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This research responds to the needs for concentric diversification by focusing onhowfirms canfindnewbusiness
opportunities based on their technological capabilities. We propose a systematic approach to identifying poten-
tial areas for concentric diversification at a product level via link analysis of products and technologies. For this,
first, textmining is utilised to construct an integrated patent-product database from theUS patent and trademark
database. Second, association rule mining is employed to construct a product ecology network using directed
technological relationships between products. Third, a link prediction analysis is conducted to identify potential
areas for concentric diversification at a product level. Finally, three quantitative indicators are developed to assess
the characteristics of the areas identified. Our case study employs a total of 850,676 patents and 328,288 products
in the integrated patent-product database from 2010 to 2014 and shows that the proposed approach enables a
wide-ranging search for potential areas for concentric diversification and the quick assessment of their character-
istics, with statistically significant results.We believe that the proposed approachwill be useful as a complemen-
tary tool for decisionmaking for small andmedium-sized high-tech companies that are considering entering new
business areas, but which have little domain knowledge.

© 2017 Elsevier Inc. All rights reserved.
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1. Introduction

Diversification is one of the pivotal strategies for organisations to
recreate and enlarge their competencies (Ahuja and Lampert, 2001;
Hamel and Prahalad, 1994). The existing literature suggests that con-
centric diversification based on technological capabilities is a relatively
low-risk but profitable strategy since it is derived from the reproduction
of core competencies that are related to existing products or services
(Chen and Chang, 2012; Collis and Montgomery, 1995; Dutton, 1997;
Markides, 1997; Zook and Allen, 2001). From a resource-based view,
many researchers have verified that technological capabilities have a
significant positive effect on the success of diversification (Silverman,
1999). However, while the results of such empirical analyses or case
studies have been widely accepted in academia and in practice, a
major question still remains as to howdecisionmakers can best identify
areas for concentric diversification.

Modelling and analysing technological capabilities for concentric di-
versification is a task beset with hazards including uncertainty, data un-
availability, and the complexity of real world feedback. As such,
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industrial practitioners depend largely on expert-centric approaches
(e.g. brainstorming and Delphi). While internal experts have profes-
sional knowledge and experience about corporate technologies, they
may have little knowledge about the technologies involved in potential
new business areas (Shin et al., 2013). Using external experts (e.g. con-
sultants)may resolve this issue, but they frequentlymisjudge corporate
technological and organisational capabilities and identify promising but
inappropriate areas for the particular companies with which they are
temporarily working. Hence, such expert-centric approaches need to
be supported by high quality and well-organised information (Lee et
al., 2013, 2015).

Highlighting the possible avenues for methodological adaptation,
there have recently been certain shifts in the direction of research on
concentric diversification, from case studies or empirical analysis to ev-
idence-based quantitative approaches. Perhaps the most scientific ap-
proaches are offered by patent analysis as this provides global and
reliable information about a wide range of technologies (Granstrand
et al., 1997). Patent publications are considered valuable data sources
as they are published according to international standards and contain
information on almost 80% of technologies (Lee et al., 2015). So far, a va-
riety of models and methods have been presented, such as patent cita-
tion analysis (Narin, 1994), keyword-based network analysis (Yoon
and Park, 2004), keyword-based morphology analysis (Yoon and Park,
technological capabilities: Link analysis of products and technologies,
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2005, 2007; Yoon et al., 2014), and patent-based roadmapping process-
es (Lee et al., 2009).

However, while previous studies have proved quite useful for vari-
ous purposes, they are subject to certain limitations in terms of data,
methodology, and practicality. First, in terms of data limitations, the
outcomes of previous studies are not specific about the areas that are
suitable for concentric diversification, but show general patterns of
technological relationships at a macro level (Yoon et al., 2015). This is
mainly because patents do not explicitly contain product or service in-
formation where the patented technologies can be applied (Chiu et al.,
2008; Garcia-Vega, 2006; Nesta and Saviotti, 2005). Thus new data
sources need to be secured to allow a product- or service-level analysis,
covering a wide range of business areas. Second, with respect to meth-
odology limitations, previous studies cannot assist timely decisionmak-
ing in concentric diversification since they have been limited to ex post
evaluation which measures past performance, impacts or consequence
(Breschi et al., 2003; Chen and Chang, 2012; Silverman, 1999; Wang
et al., 2015). The areas for concentric diversification identified via previ-
ous methods are thus likely to be no more than the existing ones in
which many competitors have already entered or shown interests. An-
othermajor drawback of previousmethods is concernedwith an inabil-
ity to consider the direction of diversification. Note that even though a
company owning item A has the possibility to diversify to item B, it
does not guarantee the company which owns item B will be able to di-
versify to item A. Hence, any approach that is proposed needs to model
the direction of diversification to enhance the feasibility of analysis re-
sults. Finally, from a practical standpoint, the verification of previous
methods was usually omitted; and even if verification was carried out,
it was done in a domain-specific qualitative way (Archibugi and
Pianta, 1992; Breschi et al., 2003; Chen and Chang, 2012; Nasiriyar et
al., 2013;Wang et al., 2015). Thus any approach that is proposed should
establish external validity to be deployed in practice.

Considering these issues, we propose a systematic approach to iden-
tifyingpotential areas for concentric diversification at a product level via
link analysis of products and technologies. The tenet of this research is
that significant technological relationships between products extracted
from large-scale quantitative databases can provide valuable informa-
tion on the feasibility of concentric diversification from one area to an-
other. At the heart of the proposed approach are (1) text mining
techniques for constructing an integrated patent-product database
from theUS patent and trademark database; (2) association rulemining
with conviction indicators for constructing a product ecology network
using directed technological relationships between products; (3) link
prediction analysis for identifying potential areas for concentric diversi-
fication at a product level; and finally (4) indicator analysis for assessing
the characteristics of the areas identified. The approach we propose
therefore incorporates the issues noted above into analysis for concen-
tric diversification. We also develop a software system to automate
our approach, allowing even those who are unfamiliar with the pat-
ent-product database and complex models to benefit from our research
results.

We applied the proposed approach to support Korean high-tech
companies in discovering their next-growth engines at the request of
the Korea Institute of Science and Technology Information (KISTI). Our
case study shows,with statistically significant results, that the proposed
approach enables a wide-ranging search for potential areas for concen-
tric diversification at the product-level and the quick assessment of
their characteristics.We believe that the systematic process and quanti-
tative outcomes our approach offers can facilitate decision making in
concentric diversification, especially for small and medium-sized high-
tech companies that are considering entering new business areas, but
that have little domain knowledge.

This paper is organised as follows. Section 2 presents the background
to our research, and Section 3 explains our research framework, which
is then illustrated by a case study on semiconductors in Section 4. Final-
ly, Section 5 presents our conclusions.
Please cite this article as: Kim, H., et al., Concentric diversification based on
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2. Background

2.1. Concentric diversification

Most diversification strategies fail to deliver value andmost success-
ful companies achieve their growth by expanding into logical adjacen-
cies that have shared economies, and not from unrelated
diversification or moves into “hot” markets (Chen and Chang, 2012;
Collis and Montgomery, 1995; Dutton, 1997; Markides, 1997; Zook
and Allen, 2001). Owing to such risks involved in diversification, con-
centric diversification – defined as entry to a new business area based
on companies' core competencies related to their existing products or
services (Ansoff, 1965) – has been considered a key strategy to sustain
business growth. It is reported that the success rate of concentric diver-
sification has reached around 70 to 90%, whereas approximately 90% of
companies' attempts to diversify outside of their core competencies
have failed (Zook and Allen, 2001). If it is properly implemented, con-
centric diversification may have advantages in terms of reducing R&D
cost (Cantwell and Piscitello, 2000), reducing time to market
(Cantwell and Piscitello, 2000; Granstrand, 1998), and creating syner-
gies with other businesses (Patel and Pavitt, 1997; Valvano and
Vannoni, 2003).

Concentric diversification has been the subject of many previous
studies. The early studies on concentric diversification were based on
case studies or empirical analysis. Many researchers have focused on
the relationship between concentric diversification and firm perfor-
mance. For instance, Rumelt (1974) carried out a pioneering study
which found a relationship between concentric diversification and prof-
itability. Palich et al. (2000) found an inverted-U shaped relationship
between concentric diversification and firm performance with meta
analysis drawn from 55 previous studies using a curvilinear model. Fo-
cusing more on technological and innovation competencies, Miller's
(2004) longitudinal study with patent citation analysis of 227 firms
which diversified from1980 to 1992, also verified that concentric diver-
sification has a positive effect on technological growth. This was
reconfirmed in his follow-up study by citation-weighted patent analysis
(Miller, 2006). Quintana-Garcia and Benavides-Velasco (2008) applied
a generalized estimating equation (GEE) regression model to verify
the relationship between concentric diversification and innovative
competencies by using the USPTO patent database. Wang et al. (2015)
verified that the relationship between technological capabilities and
the success of diversification was altered depending on the market
situations.

Highlighting the possible avenues formethodological adaptation, re-
cent studies focus more on quantitative data and scientific methods to
assist decision making in concentric diversification. The dominant ap-
proach is based on patent analysiswhichprovides global and reliable in-
formation about a wide range of technologies (Jaffe, 1986; Patel and
Pavitt, 1997; Silverman, 1999). There has been a variety of research
done with regards to diversification using patent databases. For in-
stance, Yoon and Park (2004) proposed a textmining-based patent net-
work to visualize technological relatedness and explore technological
opportunities. Yoon and Park (2007) presented an integrated use of
morphology analysis and conjoint analysis to identify and evaluate
technology opportunities from patent documents. Lee et al. (2009) pre-
sented a patent-based technology-driven roadmapping process that
starts from capability analysis and endswith business opportunity anal-
ysis. Seol et al. (2011) proposed an approach to exploring appropriate
new business areas at the industry level using text mining techniques
and data envelopment analysis.

However, while all these previous studies have proved valuable in
using quantitative data and scientificmethods, and in providing insights
into concentric diversification, they are subject to certain limitations as
mentioned. These drawbacks, which provide our underlying motiva-
tion, are fully addressed in this study. Table 1 summarises the difference
between previous methods and the proposed approach.
technological capabilities: Link analysis of products and technologies,
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Table 1
Comparison of previous methods and the proposed approach.

Factor Previous research Current paper

Approach Ex post evaluation Predictive analysis
Level of analysis Technology level

(e.g. patent class)
Product level

Data Mainly patent citations
or co-classifications

Integrated patent-product database

Method Centrality-focused
network analysis

Association rule mining and link
prediction analysis

Verification Experts-based
qualitative judgments

Statistical analysis as well as
expert-based qualitative judgments

Results and
implications

Relations between
technologies

Potential areas for concentric
diversification
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2.2. Association rule mining

Association rule mining, which is also called market basket analysis
or affinity analysis, is an unsupervised data mining technique that dis-
covers significant relationships among items from a given data set
(Agrawal et al., 1993). This method originated from the study of cus-
tomer transactions databases to determine associations among items
purchased. It generates association rules X → Y which indicate “what
goeswithwhat”, for instance customerswho bought itemX also bought
item Y.

Three general measures for association rules X → Y are as follows.
Firstly, support X → Y is defined as the ratio of the number of transac-
tions that include both items X and Y against the total number of trans-
actions. This indicator represents the usefulness of discovered rules
using the probability of co-occurrence of items X and Y. Secondly, con-
fidence X→ Ymeasures the ratio of the number of transactions contain-
ing item Y among transactions containing item X. This indicator
represents the certainty of discovered rules using the conditional prob-
ability of Y given X. Finally, lift X → Y is calculated by dividing the con-
fidence by the probability of occurrence of item Y. This indicator
shows the statistical dependence between items X and Y.

The procedure of association rule mining consists of two steps. The
first step involves searching for frequent co-occurred item sets by gen-
erating all the possible combinations of items over a user-specified
threshold of support, minsup, and selecting the association rules
whose confidence is higher than a user-specified threshold, minconf.
The second step involves selecting the significant rules with a lift
value greater than 1.

Over the last decade, association rulemining has been employed in a
wide array of research fields including quantitativemarketing (Liao and
Chen, 2004; Rong et al., 2012), bioinformatics (Creighton and Hahash,
2003; Oyama et al., 2002;Wright et al., 2010), and technology and inno-
vation management (He and Loh, 2010; Shih et al., 2010; Wang, 2012).
Moreover, this method has been employed to capture significant rela-
tionships between technologies for various purposes such as technology
trend analysis (Shih et al., 2010), technology impact analysis (Kim et al.,
2011), and automatic technology classification (He and Loh, 2010). This
study employs association rule mining with conviction indicators to
construct a product ecology network through identifying significant di-
rected technological relationships between products.
1 For more detailed information, see KISTI (2012).
2.3. Link prediction

Link prediction is one major stream of research in network analysis
for modelling the evolutionary mechanisms of dynamic networks and
hidden structures of uncertain networks (Getoor and Diehl, 2005).
This method predicts newly added or deleted links in future networks,
as well as identifying unobserved or spurious links in current networks
based on network properties such as attributes of nodes and the topo-
logical information of links (Lü and Zhou, 2011).
Please cite this article as: Kim, H., et al., Concentric diversification based on
Technol. Forecast. Soc. Change (2017), http://dx.doi.org/10.1016/j.techfor
The models and methods for link prediction can be classified into
three categories: Firstly, similarity-based approaches give a score to a
pair of nodes using the similarity between them, given that a pair of
nodes with higher similarity is more likely to be linked in future net-
works than that with lower similarity (Lü and Zhou, 2011). Secondly,
maximum likelihood approaches assume some organising principles
of the network structure (e.g. hierarchical structure), with the detailed
rules and specific parameters obtained by maximising the likelihood
of the observed structure (Clauset et al., 2008). Finally, probabilistic ap-
proaches abstract the underlying structure from the observed network
and predict the missing links by using the trained model (Friedman et
al., 1999).

Link prediction analysis has been employed in a wide array of re-
search fields such as bioinformatics and biology (Lei and Ruan, 2013),
quantitative marketing (Schafer et al., 2001), security (Clauset et al.,
2008), and others. This method plays a particularly important role in
the field of bioinformatics and biology as it can significantly reduce
the high experimental costs involved in the analysis of biological inter-
actions, such as protein-protein and disease-gene interaction (Lei and
Ruan, 2013). Note that about 99% of the molecular interactions in
human cells are unknown (Stumpf et al., 2008).

However, despite its potential utilities, the application of link predic-
tion analysis to technology and innovation research has not yet been ex-
plored. This method can offer the following advantages for identifying
potential areas for concentric diversification based on technological ca-
pabilities. Firstly, expert-centric approaches employed in practice have
become extremely time-consuming and labour-intensive, as the num-
ber of products and services extant, and the complexity of technological
knowledge mount. Time, cost, and effort associated with expert-centric
approaches can be reduced significantly by supporting good quality and
well-organised information. Secondly, if this method is integrated into
objective and reliable databases, the results of link prediction analysis
can provide insight into future prospects and/or the hidden structure
of relationships between products/services and technologies, thereby
supporting timely decision making with regard to concentric diversifi-
cation. Considering these factors, we employ a link prediction analysis
with an integrated patent-product database to identify potential areas
for concentric diversification.
3. Data and methodology

3.1. Data

We based our research on the integrated patent-product database
constructed by KISTI (2012) from the United States Patent and Trade-
mark Office (USPTO) database. The quality of this database has been
verified by several domain experts and improved over the last four
years,1 serving as a primary data source for KISTI's technology intelli-
gence system, which is called the technology opportunity discovery
(TOD) system (http://tod.kisti.re.kr).

The structures and characteristics of this database are as follows.
First, it uses a set of feasible product name entities extracted from the
‘Goods and Services’ field of the US trademark database through data
parsing techniques. The product name entities obtained in this way
are considered to be valid since the owner of a trademark for a product
should verify its commercial use in the market according to the US
Trademark Law. KISTI's product database also includes variants of prod-
uct names, as they can be written using different expressions: for in-
stance, “AC-DC converter” can be written as “AC-to-DC converter” or
“AC/DC converter”. Second, it employs the US patents to analyse inter-
national technologies because the US is the world's largest patent mar-
ket where the majority of patents submitted to the USPTO are also
submitted in other countries (Lee et al., 2015). Finally, the relationships
technological capabilities: Link analysis of products and technologies,
e.2017.02.025
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between patents and products are constructed via matching product
name entities extracted from the US trademark database to product
name candidates extracted from the title, abstracts, and claims of US
patents, by using textmining and keyword recognition techniques. Spe-
cifically, keyword recognition is done via tagging, parsing, and head
word classification by using the Stanford parser. The patent description
part was excluded from this task since it includes enormous noise data
and reduces reliability in matching products and patents.

Table 2 shows the structure of the integrated patent-product data
employed in this research. In the table, the data fields of patent and rep-
resentative products are employed to construct a product ecology net-
work and to identify potential areas for concentric diversification, while
the remaining fields are used to assess the characteristics of potential
areas for concentric diversification.While this study uses the USPTOdata-
base to construct an integrated patent-product database, other types of
databases such as the EuropeanPatentOffice (EPO) andSecurities andEx-
change Commission (SEC) 10-k databases, can also be employed.

3.2. Methodology

We examine the overall process of the proposed approach, giving a
brief explanation of each step at the same time. The suggested approach
employs various methods such as text mining, association rule mining,
link prediction analysis, and indicator analysis. Given the complexities
involved, theproposed approach is designed to be executed in three dis-
crete steps: constructing a product ecology network; identifying poten-
tial areas for concentric diversification; and finally, assessing the
characteristics of potential areas for concentric diversification. Fig. 1 de-
picts the overall process of the proposed approach with inputs,
methods, and outputs of each step.

3.2.1. Step 1: Construction of a product ecology network
This step constructs a product ecology network that shows the rela-

tionships between products based on technological capabilities via
three sub-steps. Firstly, association rule mining with conviction indica-
tors is conducted to identify significant directed relationships between
products from the patent-product database. The conviction indicator is
adopted in this study as an alternative to confidence indicators which
cannot capture directions of associations adequately (Brin et al.,
1997). As shown in Eq. (1), this indicator compares the probability of
X appearingwithout Y if theywere independent of the actual frequency
of the appearance of Xwithout Y, where X and Y are the antecedent and
consequent of an association rule. That is, the conviction value of 1.2
shows that the rule X→ Y is incorrect 20% more often if the association
between X and Y were purely random chance. In this respect, it is sim-
ilar to lift indicators – thatmeasure howmany timesmore often X and Y
occur together than would be expected if they were statistically inde-
pendent – but different in that it also uses the information of the ab-
sence of the consequent, thereby being directed (i.e. conviction
X→ Y ≠ conviction Y→ X). Hence, the conviction indicator is considered
Table 2
Structure of the integrated patent-product database.

Patent Products Patent informat

Publication yea

PN1 Prod1,1; Prod1,2;…; Prod1, p
1 PY1

PN2 Prod2,1; Prod2,2;…; Prod2, p
2 PY2

PN3 Prod3,1; Prod3,2;…; Prod3, p
3 PY3

PN4 Prod4,1; Prod4,2;…; Prod4, p
4 PY4

PN5 Prod5,1; Prod5,2;…; Prod5, p
5 PY5

… …
PNn − 4 Prodn − 4,1; Prodn − 4,2;…; Prodn − 4, p

n − 4 PYn − 4

PNn − 3 Prodn − 3,1; Prodn − 3,2;…; Prodn − 3, p
n − 3 PYn − 3

PNn − 2 Prodn − 2,1; Prodn − 2,2;…; Prodn − 2, p
n − 2 PYn − 2

PNn − 1 Prodn − 1,1; Prodn − 1,2;…; Prodn − 1,p
n − 1 PYn − 1

PNn Prodn,1; Prodn,2;…; Prodn, p
n PYn

Please cite this article as: Kim, H., et al., Concentric diversification based on
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more appropriate than confidence and lift indicators in concentric di-
versification research since even though a company owning product X
has the possibility to diversify to product Y, it does not guarantee the
company which owns product Y will be able to diversify to product X.

conviction X→Yð Þ ¼ 1−P X∩Yð Þ
1−P YjXð Þ ð1Þ

Secondly, given a prescribed cut-off value, the association rules be-
tween products are transformed to a product relation matrix, where
each row and column indicates a product name. Here, if the conviction
indicator for products X and Y is greater than the cut-off value, the cor-
responding element (X, Y) of the product relationmatrix has the convic-
tion value for the rule X → Y, otherwise 0.

Finally, a product ecology network is generated, as exemplified in
Fig. 2. In the network, nodes and links indicate products and their techno-
logical relationships; the size of a node and the thickness of a link are pro-
portional to the frequency of the corresponding product's occurrence in
the database and the conviction value for the relevant products,
respectively.

3.2.2. Identification of potential areas for concentric diversification
The areas for concentric diversification that can be derived from the

product ecology network are likely to be the areas in whichmany com-
petitors have already entered or shown interests, since the relationships
between products are constructed based on ex post evaluation. In other
words, in order to be practically useful, the areas should be new to a tar-
get firm that is currently seeking ideas for concentric diversification. For
this reason, this step identifies potential areas for concentric diversifica-
tion at a product level via link prediction analysis with Katz indicators.

The Katz indicator is one of the similarity-based link prediction indi-
cators which measure the similarity of the pair of nodes based on the
paths between them (Katz, 1953). Unlike other similarity-based link
prediction indicators (e.g. Adamic-Adar indicator and resource alloca-
tion indicator), this indicator can consider the directions of networks,
so is considered to bemore appropriate for concentric diversification re-
search. As shown in Eq. (2), The Katz indicator sumsup all existingpaths
between two nodes: x and y. Moreover, the contribution of longer paths
are penalised during the calculation by a damping factor of βl, where l is
the length of the path and |pathsx ,y(l) | are all existing paths from node x to
y with the length l.

Katz x; yð Þ ¼ ∑∞
l¼1β

l � paths lð Þ
x;y

�
�
�

�
�
� ð2Þ

It is proved that the Katz indicator can also be calculated in a matrix
format by finding (I−βA)−1−I, where I is an identity matrix and A is
the adjacency matrix (i.e. product relation matrix) of the network.

Considering these, first, the Katz indicators are calculated for all the
possible combinations of products, with the product relation matrix
ion

r Assignee … Classes

PA1 … PC1,1; PC1,2;…; PC1, c
1

PA2 … PC2,1; PC2,2;…; PC2, c
2

PA3 … PC3,1; PC3,2;…; PC3, c
3

PA4 … PC4,1; PC4,2;…; PC4, c
4

PA5 … PC5,1; PC5,2;…; PC5, c
5

… … …
PAn − 4 … PCn − 4,1; PCn − 4,2;…; PCn − 4, c

n − 4

PAn − 3 … PCn − 3,1; PCn − 3,2;…; PCn − 3, c
n − 3

PAn − 2 … PCn − 2,1; PCn − 2,2;…; PCn − 2, c
n − 2

PAn − 1 … PCn − 1,1; PCn − 1,2;…; PCn − 1, c
n − 1

PAn … PCn,1; PCn,2;…; PCn, c
n

technological capabilities: Link analysis of products and technologies,
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Fig. 1. Overall process of the proposed approach.
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created and identity matrix in the same dimension. Second, the ele-
ments on the primary diagonal of the resulting matrix are then deleted
as they represent links within the same node; which is meaningless in
terms of concentric diversification. Third, as shown in Eq. (3), the nor-
malisation of values is conducted for remaining elements so that com-
parisons of Katz indicators become easier. Here, the normalised Katz
Fig. 2. Example of a product ecology network.

Please cite this article as: Kim, H., et al., Concentric diversification based on
Technol. Forecast. Soc. Change (2017), http://dx.doi.org/10.1016/j.techfor
values range from 0 to 1. Finally, pairs with the normalised Katz values
higher than or equal to a prescribed cut-off are classified as potential
areas for concentric diversification, while remaining pairs are classified
as undiversifiable areas. That is, potential areas for concentric diversification
is the set of pairs that are predicted to occur in the future product ecology
network and can be interpreted as possible concentric diversification in
the future, whereas undiversifiable areas is the set of pairs that are pre-
dicted not to occur in the future product ecology network.

Katznormalized ¼ Katz− min Katzð Þ
max Katzð Þ− min Katzð Þ : ð3Þ

3.2.3. Assessment of characteristics of potential areas for concentric
diversification

The potential areas for concentric diversification identified in the
preceding step require different attention levels across different
organisational contexts. It is important for organisations to evaluate
and prioritise the potential areas for more detailed investigation. In
this respect, patent indicator analysis has been found useful in fostering
value creation processes and generating strategic information in a com-
pany (Grimaldi et al., 2015).

We develop three indicators describing product generality, techno-
logical maturity, and competition status. First, product generality for
product i (PGi), measures the number of potential areas that could be
further diversified fromproduct i, and is calculated by the number of po-
tential areas for concentric diversification that product i directs to others
technological capabilities: Link analysis of products and technologies,
e.2017.02.025
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Table 3
Parts of the product relation matrix.

Semiconductor Memory cell Sense amplifier … Control circuit Display LED

Semiconductor 0 1.952 0 … 1.298 0 0
Memory cell 1.317 0 1.345 … 0 0 0
Sense amplifier 0 1.740 0 … 0 0 0
… … … … … … … …
Control circuit 3.160 3.983 0 … 0 1.722 0
Display 8.888 0 0 … 0 0 3.318
LED 0 0 0 … 0 1.476 0
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obtained in the preceding step. Second, technologicalmaturity for prod-
uct i (TMi) evaluates the extent to which technologies for product i are
developed, and is computed by counting the number of patents related
to product i in the patent-product database. Finally, the competition sta-
tus for product i (CSi) shows how fierce the market for product i is, and
is the number of assignees possessing patents related to product i. The
values of these indicators are also normalised in the same manner, as
shown in Eq. (3), thereby ranging from 0 to 1.
4. Empirical analysis and results

4.1. Data

We employed a total of 850,676 patents and 328,288 products in the
integrated patent-product database from 2010 to 2014, considering the
rates of development of technologies and their relevant products. The
data was also divided into two categories by time periods (2010 to
2012 and 2010 to 2014). Specifically, the data from 2010 to 2012 was
used to construct the product ecology network and identify potential
areas for concentric diversification, whereas the whole data from 2010
Fig. 3. Product ecology net
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to 2014 was used to assess the characteristics of the potential areas
identified and assess the model performance.

4.2. Concentric diversification based on technological capabilities

4.2.1. Construction of a product ecology network
We constructed a product ecology network to represent the directed

relationships between products based on technological capabilities. Sig-
nificant relationships between products were first identified from the
patent-product database via association rule miningwith conviction in-
dicators, as reported in Table 3. Specifically, the association rules with
conviction values over 1.2 were chosen after frequent product sets
were generated by using the Apriori algorithm. Here, the value of con-
viction indicators is 1 when the products in antecedent and consequent
of the association rule are independent, and shows the values far from 1
when the rule has a logical implication. A total of 13,494 relationships
between 6712 products were found with the conviction value of 1.2
(i.e. the rule X → Y is incorrect 20% more often if the association be-
tweenX and Ywere purely random chance). The resulting product rela-
tion matrix is a 6713 by 6713 matrix with the product name entities in
the first row and column.
work (2010−2012).
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Table 4
Parts of the results of link prediction and classification analysis.

Source product Target product Katznorm Classification Link in 2010–2014

Data driver LCD 0.860 PA O
Memory cell Semiconductor 0.846 PA O
Semiconductor Memory cell 0.836 PA O
Torque converter Power train 0.832 PA O
Computer Card reader 0.825 PA X
Display Keyboard 0.817 PA X
Computer Motherboard 0.816 PA X
Electric motor Drive wheel 0.812 PA O
Solar cell Resin binder 0.811 PA O
2D image sensor Optical reader 0.811 PA O
… … … … …
Motor Gear set 0.030 UA X
Display Printer 0.029 UA X
Display LCD 0.017 UA O
Wire mesh Circuit board 0 UA O

⁎PA: Potential areas for concentric diversification; UA: Undiversifiable areas.
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The product ecology networkwas then developed, which are not re-
ported in its entirety owing to lack of space. Fig. 3 presents the parts of
the product ecology network that focus on semiconductors. Semicon-
ductors are considered to be a good example for the following reasons:
First, this product has played a role of a technology enabler for diverse
electronic technologies. Second, semiconductors entail continuous
growth but high risks, and thus careful diversification of business is re-
quired to reduce the high volatility of the industry. Third, owing to the
short life cycles of products related to semiconductors, identifying
promising areas for concentric diversification in the future help organi-
sations respond tomarket changes properly. Finally, semiconductors ac-
count for a significant part in our integrated patent-product database,
occurring 20,944 times with 16,565 different products.

In the network, the size of a node, the thickness of a link, and the size
of a node label indicate the number of occurrences of the corresponding
Fig. 4. Product ecology network constr
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product in the patent-product database, the magnitude of conviction
value of the corresponding association rule, and the magnitude of out-
degree centrality of the corresponding product, respectively. As there
are many applications for semiconductors, many relationships are
found in the network; the in-degree and out-degree centrality values
for semiconductors are 245 and 17. For example, displays, LCDs, and
contact pads have linkages to semiconductors, whereas the semicon-
ductor substrate and thin film transistor have linkages from semicon-
ductors. The product ecology network constructed in this way was
used to identify potential areas for concentric diversification.

4.2.2. Identification of potential areas for concentric diversification
Potential areas for concentric diversification were discovered in this

step by using link prediction analysis. With the product relation matrix
created and the identity matrix with the same dimensions, Katz
ucted by link prediction analysis.

technological capabilities: Link analysis of products and technologies,
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indicators for all the possible links between products in the product
ecology network were computed, as stated in Section 3.2.2. The value
of 0.005was used as a damping factor, considering that it should not ex-
ceed the reciprocal of the largest eigenvalue of the product relationma-
trix. The elements in the resulting matrix were normalised to have
values between 0 and 1, after the diagonal element of the matrix was
excluded. As a result, a total of 45,044,232 pairs of product were
(a) Product generality map  

(b) Technological maturity map  

Fig. 5. Product maps. (a) Product generality map. (b) Tech

Please cite this article as: Kim, H., et al., Concentric diversification based on
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assigned with a link prediction score and classified into two categories
(i.e. potential areas for concentric diversification and undiversifiable
areas) according to the cut-off value of 0.5. Table 4 reports parts of the
results of link prediction and classification analysis.

Fig. 4 shows the product ecology network for semiconductors con-
structed by link prediction analysis. This product ecology network is dif-
ferent from the product ecology network derived via association rule
nological maturity map. (c) Competition status map.

technological capabilities: Link analysis of products and technologies,
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(c) Competition status map  

Fig. 5 (continued).
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mining with conviction indicators (Fig. 3). Such products as silicon car-
bide film and silicon nitride film are newly added in the network, and
the magnitudes of relationships between semiconductor and other
products are changed. “Display”, near “semiconductor” in the network,
also has new relationships with such products as camera and TV. In
the case of semiconductor, a total of 24 products – that have strong link-
ages from semiconductor in the network –were identified as candidates
for concentric diversification. Along the value chain for semiconductor,
such products as nickel, aluminium, and silicon are considered as the
areas for upstream diversification, whereas memory cells and semicon-
ductor chips are considered as the areas for downstreamdiversification.
Note that although such products as LCD and displays have linkages to
semiconductor, a company manufacturing semiconductors cannot eas-
ily diversify to those areas because semiconductor is at the foundation
of complex electronic products. Given the technological complexities
and similarities, it is easier and more reasonable for the company to di-
versify into product areas such as semiconductor substrates, semicon-
ductor chips, and thin film transistor, that have linkages from
semiconductor in the network.

4.2.3. Assessment of the characteristics of potential areas for concentric
diversification

The three indicators – that are, product generality, technologicalma-
turity, and competition status – were calculated, as stated in Section
3.2.3, to assess the characteristics of potential areas for concentric diver-
sification. Based on these indicators, we also developed three types of
product maps – a product generality map, a technological maturity
map, and a competition statusmap – to provide guidelines for the effec-
tive search for business areas for concentric diversification. Fig. 5 shows
three product maps for 24 product areas that are likely to be diversified
from semiconductor.

First, the product generality map (Fig. 5(a)) utilises the values of the
normalised Katz indicators and product generality indicators as the hor-
izontal and vertical axes. In this respect, the product areas can be
Please cite this article as: Kim, H., et al., Concentric diversification based on
Technol. Forecast. Soc. Change (2017), http://dx.doi.org/10.1016/j.techfor
classified into four categories in the map: strong chance & general
areas, low chance & general areas, low chance & specific areas, and strong
chance & specific areas. As for products – such as control circuits, copper,
and aluminium – identified as general areas where further diversifica-
tion can be conducted to various product areas, companies need to in-
vestigate whether the potential areas for further diversification fit
with their long-term strategies as well as future prospects and econom-
ic profit/loss that the corresponding diversification would bring.

Second, the technological maturity map (Fig. 5(b)) utilises the
values of the normalised Katz indicators and technological maturity in-
dicators as the horizontal and vertical axes. In this respect, the product
areas can be classified into four categories in the map: strong chance &
mature areas, low chance & mature areas, low chance & infancy areas,
and strong chance & infancy areas. Although the managerial guidelines
may differ across the organisational contexts, the product areas should
generally be prioritised in the direction shifting from strong chance& in-
fancy areas to low chance & mature areas. As for products in the infancy
areas, companies need to investigate if they can have a competitive
edge in the area by leading in technology development. In the case of
products – such as semiconductor substrate and memory cells – identi-
fied asmature areas, companies need to consider whether such strate-
gies as M&A and cost reduction are possible.

Finally, the competition status map (Fig. 5(c)) utilises the values of
the normalised Katz indicators and competition status indicators as
the horizontal and vertical axes. In this respect, the product areas can
be classified into four categories in the map: strong chance & turbulent
areas, low chance & turbulent areas, low chance & calm areas, and strong
chance & calm areas. Similar to the technological maturity map, the
product areas should generally be considered in the direction shifting
from strong chance & calm areas to low chance & turbulent areas. Prod-
ucts – such as contact pad and conductive film – in the calm areas, are
generallymore preferable to those in turbulent areas. As for the products
– such as semiconductor substrate andmemory cells – identified as tur-
bulent areas, companies need to secure differentiated factors from
technological capabilities: Link analysis of products and technologies,
e.2017.02.025
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Fig. 6. Product ecology network (2010–2014).

Table 5
Summary of t-test results.

t-Statistic Degree of freedom Mean Variance p-Value

Set 1 282.21 10,994 0.7249 0.073 2.2e−16
Set 2 0.0000929 0.00005719

Set 1: Pairs of products that exist in the product ecology network (2010–2014).
Set 2: Pairs of products that do not exist in the product ecology network (2010–2014).
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competitors' existing businesses. Also, such strategies as the establish-
ment of strategic alliances with major firms and the discovery of niche
markets should be considered.

4.3. Verification

Newly developed methods should be carefully deployed in practice,
since there is no confirmation regarding the validity of results. On the
one hand, the candidates for concentric diversification were deduced in-
directly from the integrated patent-product database, so the results
could bedifferent from that of experts. For this reason, a panel of experts
assessed the informative value of the results. We provide them the list
of candidates for concentric diversification for semiconductor with an ex-
planation about the analytic process, product ecology networks, link
prediction scores, results of classification analysis, and three product
maps. The experts verified that most of the areas provided, fit their un-
derstanding of technological applicability and that our method is a use-
ful complementary tool for supporting experts' decisionmaking since it
enables diverse areas to be analysed swiftly. Moreover, the process of
data analysis was found to be more objective and reliable than that of
previous methods because the proposed approach uses association
rulemining to set-up the cut-off value. Furthermore, the analysis results
can support more tangible decision making, as the areas for concentric
diversification are provided at a product level rather than a technology
level. However, they commented that the performance of the proposed
methods can be improved further if othermarket-related factors are in-
corporated into the model.

On the other hand, the distinct characteristics of the proposed ap-
proach stem from association rule mining with conviction indicators
and link prediction analysis, which is interpreted as a binary classification
problem. In other words, identifying concentric diversification areas in
the product ecology network is equivalent to classifying all the pairs of
products into two groups: potential areas for concentric diversification
and undiversifiable areas. For this reason, the results of the link prediction
on the product ecology network (2010−2012) were compared to the
product ecology network (2010–2014) describing the cumulative rela-
tionships between products, as shown in Fig. 6. Here, the identical
Please cite this article as: Kim, H., et al., Concentric diversification based on
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parameters such as the cut-off value for conviction indicators were used
for the construction of the product ecology network (2010–2014).

Specifically, we verified the performance of the proposed approach
in threeways. Firstly, given that the performance ofmethods is severely
affected by its ability to distinguish between potential areas for concen-
tric diversification and undiversifiable areas, we conducted the t-test to
statistically compare the mean values of normalised Katz indicators in
two different sets. The first set consists of the pairs of products that
exist in the product ecology network (2010–2014), while the second
set consists of the pairs of products that do not. Specifically, a two-tailed
t-test for unequal sample size and unequal variancewas carried out; the
null hypothesis is X1=X2 while the alternative hypothesis is X1≠X2,
where ×1 and×2 denote themean values of normalised Katz indicators
for the two sets. As shown in Table 5, it is validated that the means of
two sets are not equal, as the p-value is below the significance level of
0.05. This shows that our approach can make highly reliable and accu-
rate predictions on potential areas for concentric diversification.

Secondly, given that identifying candidates for concentric diversifi-
cation corresponds to a binary classification problem, several perfor-
mance metrics were examined to assess the accuracy of our results
after a confusion matrix was constructed, as reported in Table 6(a). Re-
garding the performance indicators, although the accuracy indicator is a
basic metric, but not reliable in our case study since it yields misleading
results when the data set is unbalanced. We employed the F-measure
(Van Rijsbergen, 1979) and Youden's J statistic (Youden, 1950) to assess
the performance of the prediction results. First, the F-measure considers
both the precision (positive predictive value) and recall (true positive
rate or sensitivity) to measure the accuracy of a test. Here, precision is
technological capabilities: Link analysis of products and technologies,
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Table 6
Summary of performance analysis.

(a) Confusion matrix

Product ecology network
(2010–2014)

PA UA

Classification analysis PA 9651 3844
UA 1343 45,029,394

(b) F-measure and Youden's J statistic

Precision Sensitivity Specificity F-score Youden's J statistic

0.878 0.715 1.000 0.788 0.878
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the number of true positive results divided by the number of all positive
results, while recall is the number of true positive results divided by the
number of positive results that should have been returned. This mea-
sure is defined mathematically as:

F−measure ¼ 2� 1
1

recall
þ 1
precision

¼ 2� precision� recall
precisionþ recall

: ð4Þ

The F-measure can be interpreted as a weighted average of the pre-
cision and recall, and ranges from 0 to 1. It reaches its best value at 1 and
worst at 0. Second, Youden's J statistic is a measure that captures the
performance of a binary test, and is defined as:

J ¼ sensitivityþ specificity−1: ð5Þ

Here, specificity is the number of true negative results divided by the
number of all negative results. This indicator ranges from −1 to 1, and
has a zero value when a test gives the same proportion of positive re-
sults for groups regardless of true conditions. A value of 1 indicates
that there are no false positives or false negatives, so the test is perfect.
The proposed approach shows reliable and significant performance for
different cut-off values, as reported in Table 6(b).

Finally, a lift chart was developed to assess the performance of the
proposed approach in terms of identifying the most likely potential
areas for concentric diversification and comparing the performance to
Fig. 7. Lift chart.
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that of a naïve rule, as shown in Fig. 7. For this, we accumulate the cor-
rectly classified potential areas for concentric diversification records (Y
axis) and compare them to the number of total records (X axis). This
is done after the link prediction scores are sorted from most likely to
least likely potential areas for concentric diversification. The figure
shows that the proposed approach outperforms the naïve rule. Taking
these results together, the proposed approach is proved to be superior
in terms of both accuracy and significance, supporting our contention
that it identifies potential areas for concentric diversification.

5. Conclusions

This study has proposed a systematic approach to identifying poten-
tial areas for concentric diversification. The proposed approach is based
on the premise that significant technological relationships between
products extracted from large-scale quantitative databases can provide
valuable information on the feasibility of concentric diversification from
one area to another. Our case study shows that the proposed approach
enables a wide ranging search for potential areas for concentric diversi-
fication and the quick assessment of their characteristics, with analysis
results that are statistically significant.

The primary contributions of this research are two-fold. First, from
an academic perspective, this study contributes to concentric diversifi-
cation research by extending previous ex post technology-level evalua-
tion to a predictive product-level approach using an integrated
patent-product database. To this end, we proposed the systematic ap-
proach integrating variousmethods in an effective way. Specifically, as-
sociation rule mining with conviction indicators was used to model the
directions of diversification and a similarity-based link prediction anal-
ysis was used to identify potential areas for concentric diversification in
the future. Three quantitative indicators were developed to assess the
characteristics of potential areas. Our attempt to adopt diverse methods
will provide a basis for future studies in the field of diversification re-
search. Second, from a practical standpoint, the proposed approach en-
ables a wide-ranging search for potential areas for concentric
diversification and the quick assessment of their characteristics, with
statistically significant results. Furthermore, the proposed product-
level approach is of more practical use than previous technology-level
approaches, in that it can supportmore tangible decisionmaking in con-
centric diversification. We expect the proposed approach and software
system could be useful as a complementary tool to support expert deci-
sionmaking, particularly for small andmedium sized high-tech compa-
nies that are considering entering new technology areas, but which
have little domain knowledge.

However, this study is subject to certain limitations, which should be
complemented by future research. First, the proposed approach cannot
consider non-technological factors affecting diversification strategies.
Such non-technological factors as market size, sales networks, human
resources, andmanufacturing equipment also need to be considered, al-
though this study focused on concentric diversification based on tech-
nological capabilities. Second, this study only uses the USPTO database
to construct an integrated patent-product database. However, patents
are oftentimes purposefully written in the form that comprises enough
details for patenting, but does not expose toomuch for competitors how
to circumvent the inventions. For this reason, other types of databases
such as Securities and Exchange Commission (SEC) 10-k databases
could be employed to improve the accuracy and reliability of the pro-
posed approach. Third, other types of indicators such as product life cy-
cles and technological originality should be developed to diversify the
scope of analysis and enhance the richness of potential implications. Fi-
nally, the expert assessment has been limited to semiconductor data in
our case study, and so the results cannot easily be generalised in other
types of products where patenting behaviours may differ, although
the results of statistical tests (i.e. t-test, F-measure, and Youden's J statis-
tic) show that our approach can make highly reliable and accurate pre-
dictions on potential areas for concentric diversification. The types of
technological capabilities: Link analysis of products and technologies,
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products in which the suggestedmethod can best operate should be in-
vestigated to confirm the validity of the proposed approach. Neverthe-
less, the systematic processes and quantitative outcomes of the
proposed approach offer a substantial contribution to both current re-
search and future practice.
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