures, support and confidence, are evaluated to determine
the usefulness and certainty [15]. The support measure is the
probability that items appear in transactions and the
confidence measure is the conditional probability that items
in the consequent part of the mined rules appear in
transactions given that items in the conditional part of the
rules have already appeared in the transactions [14], [16]. The
apiori algorithm is typically used when applying the ARM
[14].
Many studies related to patent analysis have tried to use the
ARM to identify core technologies by figuring out
technological cross-impacts [15], to develop convergent
product concepts [17], and to analyze relationships between
different technologies [18].
This study intends to generate association rules among
technology classes. Each rule indicates a specific knowledge
flow from the conditional class to the consequent class.
Moreover, the confidence measure of the rule can be used to
evaluate the extent of the knowledge flow.

III. PROPOSED APPROACH
Exploring dynamic trends of technological knowledge
spillovers must be a prerequisite for seeking a way to create
new inventions by converging different technologies. To do
this, we propose a procedural approach which consists of 4
steps (Fig. 1): 1) extracting patent co-classification
information, 2) generating association rules between IPCs by
applying ARM, 3) measuring impact and closeness of
technology classes by using ANP and SNA, and 4) deriving
technological implications by constructing a knowledge
spillover map.
To illustrate the applicability of the proposed approach, we
conduct a case study using patents granted in the USPTO
between 2009 and 2013. The total number of the patents used
in this illustration exceeds one million.

C. Analytic Network Process
ANP as an extension of Analytic Hierarchy Process (AHP)
comprehensively measures all indirect interaction effects
from direct interactions in a complex network [9], [15], [19].
The ANP can model complex decision problems where the
AHP is not sufficient by allowing for feedback connections
[20], [21]. The procedure of applying the ANP is as follows:
1) build a super matrix of which elements represent the
weight from one node to another node in a network, 2)
normalize the matrix so that the sum of all columns is scaled
to 1, and 3) calculate a limit matrix which is taken to the
power of n+1 where n is an arbitrary number.
The ANP has also been widely used in the research areas
related to patent analysis including identifying core
technologies by formulating technology network [22] and
selecting proper technology acquisition mode [23].
In this study, we incorporate the concept of ANP to
identify technological spillover effects. The association rules
indicate direct knowledge flows between the technology
classes, so we can derive the comprehensive knowledge
spillover effects applying the ANP to the rules.

Fig. 1 Overall Procedure Of Proposed Approach

A. Extracting patent co-classification information
This step prepares input data for applying the ARM from
the collected patents. The ARM produces meaningful
relationships between a set of co-purchased items. To apply
the ARM, we assume a patent document as a transaction and
IPCs that the patent is classified into as items that are
co-purchased in the same transaction. Therefore, based on
this assumption, we extract co-classification information
from patents as pairs of IPCs with the frequencies of the
co-classification.

D. Social Network Analysis
The purpose of Social Network Analysis (SNA) is to
understand the characteristics of interacting actors including
companies, researchers, and industries [24]. There are several
indicators to measure the centrality of each node using the
SNA. Among them, closeness centrality [25] means the
http://dx.doi.org/10.15242/IAE.IAE0215211
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TABLE I
TECHNOLOGICAL IMPLICATIONS OF QUADRANTS OF THE TECHNOLOGICAL
KNOWLEDGE SPILLOVER MAP
High impact
Low impact
Main classes which cause
Classes which tend to
High
the active knowledge
receive the external
closeness spillovers both directly and
knowledge mainly directly
indirectly
Classes which are rarely
Classes which cause the
Low
involved in the knowledge
active knowledge spillovers
closeness
exchanges either directly or
mainly indirectly
indirectly

B. Generating IPC connection rules
This step builds meaningful rules that make connections
between IPCs consisting of two components: the conditional
class and the consequent class. The rule indicates that there is
a potential opportunity to jointly utilize the technological
knowledge within the conditional technology class and the
consequent class. Therefore, the rules can clarify the trends of
knowledge spillovers between technology classes. To
generate association rules, restrictions on the two measures,
support and confidence, should be imposed. The restriction
on the support measure is investigated to clarify how many
transactions are related to both the conditional and
consequent classes and the restriction on the confidence
measure is explored to elucidate the potential certainty that
the consequent class can be derived from the conditional
class. We first use the minimum support value to draw rule
sets that can be considered to have enough transactions, and
then we use the minimum confidence value to determine final
association rules that can be considered to have enough
certainty.

IV. ILLUSTRATION
A. Patent co-classification information extraction
Using the patents granted in the USPTO between 2009 and
2013, we conduct a case study to show the applicability of the
proposed approach. At the 4-digit IPC (i.e. sub-class) level,
629 IPCs are used to classify the case patents. The number of
times the IPCs were used is 1,440,358. This number is
naturally larger than the total number of the case patents
because it is possible to classify one patent into multiple IPCs.
We aim to generate connection rules between IPCs using the
co-classification information of patents. Therefore, we figure
out the co-occurrence frequency of the pairs of IPCs (Table
II). The co-occurrence means that each pair of IPCs appeared
in same patent. The total number of co-occurrence frequency
of all the pairs of IPCs is 474,806. The pair of A61K
(preparations for medical, dental, or toilet purposes) and
C07D (heterocyclic compounds) shows the maximum
co-occurrence frequency. The most representative
application area of heterocyclic compounds is medicine so
these IPCs commonly co-appear in the same patent document.
These frequencies will be input data for applying the ARM in
the next sub-section.

C. Measuring impact and closeness of technology classes
The generated association rules represent only the aspect
of direct knowledge flows between technology classes.
However, each class is affected by both directly and
indirectly. Therefore, to identify the comprehensive
knowledge spillover effects, it should be addressed how to
integrate the indirect flows with the direct ones. This step
tries to measure these integrated flow effects by using the
ANP. However, using only the ANP is not sufficient to
clarify the knowledge spillover effects since it cannot
measure the extent of how the technology classes interact
with each other closely. Thus, this step also incorporates the
concept of the closeness centrality that measures the degree
to which a technology class is close to others within a
knowledge flow network, either directly or indirectly. In a
directed network, the closeness centrality can be computed
by two ways, in-closeness and out-closeness according to the
direction of the arcs. This study aims to explore the
knowledge spillover effects so we only consider the
out-closeness centrality. As a result, we can derive the
comprehensive knowledge spillover effects by investigating
the extent of the integrated direct and indirect flows and the
degree of the closeness that are measured by the ANP and the
closeness centrality in the SNA, respectively.

TABLE II
CO-OCCURRENCE FREQUENCY OF PAIRS OF IPCS
IPC1
A61K
G06F
A01N
G06K
A61K

Frequency
11,442
7,293
5,310
5,007
4,710

IPC1
G06F
G06F
A01H
C07H
A61K

IPC2
G06K
H04N
C12N
C12N
A61P

Frequency
4,709
4,564
4,447
3,775
3,564

B. IPC connection rule generation
Using the ARM with the co-occurrence frequency data, we
generate association rules between IPCs. To select
meaningful rules among them, we should examine the rules’
usefulness and certainty that can be explained by the support
and confidence measure, respectively [15]. First, to examine
the usefulness, we set the minimum support value. If all the
support values of the conditional and consequent IPCs in a
rule are larger than the minimum value, it will be included
our rule set since it can be considered to be related to enough
transactions. Second, to examine the certainty, we set the
minimum confidence value. If the confidence value of a rule
is larger than the minimum value, it will be included our final
rule set since it can be considered to have enough reality. The
lower minimum support value will result in more rules being
discovered and similarly the lower minimum confidence
value will result in generating more rules that have relatively
low certainty. To obtain enough rules to use in the analysis of
the technological knowledge spillover effects, we set the
minimum support and confidence value as 0.1% and 0.5%,
respectively. Applying the apiori algorithm leads to generate
5,902 association rules (Table III).

D. Deriving technological implications
This step constructs a knowledge spillover map so that we
can derive technological implications from the measured
knowledge spillover effects. The map visualizes the amount
of impact and closeness of knowledge spillovers. If a
technology class has a high impact value, it can be seen that it
is highly active in causing knowledge flows. If a class
possesses a high closeness value, it can be regarded that it has
intimate connections with other classes. The map can be
divided into four quadrants using average values of impact
and closeness. We draw technological implications of the
quadrants based on the meanings of the map (Table I).

http://dx.doi.org/10.15242/IAE.IAE0215211
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TABLE III
ASSOCIATION RULES
Cond.
IPC*
A61P
A01H
C07D
G06N
A01N
A61P
C07K
G03C
F02G
G06G

Frequency
(support)
3,716 (0.66%)
5,073(0.90%)
18,458(3.26%)
2,190(0.39%)
9,097(1.61%)
3,716(0.66%)
8,898(1.57%)
975(0.17%)
649(0.11%)
3,268(0.58%)

Cons.
IPC*
A61K
C12N
A61K
G06F
A61K
C07D
A61K
G03F
F02C
G06F

Frequency
(support)
43,285(7.64%)
15,687(2.77%)
43,285(7.64%)
156,453(27.61%)
43,285(7.64%)
18,458(3.26%)
43,285(7.64%)
5,292(0.93%)
1,982(0.35%)
156,453(27.61%)

IPC
G06F
H01L
B32B
G01N
G02B
A61B
B01D
G05D
G06K
H05K

Confidence
95.9%
87.7%
62.0%
60.0%
58.4%
54.1%
52.9%
52.7%
49.9%
49.6%

* Cond. IPC means conditional IPC and Cons. IPC means consequent IPC

A01B
A01D
A01G
A01H
A01K
A01N
A23L
A41D
A43B
A44B

A01B
0.0076
0.0061
0.0053
0.0009
0.0007
0.0005
0.0028
0.0031
0.0021
0.0071

A01H
0.0076
0.0061
0.0053
0.0009
0.0007
0.0005
0.0028
0.0031
0.0021
0.0071

Out-close
0.2166
0.2132
0.2095
0.2073
0.2070
0.2049
0.2045
0.2028
0.2011
0.2008

0.00359712

C

A

0.17431609

A01K
0.0076
0.0061
0.0053
0.0009
0.0007
0.0005
0.0028
0.0031
0.0021
0.0071

D

B

Fig. 2 Technological Knowledge Spillover Map

Technology classes mapped in area A, which are of high
impact and closeness, cause the active knowledge spillovers
both directly and indirectly. These classes mainly facilitate
the technological advancement of other classes through the
role of knowledge sources. G05G (devices or systems for
mechanical control) is a technology class that primarily
provides general applicability for mechanical control. This
class can be a generic technology for the control of particular
machines or apparatus. B29B (pretreatment of the material) is
mainly about the preparation of the material to be shaped. It
facilitates the production of making of particular article based
on the material handling techniques. Therefore, these classes
can be viewed as key basic technology classes that lead to
technology convergence by contributing to causing
technological knowledge spillovers.
Technology classes mapped in area B, which are of high
impact and low closeness, cause the active knowledge

In terms of the closeness, this study calculates the
closeness centrality so that we can measure the degree to
which a technology class is close to others, either directly or
indirectly. It leads to figure out how much each technology
class influences others through occupying central position in
the knowledge flow network. Therefore, the closeness
centrality illustrates the importance of the classes in the
network. G06F and G05D are positioned centrally in
perspective of the in-closeness and out-closeness,
respectively.

http://dx.doi.org/10.15242/IAE.IAE0215211

In-close
0.2390
0.2028
0.1817
0.1485
0.1847
0.2113
0.1756
0.1659
0.2035
0.2063

D. Technological implication drawing
This step constructs a technological knowledge spillover
map by using the measured values of impact and closeness
(Fig. 2). The proportions of technology classes belonging to
areas A, B, C, and D are 23.7%, 14.4%, 26.3%, and 35.6%,
respectively. We draw technological implications of
technology classes plotted within the map according to the
technological meanings of the quadrants of the map.
Although the implications should be discussed in the
perspective of specific technology classes of a certain target
firm
that
is
willing
to
conduct
technology
convergence-oriented R&D, this study attempts to deal with
the implications generally not considering specific classes.

C. Impact and closeness measurement
We should examine the both aspect of the impact and
closeness about the knowledge flows of all technology
classes to explore the comprehensive knowledge spillover
effects. In terms of the impact, this study integrates the direct
and indirect knowledge flows by applying the ANP. To do
this, we first build a super matrix of which elements mean the
weight from one class to another class in a knowledge flow
network. In this study, the extent of knowledge flows
between technology classes indicates the weight so the
confidence value of the association rules generated in the
previous sub-section can be used to specify the weight value
from the conditional classes to the consequent classes.
Second, we construct a weighted super matrix by normalizing
the super matrix so that the sum of all columns can be scaled
to 1. Finally, we take the power of n+1 to the super matrix
where n is an arbitrary number to construct a limit matrix
(Table IV). All elements in each row in the limit matrix will
have same value and subsequently the convergent element
value shows the relative extent of that each row (each
technology class) influences all the other rows (classes).
TABLE IV
LIMIT SUPER MATRIX
A01D
A01G
0.0076
0.0076
0.0061
0.0061
0.0053
0.0053
0.0009
0.0009
0.0007
0.0007
0.0005
0.0005
0.0028
0.0028
0.0031
0.0031
0.0021
0.0021
0.0071
0.0071

In-close
0.3089
0.2689
0.2665
0.2585
0.2448
0.2409
0.2395
0.2390
0.2353
0.2353

TABLE V
CLOSENESS CENTRALITY
Out-close
IPC
0.1655
G05D
0.1641
A61L
0.1937
B28B
0.1795
G05G
0.1728
F24F
0.1585
B05B
0.1766
C09J
0.2166
B29B
0.1666
G01D
0.1833
B23P
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spillovers mainly indirectly. These classes do not embrace
broad knowledge that can be directly applied to numerous
research areas but provide specific knowledge to be
indirectly utilized. H03C (modulation) is largely related to
the modulation of amplitude, angle, or electromagnetic
waves. As a basic class for the electronic circuitry research
area, it deals with the interruption of sinusoidal oscillations.
F41G (weapon sights) describes the sighting devices or
aiming means. Technological knowledge embedded in this
class facilitates sighting or aiming process for optical devices.
Although these classes do not have direct relationships with
other classes but furnish them with the basic technological
function. In this regard, these classes have high impact value.
Technology classes mapped in area C, which are of low
impact and high closeness, tend to receive the external
knowledge mainly directly. These classes seem to mainly
absorb knowledge from the external technology classes
directly. G05D (systems for controlling) is about the control
systems for particular apparatus, machines, or processes.
This class controls dimensions of material or direction of
objects by absorbing the external knowledge including
features of general regulating systems. A61L (methods for
sterilizing object) is about the disinfection or sterilization of
materials. This class is a typical application of chemical
features. In sum, these classes can be regarded as usual
technological application domains where numerous
technological advances occur through the absorption of
external knowledge from other classes.

REFERENCES
[1]

[2]

[3]

[4]

[5]
[6]

[7]

[8]

[9]

[10]

[11]

[12]

V. CONCLUSION

[13]

This study proposed a systematic approach to analyze
patterns and trends of technological knowledge spillovers
that can provide a specific direction to create new inventions
by converging different technologies. As a result, the study
constructed a technological knowledge spillover map which
visualizes features of technology classes in terms of
knowledge spillovers so that we can analyze the patterns and
trends of technological knowledge spillovers based on the
implications of each quadrant of the map. We conduct a case
study using patents granted in the USPTO to illustrate the
applicability of the proposed approach. This study is
expected to contribute to offering an approach to explore the
dynamic technological knowledge spillovers in the rapidly
evolving technological environment. Further, it holds the
potential to become a basis for implementing a supporting
tool to facilitate the technology convergence-oriented R&D
planning processes.
In spite of its contributions, further challenging issues still
remain. First, we only dealt with the technological
implications in the general perspective, but they should be
discussed in the perspective of a specific target firm who is
willing to conduct R&D. Therefore, further research needs to
be done to generate technological implications by individual
firm to offer the practical guidance for future R&D directions.
Second, we focused on the extent of knowledge spillovers
between technology classes that are represented by the IPCs.
To enhance the results of our analysis, it is required to define
technologies from the invention descriptions in patent
documents not from the bibliometric data, IPCs. In this
regard, using text mining techniques can be a good research
topic. Finally, the unit of our analysis is the individual
technology class. An analysis from a perspective of pairs of
technology classes is certainly worth considering exploring
the extent of technological knowledge spillovers in depth.
http://dx.doi.org/10.15242/IAE.IAE0215211

[14]

[15]

[16]

[17]

[18]

[19]
[20]

[21]

[22]

[23]

[24]

48

F. Hacklin, C. Marxt, and F. Fahrni, "Coevolutionary cycles of
convergence: An extrapolation from the ICT industry," Technological
Forecasting and Social Change, vol. 76, no. 6, pp. 723-736, 2009.
J. H. Jin, S. C. Park, and C. U. Pyon, "Finding research trend of
convergence technology based on Korean R&D network," Expert
Systems with Applications, vol. 38, no. 12, pp. 15159-15171, 2011.
N. Bloom, M. Schankerman, and J. V. Reenen, "Identifying technology
spillovers and product market rivalry," Econometrica, vol. 81, no. 4,
pp. 1347-1393, 2013.
R. Tijssen and T. N. V. Leeuwen, "Measuring impacts of academic
science on industrial research: A citation-based approach,"
Scientometrics, vol. 66, no. 1, pp. 55-69, 2006.
F. Narin, "Patent bibliometrics," Scientometrics, vol. 30, no. 1, pp.
147-155, 1994.
M. Trajtenberg, R. Henderson, and A. Jaffe, "University versus
corporate patents: A window on the basicness of invention,"
Economics of Innovation and new technology, vol. 5, no. 1, pp. 19-50,
1997.
J. Yoon and K. Kim, "Identifying rapidly evolving technological trends
for R&D planning using SAO-based semantic patent networks,"
Scientometrics, vol. 88, no. 1, pp. 213-228, 2011.
N. Ko, J. Yoon, and W. Seo, "Analyzing interdisciplinarity of
technology fusion using knowledge flows of patents," Expert Systems
with Applications, vol. 41, no. 4, pp. 1955-1963, 2014.
H. Park and J. Yoon, "Assessing coreness and intermediarity of
technology sectors using patent co-classification analysis: the case of
Korean national R&D," Scientometrics, vol. 98, no. 2, pp. 853-890,
2014.
B. Verspagen, "Measuring intersectoral technology spillovers:
estimates from the European and US patent office databases,"
Economic Systems Research, vol. 9, no. 1, pp. 47-65, 1997.
L. Leydesdorff, "Patent classifications as indicators of intellectual
organization," Journal of the American Society for Information Science
and Technology, vol. 59, no. 10, pp. 1582-1597, 2008.
H. Lim and Y. Park, "Identification of technological knowledge
intermediaries," Scientometrics, vol. 84, no. 3, pp. 543-561, 2010.
S.-S. Ko, N. Ko, D. Kim, H. Park, and J. Yoon, "Analyzing technology
impact networks for R&D planning using patents: combined
application of network approaches," Scientometrics, vol., no., pp. 1-20,
2014.
R. Agrawal, T. Imieliński, and A. Swami. "Mining association rules
between sets of items in large databases." In Proceedings of the ACM
SIGMOD International Conference on Management of Data (ACM
SIGMOD '93), Washington DC, USA, 1993.
C. Kim, H. Lee, H. Seol, and C. Lee, "Identifying core technologies
based on technological cross-impacts: An association rule mining
(ARM) and analytic network process (ANP) approach," Expert
Systems with Applications, vol. 38, no. 10, pp. 12559-12564, 2011.
M.-J. Shih, D.-R. Liu, and M.-L. Hsu, "Discovering competitive
intelligence by mining changes in patent trends," Expert Systems with
Applications, vol. 37, no. 4, pp. 2882-2890, 2010.
C. Lee, B. Song, and Y. Park, "Design of convergent product concepts
based on functionality: An association rule mining and decision tree
approach," Expert Systems with Applications, vol. 39, no. 10, pp.
9534-9542, 2012.
S. Altuntas, T. Dereli, and A. Kusiak, (2014), Analysis of patent
documents with weighted association rules. Technological Forecasting
and
Social
Change
[Online],
Available:
http://www.sciencedirect.com/science/article/pii/S004016251400282.
T. L. Saaty, Decision making with dependence and feedback: The
analytic network process. Pittsburgh, PA: RWS Publications 1996
Y. Yuluğkural, B. Yörür, G. Akman, and Z. Aladağ, "Assessment of
model validity of analytic network process using structural equations
modelling: an application of supplier evaluation problem," European
Journal of Industrial Engineering, vol. 7, no. 1, pp. 55-77, 2013.
J. Gupta, G. Singh, L. Divan, R. Vaish, and N. Sinha, "Thermal Barrier
Coating Materials Selection Using Analytic Network Process,"
Advanced Science Focus, vol. 2, no. 2, pp. 159-164, 2014.
H. Lee, C. Kim, H. Cho, and Y. Park, "An ANP-based technology
network for identification of core technologies: A case of
telecommunication technologies," Expert Systems with Applications,
vol. 36, no. 1, pp. 894-908, 2009.
H. Lee, S. Lee, and Y. Park, "Selection of technology acquisition mode
using the analytic network process," Mathematical and Computer
Modelling, vol. 49, no. 5, pp. 1274-1282, 2009.
T. J. Ryley and A. M. Zanni, "An examination of the relationship
between social interactions and travel uncertainty," Journal of
Transport Geography, vol. 31, no., pp. 249-257, 2013.

International Conference on Mechanical And Industrial Engineering (ICMAIE’2015) Feb. 8-9, 2015 Kuala Lumpur (Malaysia)

[25] L. C. Freeman, "Centrality in social networks conceptual clarification,"
Social networks, vol. 1, no. 3, pp. 215-239, 1979.
[26] R. Teigland and M. Wasko, "Knowledge transfer in MNCs: Examining
how intrinsic motivations and knowledge sourcing impact individual
centrality and performance," Journal of International management,
vol. 15, no. 1, pp. 15-31, 2009.
[27] C. Fershtman and N. Gandal, "Direct and indirect knowledge
spillovers: the "social network" of open-source projects," The RAND
Journal of Economics, vol. 42, no. 1, pp. 70-91, 2011.
[28] H.-Y. Shih and T.-L. S. Chang, "International diffusion of embodied
and disembodied technology: A network analysis approach,"
Technological Forecasting and Social Change, vol. 76, no. 6, pp.
821-834, 2009.
Wonchul Seo has received his B.S. and Ph.D.
degrees in industrial and management engineering
from Pohang University of Science and
Technology, Pohang, Republic of Korea, 2003 and
2010, respectively.
He is currently an Assistant Professor at the
Division of Systems Management and Engineering,
Pukyong National University, Busan, Republic of
Korea. He worked for LCD division at Samsung
Electronics and Korea Institute of Intellectual
Property. His research interests include patent intelligence, technology
intelligence, technology and product opportunity discovery, and strategic
R&D management.
Seongwook Choi is in an integrated program of
bachelor and master’s degree of systems
management and engineering at Pukyong National
University, Busan, Republic of Korea.
His research interests include capability
positioning, patent portfolio analysis, and
technology opportunity discovery.

Jusung Kim is in an integrated program of bachelor
and master’s degree of systems management and
engineering at Pukyong National University, Busan,
Republic of Korea.
His research interests include R&D planning,
technology valuation, and product opportunity
discovery.

http://dx.doi.org/10.15242/IAE.IAE0215211

49

