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Which technology diversification index should be
selected?: Insights for diversification perspectives
Keungoui Kim1, Junseok Hwang2, Sungdo Jung3* and Eungdo Kim4

Abstract: The implacable list of diversification indices allows a wide range of
selection opportunities for the researchers. The absence of consensus on the
selection of suitable technology diversification index, however, may lead to a lack of
objectivity with ample grounds. In this study, we focus on the case of technology
diversification using patent to derive empirical implication for selecting suitable
diversification index. To obtain the content validity of diversification index, three
cases were tested: cross section, single and multiple time periods. As a result,
diversification indices are separated into two groups: HHI, Gini-Simpson, 1/HHI, and
Entropy for PC1 and Variety and Rao-Stirling for PC2. In this context, technology
diversification can be explained by two perspectives of diversification: balance-
centered and hetero-centered diversification. The balance-centered diversification
implies the proportion of elements are the target of interest while hetero-centered
diversification refers to variety and disparity of diversification, which focuses on the
degree of differentiation among elements. In applicant-level technology diversifi-
cation studies, these two diversification perspectives are recommended to be used.
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1. Introduction
In management and economics, diversification has been discussed in the context of research,
business (Geringer, Tallman, & Olsen, 2000; Singh, Gaur, & Schmid, 2010; Stephan, 2002;
Woerheide & Persson, 1992), geography (Geringer et al., 2000; Stephan, 2002), and technology
(Chiu, Lai, Lee, & Liaw, 2008; Kim, Lee, & Cho, 2016; Kook, Kim, & Lee, 2017; Lin & Chang, 2015;
Wang, Ning, & Prevezer, 2015). Especially, technology diversification has been regarded as one of
the important issues in technology management, technology portfolio analysis, and etc. with
relation to the contribution of technology on economic performance and growth. As the advent
of technology convergence phenomena among different industries and technologies highlights the
value of technology competitiveness, technology diversification study can contribute for under-
standing the diversification activities and establishing a diversification strategy.

Along with the importance of technology diversification, various diversificationmeasurements were
introduced and used in previous studies. The variety of available diversification indices provides a wide
range of selection opportunities to researchers. At the same time, it implies the lack of a rigorous
consensus for choosing an appropriate diversification index either in general or specific situations. In
the case of ecology, Morris et al. (2014) pointed out the difficulty of quantifying biodiversity due to the
multitude of proposed indices. The absence of consensus on the selection of a technology diversifica-
tion index (TDI) may lead to justified allegations of a lack of objectivity. Since both interpretation and
consequences can differ depending on the characteristics of the index used, a diversification index
should be selected with the consideration of the validity of TDI.

There were few attempts to address this problem, but they were limited to certain situations and
not of general application. To prove the content validity of TDI, the analytical perspective should
not be restricted to limited cases. In order to obtain the content validity, the evaluation should be
considered more rigorously in the context of various cases. For instance, the result of diversifica-
tion can differ according to the measurement, the analytic sample, and the target of interest.
A more generalized understanding of diversification indices, therefore, can contribute to the
various research areas where diversification is a point of interest.

In this study, the empirical implications of selecting a suitable TDI are derived using patent data.
To prove the content validity of the selection of a TDI, the three cases include cross-section, single
time period, and multiple time periods, with comparisons among three country groups of 18
countries. Due to the reliability and usability of patents, various cases can be studied and compar-
isons among them can be made to obtain a more generalized understanding. In addition, the list
of diversification indices that are frequently used in previous studies are examined to determine
which are better suited for measuring technology diversification. For the evaluation of diversifica-
tion indices, Stirling (2007)’s general framework for diversity property is used as a reference for
understanding the difference among indices. As a methodology, PCA is conducted to determine
distinctive relations among the variables and derive the dominant variable of each principal
component. Since the relationships between diversification indices do not always satisfy the
mathematically predicted patterns (Nagendra, 2002; Stirling & Wilsey, 2001), performing PCA on
real data can ensure that the conclusions are valid (Andy Stirling, 2007).

The remainder of this chapter is laid out as follows. Section 2 reviews the content validity of TDI
and its related indices in detail. Section 3 describes the data and methods used in this study.
Lastly, the results and conclusions are set out in Sections 4 and 5.

2. Literature review

2.1. The content validity of diversification index
The validity of an index can be studied from the perspective of either face or content validity. Face
validity observes whether a test measures what it is supposed to measure while content validity
observes whether a measure represents what it superficially appears to measure. Simply put,
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monthly income indicates face validity of one’s financial ability per month. Compared to face
validity, however, content validity requires a rigorous evaluation of the measure. In general,
content validity requires either recognition by an expert or statistical testing as it deals with
superficial measurements. Robins and Wiersema (2003) pointed out the importance of using an
appropriate diversification index by emphasizing the content validity of a diversification measure.

The main purpose for conducting content validity of a diversification index is that the lack of
a prior assessment of content validity may cause problems in obtaining consistent results due to
the sensitivity of using each index. Although the result can differ depending on the diversity
measurement (Morris et al., 2014), there is no sufficient consensus on the selection of
a diversification measure (Robins & Wiersema, 1995, 2003); the sensitivity of diversification
measurements may cause contradictory results and unexpected confusion depending on the
choice of a diversification index. Robins and Wiersema (2003) examined the content validity of
an entropy index and a concentric index to see whether these indices are suitable for use as
indicators of portfolio relatedness. Their results showed that the concentric index positively
influenced dominant business focus (the relative size of dominant businesses) and negatively
influenced pure diversification (the number of businesses); the entropy index exhibited the oppo-
site characteristics. From these findings, they concluded that these sorts of sensitivities can create
ambiguities in strategy research. Woerheide and Persson (1992) evaluated five diversification
indices for measuring unevenly distributed stock portfolios. Among the five indices—the comple-
ment of the Herfindhal index, Rosenbluth’s index, the exponential of entropy index (Marfels, 1971),
the comprehensive concentration index (Marfels, 1971), and the entropy index (Hart, 1971)—the
first was found to be the most adequate for general use.

Therefore, rather than simply adopting one, the prior assessment of selecting a proper index is
needed.

2.2. Technology diversification
Technology diversification refers to the degree of a firm’s technology diversity. Although there is
consensus on the definition and the sources of technology diversification, there has not been an
in-depth discussion on the TDI. In case of technology diversification, Variety, the Herfindahl-
Hirschman index (HHI), the modified HHI, and Entropy are some of the generally used indices
(Table 1). These indices are widely used in various areas of research and detailed explanations of
them will be provided in the following section.

Table 1. Technology diversification targets and indices

Material Diversification
Target

Index Reference

Patent Primary
technology class
(sub-class)

Variety (Lee & Kang, 2015)

1-HHI (Chiu et al., 2008; Lin & Chang,
2015; Quintana-García &
Benavides-Velasco, 2008)

Entropy (J. Kim et al., 2016)

Technology field Joint occurrence of possible pairs (Breschi, Lissoni, & Malerba, 2003)

1/HHI (Leten et al., 2007)

1-HHI (Bas & Patel, 2005; Garcia-Vega,
2006)

HHI (Fan, Li, & Yang, 2017; Gambardella
& Torrisi, 1998; Kim et al., 2009)

Entropy (Stephan, 2002; Wang et al., 2015)
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As described in Table 1, patent data are used as analytic material for measuring technology
diversification. As an effective and valid indicator for firm-level technological activities, patents
allow the grasping of a firm’s technological activities rooted in a formal R&D organization (Pavitt,
1988). In relevant studies, it is regarded as a form of technological output that explains a firm’s
innovative capabilities (Kim, Lim, & Park, 2009; Kim, Jung, & Hwang, 2018; Kim, Jung, Hwang, &
Hong, 2018; Lee & Kang, 2015). Since patent data span 80 patent offices worldwide from the
1970s, comparisons across countries and over a wide range of time periods are available.

In general, the IPC is used as a target of technology diversification. Argyres (1996) suggested
that patents assigned to different areas of technology can be observed as different technological
applications. In this sense, the technology classifications assigned to a patent can be used to
distinguish a firm’s technological applications. Jaffe (1989) viewed technology as consisting of
a number of distinct “technological areas” and used this approach to characterize a firm’s tech-
nological position. Technology classifications provided by patents offer detailed information on the
area of technology, which is relevant for assessing a firm’s technological activities (Stephan, 2002).
In this sense, a patent is acceptable material as it includes the IPC, which is a type of technology
classification that distinguishes different technologies in a hierarchical order. Even though the IPC
is selected as a diversification target, its measurement level has to be determined. As described in
Table 1, technology diversification is measured either with reference to a sub-class or technology
field. The sub-class refers to the hierarchical level of the IPC and technology field refers to a bundle
of related industry classifications from the IPCs. Accordingly, the criteria for the technology field
may differ depending on either references or countries. Since the sub-class level of the IPC can be
used without restrictions across different countries, it is adopted as a diversification target instead
of the technology field.

2.3. Diversity properties
The main reason that the values measured by each diversification index differ is due to differences
in their points of interest. In this vein, Stirling (2007) proposed a general framework for diversity
that can be applied in the field of science, technology, and society. He classified three basic
properties of diversity: the number of elements (Variety), the distribution of elements (Balance),
and the difference between the elements (Disparity). All these properties are necessary but
individually insufficient as each property constitutes other two (Stirling, 1998; 2007). Thus, it is
more likely to assume that the selection of a diversification index should consider multiple aspects
rather than only one particular index. In this study, a total of six diversity indices that are widely
used in technology diversification studies are selected: Variety, HHI, 1-HHI, 1/HHI, Entropy, and
Rao-Stirling (Table 2). Although it was not mentioned in the previous section, Rao-Stirling is
included to cover the disparity of diversification.

Table 2. Formulas of diversification indices

Diversity property Diversification index Formula

Variety Variety (or Richness)
P

i
p0i
� �

Variety + Balance Herfindhahl-Hirschman
(or Simpson)

P

i
p2i
� �

Variety + Balance 1—Herfindhahl-Hirschman
(or Gini-Simpson)

1�P

i
p2i
� �

Variety + Balance 1/Herfindhahl-Hirschman 1P
i
p2ið Þ

Variety + Balance Entropy (or Shannon) �P

i
pi logpið Þ

Variety + Balance+ Disparity Rao-Stirling
P

ij
dij pipj
� �
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Variety, which is the simplest and the most intuitive diversification index, counts the number of
entities (Macarthur, 1965). As already described in its title, it only considers the variety of diversi-
fication. In economics, it is often used as a simple enumeration of firms or products (Cohendet,
Llerena, & Sorge, 1992; Kauffman, 1992; Saviotti & Mani, 1995). For example, the kinds of IPC sub-
classes owned by a firm represents the richness of its technology diversification.

Instead of counting a total number, using the proportion of each target of diversification is
a more general approach used by most indices. The HHI is one of the most widely adopted indices
for the measurement of technological concentration or diversification (Berry, 1971). Stirling’s
framework (2007) covers the variety and balance properties of diversification. This index was
initially adopted in management literature to observe firms’ diversification (Geringer et al., 2000;
Sambharya, 1995), and also used in the technology diversification (Gambardella & Torrisi, 1998).
The results of the HHI are quite intuitive as its formula is designed to treat proportions equally
using a square root. For example, an applicant with an equally distributed proportion of IPC sub-
classes has a lower HHI compared to one with concentrated technologies.

Rather than simply adopting the HHI, modified HHIs are introduced (Bas & Patel, 2005; Garcia-Vega,
2006; Lin & Chang, 2015; Quintana-García & Benavides-Velasco, 2008). It is obvious that
a concentrated firm’s value is low while diversified firms require higher values of diversification.
A firm with a higher diversification value is assumed to be more diversified. Another modification of
the HHI is measuring diversification by taking its inverse (Leten, Belderbos, & Van Looy, 2007). The
implications of inversed HHI results are similar to those of the 1-HHI, but it emphasizes the apparent
differences in diversification. For instance, a comparison between HHI values of 1/4 and 5/8 becomes
6/8 and 3/8 when transformed into the 1-HHI. When they are converted into the inverse HHI, they
become 4 and 5/8; the difference between them is greater than in the previous indices.

Similar to the HHI, Entropy also covers the variety and balance of diversification. It was first
introduced in the second law of thermodynamics. In thermodynamics, entropy represents the amount
of energy that can no longer be reused. An increase in entropy represents chaos at themolecular level
where the possibility of transforming energy into work is low. The concept of entropy used in
diversification is somewhat similar, but more related to information theory. In information theory,
entropy, also known as the Shannon index, deals with the uncertainty (or imbalance) of information
(Shannon, 1948). An increased value of entropy indicates an increase in information uncertainty. For
instance, if a firm obtains new information, it means that the understanding of its own overall
information decreases. Here, the degree of information uncertainty depends on the proportion of
new information to overall information. In the case of diversification, an increased value of entropy
implies an increase in diversification in the sense of information uncertainty. Unlike the HHI, however,
entropy gives more weight to lower values so that it can highlight the imbalance among components.

Lastly, the Rao-Stirling index not only measures the proportion of each entity, but also the
Euclidean distance between the entities (Stirling, 2007). Unlike previous indices, it considers
disparity in addition to variety and balance. In order to determine the disparity among elements,
it conceives of the distance between them in a so-called disparity space (Solow, Polasky, &
Broadus, 1993). Disparity space is a unique n-dimensional space where n refers to the number of
attributes of elements. Here, the attributes of elements can either be cardinal, interval, or binary
terms. In this case, the attributes of elements are obtained by the cardinal terms of an applicant’s
IPC classes. After normalization and weighting, the Euclidean distance between elements can be
scaled to reflect distances in disparity space (Kruskal, 1964).

3. Data
For the empirical analysis, Worldwide Patent Statistical Database of the European Patent Office
(EPO) is used. The EPO patent data have the advantage of minimizing home-country bias as firms
are headquartered in different countries (Schmoch, 1999). From previous studies, technology
diversification has been discussed in three different cases: cross-section, single period, and
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multiple period (Table 3). The cross-sectional case observes technology diversification at a certain
time. The single-period case observes technology diversification within a specified time period. The
multiple-period case separates the time periods. For comparison, three data sets are constructed
for the three cases including the three groups of countries (high-, mid-, and low-level) classified by
their level of patent applications. For the high-level patent application group, the top-six patent
application countries—the United States (US), Germany (DE), China (CN), Spain (EP), Japan (JP), and
Korea (KR)—are included. For the mid-level patent application group, Sweden (SE), the Russian
Federation (RU), Italy (IT), Brazil (BR), and the Netherlands (NL) are selected. For the low-level
patent application group, Bulgaria (BG), Malaysia (MY), Serbia and Montenegro (YU), the Eurasian
Patent Organization (EA), Slovenia (SI), and the Philippines (PH) are included. Here, YU is intention-
ally included to see how diversification indices are observed where the number of patent applica-
tions dramatically decreases. Case 1 uses cross-sectional data in 2015 and 10,000 applicants are
randomly selected from each country. Case 2 covers a single time period of ten years. Case 3
covers multiple five-year time periods. Here, the empirical cases of the US, the NL, and the PH are
chosen. For the latter two cases, applicants who have patents in the beginning and end years are
selected. Overall descriptions of the sample data for each case are set out in Table 4.

4. Methodology

4.1. Technology diversification calculation
Prior to the calculation of TDIs, the data is organized by each applicant’s IPC sub-class assigned to the
patent. In order to remain consistency among countries, technology diversification is measured with

Table 3. Summary of the empirical studies on technology diversification

Target Time Country Reference
Organization Single period 1976–2006 Korea Kim et al. (2009)

Firm Cross-section 2008 US Lin and Chang (2015)

Single period 2004–2012 China Fan et al. (2017)

1997–2005 Taiwan Chiu et al. (2008)

1991–2015 Korea Kim et al. (2016)

1976–2002 US Quintana-García and
Benavides-Velasco (2008)

1990–2010 US Lee and Kang (2015)

1989–1999 US Wadhwa & Kotha (2006)

1978–1993 France, Germany,
Italy, Japan, UK,
US

Breschi et al. (2003)

1995–2003 US, Europe,
Japan

Leten et al. (2007)

1995–2000 15 European
countries

Garcia-Vega (2006)

1986–1990,
1991–1995,
1996–2000,
2001–2005,
2006–2011

China Wang et al. (2015)

1984–1991 US and Europe Gambardella and Torrisi
(1998)

Multiple periods 1983–1987,
1988–1992,
1993–1997

US, Europe,
Japan

Stephan (2002)

1988–1990,
1994–1996

Europe Bas and Patel (2005)
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IPC sub-classes for all cases. The sub-class level of the IPC is considered as units of technology for the
selection of new technologies (Kim, 2013). Basically, technology diversification is measured annually
and its accumulated form is used for cases with multiple time periods (Figure 1). One of the require-
ments for a TDI is that it should be capable of capturing either changes or variations.With this rule, the
changes in applicant-level technology diversification can be observed while the overall technological
information is secured. Under this condition, diversification indices are derived with the equations
mentioned in the previous section.

4.2. Principal component analysis (PCA)
PCA is a statistical procedure for reducing the dimensions of a data set. Here, the dimensions of
a data set refer to the measurement type. It uses orthogonal transformation to convert a set of
possibly correlated variables into a new set of linearly uncorrelated variables. By doing so, the
following goals can be achieved (Abdi & Williams, 2010). First of all, the most important informa-
tion from the data table can be extracted. In addition, the size of the data can be compressed
while retaining important information. Lastly, the patterns of similarity in the observations and
variables can be analyzed. Given these advantages, PCA has been widely used in big data analysis
and in index studies (Morris et al., 2014). One of the key conditions for PCA is the large sample size
(Chao & Wu, 2017). For instance, if the number of observations is less than the number of
variables, PCA can be influenced by the outliers in the database and the results will not be
consistent (Hastie, Tibshirani, & Jerome, 2009). In this study, the result of PCA is reliable as it
uses a large data sample with universally accessible patent data.

In index studies, PCA is used for two different purposes. The first is to directly propose a new index
using the results of the PCA (Chao &Wu, 2017; Filmer & Pritchett, 2001; Vyas & Kumaranayake, 2006).
The outcome of the PCA—the principal component—is a linear combination of variables where the
coefficient of each variable indicates its importance or weight with respect to a given principal
component. By summing the products of the input variables and the PCA coefficients, a PCA-based
index is proposed. This is one of the data-driven procedures of index mining or a systematic search for
optimal variable aggregation (Chao & Wu, 2017). However, a principal component has a limitation to
be used as a new index. In general, a new index is proposed with a generalized equation and an

Table 4. Description of sample data for the three different cases

Case Data set Country Year

Case 1 Cross-section (High) US, JP, KR, DE, CN, EP;
(Mid) SE, RU, IT, BR, BE, NL;
(Low) BG, MY, YU, EA, SI, PH

2015

Case 2 Longitudinal 1996–2015

Case 3 Longitudinal US, NL, PH 1996–2000; 2001–2005;
2006–2010; 2011–2015

Figure 1. Technology
diversification.
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explanation on how the equation is designedwith scientific sense. The result of PCA, however, does not
guarantee the consistent result for all time and it is not always plausible to explain the weight and
direction of variables.

Secondly, PCA is used to provide a guideline for selecting indices taking into consideration their
similarities and differences (Godshalk & Timothy, 1988; Morris et al., 2014). As indices that are
designed for the specific purposes share a certain level of similarity, determining the difference
among actual measurements can provide a considerable amount of information in selecting
a diversification index. Compared to using a simple correlation test, PCA has the advantages of
dealing with a large number of variables and comparing in hierarchical order with respect to the
relative importance of principal components. In this sense, principal components obtained from
PCA can address the problem of collinearity (Chao & Wu, 2017). With this approach, the unob-
served properties of indices that are shared among them can be observed and it can be used as
a reference for selecting a diversification index. In this study, therefore, PCA is used to select
a diversification index by analyzing their similarities and differences.

4.3. Selecting technology diversification index
Once principal components are derived, diversification indices are classified into either PC1 or PC2.
In previous studies, the importance value (IV) of each index is measured to determine which is
best able to differentiate principal components (Wilsey, Chalcraft, Bowles, & Willig, 2005). Here, IV
synthesizes information based on the importance of each principal component and generates
a value representing the overall ability of each diversification index to distinguish principal com-
ponents (Morris et al., 2014). Previous studies, however, proposed using at least two measures;
they failed in deriving an ideal index (Heino, Mykrä, & Kotanen, 2008; Stirling & Wilsey, 2001;
Whittaker, 1972) as selecting a proper index requires the consideration of diverse situations and
conditions. Thus, a comparison between principal components precedes index selection.

Following previous studies, the comparison among principal components is limited to PC1 and
PC2 which explain the majority of the data. Between PC1 and PC2, the absolute values of the
coefficient of each diversification index are compared. The coefficient of each principal compo-
nent’s variable is also regarded as the weight of the variable. In other words, the coefficient of
a diversification index shows its level of importance with respect to that principal component. In
this sense, the coefficients of a diversification index can be used to determine the principal
component that diversification most affects. For instance, if the absolute value of PC1’s variety is
greater than that of PC2, it is assumed that PC1 is more influenced by variety than PC2. In this
manner, each diversification index can be classified. One of the most important features of an
index is whether it can show differences well. Among the list of diversification indices for each
principal component, the one with the largest standard deviation (SD) is selected as the repre-
sentative index. Rather than using all usable indices with similar meanings, selecting
a representative index is recommended like any other analysis using a huge data set and calcula-
tion. A larger SD of an index, a wider spread of values, implies more an index can show the
variation of data. This selection criterion is promising as a variable with the largest SD can be
regarded as the one that can explain the changes well compared to others.

5. Empirical studies
For each case, the summarized results are elaborated in Table 5–7. Firstly, the absolute value of
coefficients of indices was compared to distinguish each index into PC1 and PC2. For each index, the
principal component which each index is more relying on is elaborated. Secondly, the normalized SD
of each index are described in parentheses. Within each principal component group, an index with the
biggest SDs is represented with the bold type. The descriptive statistics are included in the Appendix.

5.1. Case 1: cross-section
In case 1, applicant-level technology diversifications in 2015 are measured and those of six different
countries are compared. YU is excluded as there were no patent applications in 2015 due to their
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separation in 2006. The result is somewhat interesting because the results of the PCA among the six
countries in each of the three groups are very alike. In this cross-sectional data set, the Gini-Simpson
and the Rao-Stirling are shown to express the representative indices for PC1 and PC2, respectively. In
the high-level patent application group, the 1/HHI is more affected by PC2 in CN. This may be due to
the relatively higher average number of IPC sub-classes per applicant and active IPC sub-classes in
CN, as the 1/HHI is more correlated to the Variety and the Rao-Stirling. Although the separation
between PC1 and PC2 is apparent in the high-level patent application groups, the mid- and low-level
patent application groups show few differences in their results as Variety is allocated to PC1 in BE, IT,
the NL, the RU, the EA, the PH, and SI. However, these small differences do not influence the overall
result as the representative indices are the same for all groups.

5.2. Case 2: single time periods
In case 2, applicant-level technology diversification between 1996 and 2015 is measured. Here, the
PCA result is consistent to case 1; the same indices are allocated to the same principal compo-
nents. In the case of the mid-level (low-level) patent application group, the result is almost similar
except that the 1/HHI (Variety) of IT (the PH) is classified to PC2 (PC1). However, this can be
regarded as a minor difference as the representative indices for each principal component remain
the same. In summary, the PCA results of case 2 are similar to case 1; the Gini-Simpson and the
Rao-Stirling are the most important indices for PC1 and PC2 (Table 6). Once again, applicant-level
technology diversification in single time periods can be conducted from two different perspectives.

5.3. Case 3: multiple time periods
In case 3, technology diversifications are measured across four different time periods. Among the
18 countries, the US, the NL, and the PH are selected. Similar to the previous cases, a clear
distinction between PC1 and PC2 is observed. In most cases, the HHI, the Gini-Simpson, the 1/
HHI, and Entropy are spread along PC1 while only Variety and the Rao-Stirling mainly change with
PC2. This also shows the consistent result to the previous cases that for analyzing diversification

Table 5. Summarized result of case 1

US JP KR DE CN EP

Variety PC2 (0.03) PC2 (0.032) PC2 (0.027) PC2 (0.03) PC2 (0.033) PC2 (0.023)

HHI PC1 (0.28) PC1 (0.293) PC1 (0.299) PC1 (0.287) PC1 (0.331) PC1 (0.281)

Gini-Simpson PC1 (0.29) PC1 (0.303) PC1 (0.31) PC1 (0.297) PC1 (0.335) PC1 (0.29)

1/HHI PC1 (0.04) PC1 (0.048) PC1 (0.06) PC1 (0.041) PC2 (0.04) PC1 (0.033)

Entropy PC1 (0.139) PC1 (0.151) PC1 (0.155) PC1 (0.138) PC1 (0.157) PC1 (0.129)

Rao-Stirling PC2 (0.216) PC2 (0.202) PC2 (0.193) PC2 (0.142) PC2 (0.162) PC2 (0.202)

BE BR IT NL RU SE

Variety PC1 (0.13) PC2 (0.022) PC1 (0.138) PC1 (0.027) PC1 (0.056) PC2 (0.024)

HHI PC1 (0.307) PC1 (0.282) PC1 (0.262) PC1 (0.275) PC1 (0.271) PC1 (0.287)

Gini-Simpson PC1 (0.336) PC1 (0.291) PC1 (0.322) PC1 (0.29) PC1 (0.291) PC1 (0.308)

1/HHI PC1 (0.121) PC2 (0.034) PC1 (0.147) PC1 (0.047) PC1 (0.06) PC1 (0.074)

Entropy PC1 (0.223) PC1 (0.125) PC1 (0.245) PC1 (0.134) PC1 (0.162) PC1 (0.165)

Rao-Stirling PC2 (0.256) PC2 (0.213) PC2 (0.226) PC2 (0.217) PC2 (0.044) PC2 (0.223)

BG EA MY PH SI YU

Variety PC2 (0.285) PC1 (0.215) PC2 (0.055) PC1 (0.081) PC1 (0.115) -

HHI PC1 (0.262) PC1 (0.215) PC1 (0.266) PC1 (0.272) PC1 (0.271) -

Gini-Simpson PC1 (0.349) PC1 (0.323) PC1 (0.293) PC1 (0.316) PC1 (0.325) -

1/HHI PC1 (0.179) PC1 (0.198) PC1 (0.096) PC1 (0.112) PC1 (0.136) -

Entropy PC1 (0.333) PC1 (0.31) PC1 (0.174) PC1 (0.213) PC1 (0.23) -

Rao-Stirling PC2 (0.352) PC2 (0.312) PC2 (0.229) PC2 (0.338) PC2 (0.24) -
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within a single country with multiple time periods, two different aspects of diversification indices
can be used.

6. Discussion
As a result, the interesting findings are those related to improving the understanding of technology
diversification.

Firstly, a clear distinction among diversification indices is observed in all cases. As a result of the PCA,
the diversification indices are separated into two groups based on principal components: the HHI, the
Gini-Simpson, the 1/HHI, and Entropy for PC1 and Variety and the Rao-Stirling for PC2. This is some-
what consistent with Stirling’s (Stirling, 2007) framework as PC1 represents balance and PC2 repre-
sents both variety and disparity. Since theories or existing evidence supporting index outcomes are
important (Chao & Wu, 2017), proposing two diversification perspectives is reliable and supported by
Stirling’s (Stirling, 2007) framework. In this context, diversification can be explained using two per-
spectives of diversification: balance-centered and hetero-centered diversification (Figure 2). Balance-
centered diversification refers to the balance of diversification where the proportions of elements are
the targets of interest. On the other hand, hetero-centered diversification refers to the variety and
disparity of diversification, which focuses on the degree of differentiation among elements. In addi-
tion, the variables with the biggest SD are shown to be the Gini-Simpson and the Rao-Stirling. Since the
bigger SD implies that the variations in the indices aremore observable, the Gini-Simpson and the Rao-
Stirling are recommended for observing PC1 and PC2.

To supplement the selection of these two indices, a comparison among diversification indices for
each diversification perspective is conducted. Figure 3 shows the time-series graph of balance-
centered diversification in the US. Here, the size of each dot indicates the average number of IPC sub-
classes used for patent applications. Although all these diversification indices show similar variations,
the Gini-Simpson appears to accurately reflect diversification changes and reality. From 2000 to 2001,

Table 6. Summarized result of case 2

US JP KR DE CN EP

Variety PC2 (0.038) PC2 (0.047) PC2 (0.035) PC2 (0.045) PC2 (0.028) PC2 (0.037)

HHI PC1 (0.298) PC1 (0.295) PC1 (0.316) PC1 (0.306) PC1 (0.328) PC1 (0.295)

Gini-Simpson PC1 (0.308) PC1 (0.301) PC1 (0.323) PC1 (0.313) PC1 (0.331) PC1 (0.311)

1/HHI PC1 (0.053) PC1 (0.073) PC1 (0.066) PC1 (0.053) PC1 (0.043) PC1 (0.072)

Entropy PC1 (0.163) PC1 (0.194) 0.168 (PC1) PC1 (0.165) PC1 (0.161) PC1 (0.163)

Rao-Stirling PC2 (0.227) PC2 (0.153) 0.163 (PC2) PC2 (0.212) PC2 (0.22) PC2 (0.234)

BE BR IT NL RU SE

Variety PC2 (0.045) PC2 (0.046) PC2 (0.032) PC2 (0.033) PC2 (0.048) PC2 (0.04)

HHI PC1 (0.299) PC1 (0.301) PC1 (0.296) PC1 (0.298) PC1 (0.303) PC1 (0.3)

Gini-Simpson PC1 (0.314) PC1 (0.31) PC1 (0.302) PC1 (0.306) PC1 (0.316) PC1 (0.312)

1/HHI PC1 (0.007) PC1 (0.055) PC2 (0.036) PC1 (0.034) PC1 (0.06) PC1 (0.064)

Entropy PC1 (0.168) PC1 (0.162) PC1 (0.134) PC1 (0.142) PC1 (0.169) PC1 (0.167)

Rao-Stirling PC2 (0.197) PC2 (0.252) PC2 (0.14) PC2 (0.173) PC2 (0.177) PC2 (0.169)

BG EA MY PH SI YU

Variety PC2 (0.054) PC2 (0.048) PC2 (0.048) PC1 (0.08) PC2 (0.042) PC2 (0.077)

HHI PC1 (0.283) PC1 (0.27) PC1 (0.3) PC1 (0.279) PC1 (0.278) PC1 (0.253)

Gini-Simpson PC1 (0.307) PC1 (0.289) PC1 (0.315) PC1 (0.316) PC1 (0.292) PC1 (0.276)

1/HHI PC1 (0.093) PC1 (0.073) PC1 (0.062) PC1 (0.104) PC1 (0.061) PC1 (0.083)

Entropy PC1 (0.196) PC1 (0.163) PC1 (0.174) PC1 (0.216) PC1 (0.155) PC1 (0.183)

Rao-Stirling PC2 (0.3) PC2 (0.285) PC2 (0.174) PC2 (0.31) PC2 (0.302) PC2 (0.301)
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a great shift in technology diversification occurred, incrementing the use of numerous IPC sub-
classes. Compared to other indices, the Gini-Simpson increased by a greater value, indicating that it
detects diversification changes more clearly. Another interesting point is the period between 2008
and 2009 when the financial crisis occurred; the Gini-Simpson showed amore reasonable outcome as
it shows the smallest changes in that time period.

In the case of hetero-centered diversification, Figure 4 shows the time-series graph of hetero-
centered diversification where the size of each dot indicates the total number of unique IPC sub-
classes. Compared to Variety, the Rao-Stirling describes hetero-centered diversification more
clearly. For instance, the Rao-Stirling experienced a greater increase between 2000 and 2001
and no changes between 2008 and 2009. Since Variety can only determine the number of IPC sub-
classes used for a patent application, the level of heterogeneity for diversification is underesti-
mated, a characteristic which is highlighted by the Rao-Stirling. In addition, although lesser or no
diversification increment was expected in 2008 and 2009, Variety increased while the Rao-Stirling
remained the same. This shows that the two representative diversification indices for each
diversification perspective not only captures the variation well but also reflects reality in a more
reasonable sense.

With these two perspectives of diversification indices, interesting findings can be obtained. If
diversification is discussed with a single diversification index, only limited information about
diversification is used. For instance, comparing the diversification of applications in each country
only tells us the degree to which it either increases or decreases. Two perspectives of diversifica-
tion clarify how the applicants in each country achieved diversification either in balance or
heterogeneity. Figure 5 shows the result of the empirical analysis based on two perspectives of
diversification indices with an average of normalized diversification perspective for each five-year
time period. Here, the size of each point indicates the average usage of IPC sub-classes per patent

Table 7. Summarized result of case 3

US 1996–2000 2001–2005 2006–2010 2011–2015

Variety PC2 (0.057) PC2 (0.039) PC2 (0.047) PC2 (0.05)

HHI PC1 (0.289) PC1 (0.294) PC1 (0.3) PC1 (0.302)

Gini-Simpson PC1 (0.31) PC1 (0.304) PC1 (0.319) PC1 (0.314)

1/HHI PC1 (0.082) PC1 (0.048) PC1 (0.092) PC1 (0.068)

Entropy PC1 (0.18) PC1 (0.155) PC1 (0.203) PC1 (0.19)

Rao-Stirling PC2 (0.241) PC2 (0.237) PC2 (0.229) PC2 (0.248)

NL 1996–2000 2001–2005 2006–2010 2011–2015

Variety PC2 (0.058) PC2 (0.07) PC2 (0.061) PC2 (0.042)

HHI PC1 (0.293) PC1 (0.302) PC1 (0.3) PC1 (0.295)

Gini-Simpson PC1 (0.315) PC1 (0.322) PC1 (0.322) PC1 (0.303)

1/HHI PC1 (0.083) PC1 (0.089) PC1 (0.09) PC2 (0.04)

Entropy PC1 (0.194) PC1 (0.204) PC1 (0.195) PC1 (0.141)

Rao-Stirling PC2 (0.147) PC2 (0.163) PC2 (0.195) PC2 (0.203)

PH 1996–2000 2001–2005 2006–2010 2011–2015

Variety PC1 (0.17) PC1 (0.162) PC1 (0.19) PC1 (0.077)

HHI PC1 (0.277) PC1 (0.278) PC1 (0.267) PC1 (0.279)

Gini-Simpson PC1 (0.323) PC1 (0.338) PC1 (0.354) PC1 (0.316)

1/HHI PC1 (0.167) PC1 (0.156) PC1 (0.189) PC1 (0.103)

Entropy PC1 (0.251) PC1 (0.279) PC1 (0.291) PC1 (0.215)

Rao-Stirling PC2 (0.337) PC2 (0.253) PC2 (0.204) PC2 (0.311)
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Figure 2. Two diversification
perspectives.

Figure 3. Balance-centered
diversification indices (US).

Figure 4. Hetero-centered
diversification indices (US).
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application. As diversification is measured with reference to each country, only comparisons of
either increases or decreases in values are allowed.

For the high-level patent application group, a clear increase in both diversification perspectives is
observed. In the case of DE and EP, slight decreases in 2006–2010 and 2011–2015 are observed as
a consequence of the financial crisis. The countries (all except CN) familiar with applying for
numerous IPC sub-classes for patent applications tend to move more horizontally, seeking bal-
ance-centered diversification. On the other hand, CN’s technology diversification is more focused
on hetero-centered diversification. This is a reasonable finding as CN is known to achieve dramatic
increases in technological development in a very short period of time. From these findings, the
differences in the trajectories of technology diversification regarding the maturity of technological
application are observed.

7. Conclusion

7.1. Implications
In this study, the selection of a TDI has been empirically analyzed by covering the most frequently
used cases and indices in previous studies. As a result, two diversification perspectives are
proposed. It not only proves Stirling’s (Stirling, 2007) framework empirically but also provides
generalized insights on technology diversification. Overall, the implications of this study for both
practitioners and researchers in the field of technology management are as follows.

For academic research, this study provides a reliable resource for selecting TDI. Due to the
difference in calculation and characteristic, it is important to select an appropriate diversification
index to satisfy the researcher’s intendedmeaning of diversification and avoid the issue of subjective
selection. The two technology diversification indices suggested from this study are already obtained
content validity to be implemented in the field of technology management because they were
derived through the efforts to generalize the result by adopting different cases and diversification
indices. Given the absence of consensus on selecting a proper TDI, this study can be used as
a reference for further relevant studies. This study can also be used as a reference for a more
systematic mode of index selection, in particular for those interested in the quantitative aspects of
science. More importantly, the two diversification perspectives proposed in this study can be used to
drive a more extended discussion on technology diversification effect. Previously, technology diver-
sification was only discussed with a single property of diversity. Instead, technology diversification
can be discussed either with balance-centered or hetero-centered perspectives. Whether used

Figure 5. Comparison among
countries using two diversifica-
tion perspectives (High-level
patent application group).
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separately or together, technology diversification measured by Gini-Simpson and Rao-Stirling allows
the researchers to consider different diversity properties.

For the practitioners, the two technology diversification perspectives and representative indices are
expected to be used for technology development strategy. Referring to the diversification index without
an understanding of the diversity property may lead to the faulty decision. By noticing the difference
between balance-centered and hetero-centered diversification, the decision makers can evaluate their
own level of technology diversification more clearly and establish a more specific direction for their
technology.

7.2. Limitations and directions for future research
While this study provides a guideline for selecting TDI, it has a couple of limitations. In this study,
technology diversification was measured by patent’s sub-class IPCs. The level of IPC not only indicates
the unit andmeaning of technology but also affects the sample size and PCA result. Although using sub-
class IPC is supported by previous studies, the difference caused by the level of IPC is better to be
considered. In addition, technology and industry effectwere ignored. The heterogeneity amongdifferent
technology sectors and industries may lead to an additional discussion on diversificationmeasurement.
With relation to the limitation of this study, the additional examination on a selecting TDIwith a different
level of IPCs is needed. Moreover, a comparison of cases using different technologies and industries can
be also discussed. Beside technology diversification, this also can be implemented to other studies or
measurements used in the field of management.
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Appendix
Descriptive statistics of case 1 (High-level patent application group)

Descriptive statistics of case 1 (Mid-level patent application group)

US JP KR DE CN EP

Total number of
patents

17,523 20,438 22,337 15,760 70,872 14,315

Total number of
applicants

10,000 10,000 10,000 10,000 10,000 10,000

Total number of IPCs 58,142 79,578 77,154 43,499 147,590 45,876

Average number of
patent per applicant

1.80 2.22 2.60 1.91 7.31 1.57

Average number of
IPC per applicant

5.81 7.96 7.71 4.35 15.76 4.59

Number of activated
IPC

533 539 557 549 592 560

BE BR IT NL RU SE

Total number of
patents

59 3,899 262 1,608 10,339 1,972

Total number of
applicants

135 10,000 553 4,033 10,000 3,670

Total number of IPCs 462 33,460 1,754 13,441 31,011 19,377

Average number of
patent per applicant

1.36 1.28 1.13 1.32 1.43 1.73

Average number of
IPC per applicant

3.42 3.33 3.17 3.33 2.78 5.28

Number of activated
IPC

60 200 200 391 496 412
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Descriptive statistics of case 1 (Low-level patent application group)

Descriptive statistics of case 2 (High-level patent application group)

Descriptive statistics of case 2 (Mid-level patent application group)

BG EA MY PH SI YU

Total number of
patents

36 13 223 3,001 165 -

Total number of
applicants

93 49 643 10,000 395 -

Total number of IPCs 1,140 164 2057 49,543 822 -

Average number of
patent per applicant

1.28 1.04 1.38 1.28 1.17 -

Average number of
IPC per applicant

12.3 3.35 3.20 4.94 2.08 -

Number of activated
IPC

39 16 125 395 127 -

US JP KR DE CN EP

Total number of
patents

39,258 82,227 22,782 27,095 14,723 12,556

Total number of
applicants

10,000 10,000 10,000 10,000 10,000 10,000

Total number of IPCs 222,151 405,157 145,354 141,865 168,455 74,831

Average number of
patent per applicant

2.21 3.42 2.23 1.93 2.91 1.36

Average number of
IPC per applicant

10.99 12.97 7.22 7.78 8.99 5.95

Number of activated
IPC

600 611 594 602 611 582

BE BR IT NL RU SE

Total number of
patents

8,013 18,361 15,974 16,877 23,745 22,162

Total number of
applicants

10,000 10,000 10,000 10,000 10,000 10,000

Total number of IPCs 53,494 80,658 41,408 54,591 60,949 80,647

Average number of
patent per applicant

1.25 1.39 1.33 1.394 1.59 1.61

Average number of
IPC per applicant

4.29 5.98 3.18 3.73 3.96 5.22

Number of activated
IPC

557 586 599 580 585 580
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Descriptive statistics of case 2 (Low-level patent application group)
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BG EA MY PH SI YU

Total number of
patents

9,776 11,905 13,372 5,624 13,753 4,826

Total number of
applicants

10,000 10,000 10,000 10,000 10,000 10,000

Total number of IPCs 172,308 100,316 74,641 52,722 114,314 179,565

Average number of
patent per applicant

1.44 1.32 1.33 1.26 1.38 1.23

Average number of
IPC per applicant

13.77 7.93 5.96 5.08 8.40 15.52

Number of activated
IPC

543 540 533 488 559 489
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