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Abstract: In this paper, we suggest a new methodology to identify promising technology areas
by analyzing merger and acquisition (M&A) information. First, we present decision models for
estimating the velocity and acceleration of M&A transactions to identify promising areas based on
M&A information. Second, we identify the promising technology areas with longitudinal analyses
of M&As over the entire period. Third, cross-sectional analysis is proposed to determine which
technology areas are more promising through a relative comparison among technology areas within
the IT sector for a specific period. The main significance of our research is that it is a prior data-based
analytic method based on M&A transaction information to identify the growth of industry and
technology. We hope this study will provide insights for R&D (Research&Development) policymakers
and investment firms as a new approach that complements previous methods in exploring promising
industry or technology areas.
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1. Introduction

In a competitive industrial environment, early identification of technological opportunities is
crucial for companies to formulate technology strategies that can provide a core competitive advantage
over competitors and sustainable growth in the future. As more and more participants in the merger
and acquisition (M&A) market develop a systematic approach to sustainable growth, sustainability
issues are beginning to emerge in M&A transactions [1–3].

However, companies are struggling to diversify and grow their businesses due to a lack of
diversification information, opportunity capturing capability, and actual commercialization capability.

To overcome these difficulties, a variety of forecasting methods to identify promising industry,
business, or technology areas have been developed thus far. Some of the more useful and widespread
forecasting techniques are judgmental methods and bibliometric analysis methods [4–7]. Judgmental
methods fundamentally rely on the opinions of experts or panels with knowledge in the fields that are
relevant to the forecast. These methods are largely dependent on the individual and are particularly
vulnerable to bias [8]. Bibliometrics, in the context of technology forecasting, can be defined as
statistical analysis research to produce and disseminate information concerning the use of recorded
literature or patents for forecasting and decision making [9].

The methods mentioned above have some limitations, however, in applying their analysis results
to the real world. The major problem of judgmental methods is that the results of the methods are
not objective. Another drawback of judgmental methods is inconsistency. Inconsistency occurs when
experts or panels apply different decision criteria to similar situations. In the case of bibliometric
methods based on papers or patents, there is a time lag [10,11] for practical use in the market because
it generally takes time to finally publish a paper or apply for a patent from finishing documents
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to publishing or application. Bibliometric methods also have some drawbacks, including quality,
discipline variation, database variation, and bias and discrepancies [12–14]. Above all, all the above
methodologies are not based on actual business transactions in the market, so they are somewhat
different from the real business world. Consequently, there are some limitations in actually utilizing
the analysis results.

Therefore, it is necessary to propose a new methodology to explore promising technology areas as
a new business opportunity for future growth. The alternative to the above judgmental methods and
bibliometric analysis methods is quantitative approaches to analyze M&A transaction information [15].

M&A transaction depicts two corporates’ efforts to create positive synergies through business
combination [16,17]. M&A provides a mechanism to learn about the other firm’s technologies,
to recombine knowledge and technologies residing in different firms, and thereby to generate
innovations [15,18]. M&A also represents a massive asset reallocation within and across industries,
often enabling firms to double in size in a matter of months on a microeconomic level [19]. M&A also
accelerates global market expansion by providing alternatives to develop complementary technologies
and innovative features [20,21]. Consequently, companies began to engage strategically in M&A
transactions to create new business value, acquire technological capabilities, and achieve market share
growth and global expansion [16,22]. On a macroeconomic level, as mergers tend to occur in waves
and cluster by industry, it is easily understood that such transactions may radically and swiftly change
the competitive architecture of affected industries [19].

Our previous study [23] supports that M&A activities play an essential role in identifying
industries with lots of potential and that strategic investment planning can be drawn from both
industry and time-lag perspectives. Thus, M&A transaction information itself shows dynamic linkages
among industries or technologies through the strategic relations of participating companies. It can
be very useful for analyzing correlations and convergences between different industries, businesses,
or technology areas. Therefore, the analysis information based on the M&A transactions can be utilized
as an infrastructure for identifying promising industry and technology areas or exploring new business
opportunities for sustainable growth in the future.

In summary, our research aims to suggest a new methodology that can recommend promising
industry or technology areas using M&A information. The significance of our study is that it is a prior
data-based analytic method based on M&A transaction information that does not have a time-lag issue
in identifying promising industry or technology areas.

The remainder of the paper is organized as follows. In the following section, prior research related
to methods for technology/business opportunity analysis is introduced. In section III, we define two
variables for the analysis to identify promising technology areas, the number of M&A transactions,
and value of M&A transactions, and present decision models for evaluating the velocity and acceleration
of M&A transactions to identify promising areas based on M&A information. In section IV, we identify
the promising industry areas with longitudinal analyses of M&A trends by sub-industry in the IT
(Information Technology) sector. Furthermore, cross-sectional analysis is proposed to determine which
technology areas are more promising through a relative comparison among technology areas for a
specific period. In order to derive a growing industry group within the IT sector for a particular
period, promising industry groups are obtained using the K-means clustering algorithm. The paper
concludes by presenting the research results, significance, and limitations of our research, and further
research issues.

We hope our study results provide insights for R&D (Research&Development) policymakers
and investment firms that need to decide on promising technology areas to cultivate or invest in,
and for researchers who want to explore M&A information to identify M&A trends and growing
technology areas.
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2. Literature Review

In this section, existing methods used to analyze promising industry and technology opportunities
are presented. The analysis of promising industry and technology opportunities is a process of
assessing the attractiveness of a business and technology development opportunity. The main benefit of
this analysis is to help guide the process of better understanding the most important market segments,
how fast the opportunity is growing, what the key sustainable differentiations are, and why these are
important. Furthermore, it is important to understand the potential impact that a new technology or
business might have on the market.

The methods for finding a promising business or technology opportunity are primarily divided into
three categories: bibliometrics, the judgmental methods of experts, and market information analysis.

2.1. Bibliometrics

Bibliometrics, in the context of technology forecasting, can be defined as analytical research
to produce and disseminate information concerning the use of recorded literature or patents for
forecasting and decision making. Bibliometrics for business/technology opportunity analysis has been
continuously developing for the past 30 years, mainly in academia, using papers and patent information.
This technique helps to identify the most recent technological trends and discover hidden patterns
with the information of authors/inventors, affiliations, and recent research in literature or patents [9].
The major derivatives of bibliometrics are publication counts, citation counts, citation networks,
co-citation counts, co-word counts, and scientific mapping [9].

Park and Yoon [24] proposed an approach to determine application technology opportunities
customized to a target firm by applying collaborative filtering to the firm’s technology portfolios,
which are represented as a set of patent classification codes of the firm’s patents. Technology
opportunities are defined as the promise of technological progress or the potential ability to drive
technological advances in specific fields or over different industries [25,26]. The authors say that
technology opportunity discovery (TOD), customized to a firm’s current technology capability, can be
a good starting point to formulate a technology strategy for a firm that lacks technology information,
experts, and/or facilities.

Yoon and Magee [7] suggested a systematic approach to conducting TOD by visualizing patent
information, such as patent documents and citation relations. In the paper, keywords are extracted
from collected patent documents by text mining, and patents are visualized in a two-dimensional
space, and vacant cells, potential candidates for developing new technologies, are identified with
their estimated keyword vectors by generative topographic mapping (GTM). Kim et al. [27] also
introduced TOD via technology convergence, using both patent textual data and patent citation
networks. The authors carried out TOD by extracting representative keywords from patent pairs
selected based on their technological relatedness and organizing them into the basic description of a
new invention, which the potential convergence of the patent pair might produce.

Rodriguez et al. [5] proposed another approach that addresses TOD via patent outlierness,
leveraging both patent attributes and citations. They proposed new outlier ranking methods developed
specifically for patents in attributed patent citation networks. Attribute data independently describe a
patent, while citation network data relate patents to each other, thus capturing patent outlierness from
two different aspects.

Breitzman and Thomas [28] suggested the Emerging Clusters Model, which is designed to identify
emerging technologies close to real-time across multiple patent systems by using patent citation
techniques. The authors found that patents in emerging clusters consistently have a significantly
higher impact on subsequent technological developments than patents outside these clusters.

Other studies have attempted to predict a technology based on semantic patent analysis.
Yoon and Kim [29] proposed a method of detecting new technological opportunities by using
Subject-Action-Object (SAO)-based semantic patent analysis and outlier detection. In the research,
SAO structures are syntactically ordered sentences that can be automatically extracted by natural
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language processing of patent text, and outlier detection is used to identify unusual or distinctive
patents in a given technology area. Lee et al. [30] proposed Intelligence in Science and Technology
(InSciTe) Advanced, which is a decision-making support service based on the TOD model. It discovers
emerging technologies based on the technology life cycle model and analyzes R&D status in terms of
semantic repository and inference as well as text mining on patents or papers.

Gerken and Moehrle [31] and An et al. [32] also introduced semantic patent analysis for the
identification of inventions of high novelty to improve the usability of keyword-based patent analyses.

Rotolo et al. [6] reviewed methods for the detection and analysis of emergence in science and
technology and then classified them in terms of the methodological approach: indicators and trend
analysis studies; citation analysis studies; co-word analysis studies; overlay mapping technique studies;
and hybrid studies.

Bibliometric methodologies based on research papers or patents are based on accumulated data,
so the methodologies are robust and widely used.

However, a time-lag occurs in bibliometrics between the submission of a manuscript and its
publication in a journal or between patent applications and their publication [33–36]. Given the nature of
post-data-based research, there are some limitations in effectively utilizing it for exploring emerging or
rapidly growing new research and technology areas. Bibliometric methods also have several drawbacks,
including quality, discipline variation, database variation, and bias and discrepancies [12–14]. Despite
these drawbacks, bibliometrics has been applied in many studies related to technology forecasting.

2.2. Judgmental Methods

Judgmental methods fundamentally rely on opinion to generate a forecast. Typically, the opinion
is from an expert or panel of experts with knowledge in fields that are relevant to the forecast. In its
simplest form, the method asks a single expert to generate a forecast based on his or her own intuition.
Sometimes called a “genius forecast”, it is largely dependent on the individual and is particularly
vulnerable to bias. Experts are likely to suffer from cognitive biases or may focus on explaining current
circumstances and lose the wider picture [37,38]. The potential for bias may be reduced by incorporating
the opinions of multiple experts in a forecast, which also has the benefit of improving balance.

Some public research and policy organizations or research and advisory firms periodically publish
technology forecasting results for companies or individuals to alleviate R&D risk and to offer reliable
and sufficient evidence.

Recently, judgmental methods have been developed as a hybrid technique that incorporates
technology/market information analysis [39–42]. Furthermore, in order to have more reliable and
effective results, workshops among experts using an expert-based approach are integrated with the
bibliometric approach to detect emerging research domains and forecast emerging technologies [35,43].
There is a tendency to complement the weaknesses of judgmental methods, such as technical myopia,
with technical/market information analysis.

2.3. Market Information Analysis

The use of market information has been developed around investment firms. The market
information used in exploring existing business and technology opportunities is about financial
statements and macroeconomic indicators. Leading global investment banks and enterprises such as
Goldman Sachs, Blackstone, J.P. Morgan, and Standard & Poor’s (S&P) have built their own market
information databases and used them to search for business and technology opportunities.

However, techniques based on market and investment information are subject to data availability
due to high price and confidentiality. There is very little research on business or technology opportunity
analysis that focuses on market information.

Table A1 in the Appendix A presents a non-exhaustive literature review on the previous research
regarding the methods for finding a promising technology opportunity. Therefore, in this paper,
we suggest a new method that identifies promising industry and technology areas using M&A



Sustainability 2020, 12, 5606 5 of 23

information and presents the analysis results based on M&A transaction information of the IT sector
by using this method.

M&A is defined as being horizontal, vertical, and conglomerate [15,44,45]. M&A is considered
horizontal when two companies compete directly and share the same product line and market, and it
is considered vertical when a company expands backward by M&A with another company supplying
raw materials or extends forward in the direction of the ultimate customer. M&A is considered
conglomerate when firms are in entirely different markets and/or do not have a common business
line. M&As also can be classified according to their transaction intention. When the management
of acquiring and target companies mutually and willingly agree to a takeover, it is called a friendly
M&A, and when the acquisition is “forced” or against the will of the target management, it is called a
hostile M&A [44]. Friendly M&As are related to promising areas because both parties’ interests and
growth possibilities are recognized by mutual agreement. However, a hostile M&A is not a means for
mutual growth but a unilateral relation. In such a situation, M&As do not reflect growth potential or
shareholder value and ultimately fail to contribute to the growth of a specific sector or technology area.

The M&A type is an important issue, but it is not easy to classify all past M&A transactions
according to M&A type, and this study focuses on presenting a new method based on M&A
transformation information. Thus, M&A type-specific analysis was not considered in the study.

Finding information about M&A transactions is possible with the availability of some M&A
databases. One of the powerful databases that contain M&A information is S&P Capital IQ. It provides
accurate and timely financial information to investment banks, asset management firms, private equity
firms, and corporations around the world. S&P Capital IQ provides detailed information and analysis
of all M&A transactions at the most granular level.

S&P Capital IQ’s industry segment is based on the Global Industry Classification Standard (GICS),
which is an industry taxonomy developed in 1999 by MSCI and Standard & Poor’s (S&P) for use by
the global financial community. The GICS structure consists of sectors, industry groups, industries,
and sub-industries into which S&P has categorized all major public companies. GICS is used as a basis
for S&P and MSCI financial market indexes in which each company is assigned to a sector, industry
group, industry, and sub-industry according to the definition of its principal business activity. A sector
is one of a few general segments in the economy within which a large group of companies can be
categorized. An economy can be broken down into about a dozen sectors, which can describe nearly
all of the business activity in that economy. Sectors, in turn, are broken down into sub-categories
known as industries. An industry describes a much more specific grouping of companies with highly
similar business activities. Essentially, industries are created by further breaking down sectors into
more defined groupings. This allows a closer grouping of similar businesses.

The classification tree of S&P Capital IQ has a common lower level for each sector; the common
lower level for all industry sectors is level 4, which corresponds to the sub-industry level of GICS.
A company is classified in the sub-industry, whose definition most closely describes the business
activities that generate the majority of the company’s revenues [46].

According to the S&P Capital IQ database, the IT sector is divided into 13 sub-industries on level
4, which is divided into 85 sub-sub-industries on level 5. The classification tree of the S&P database has
eight levels for the IT sector. Sub-industries (level 4) may be regarded as a somewhat broader range
of technology areas, and sub-sub-industries (level 5) are considered more specific technology areas.
Sub-industries of the IT sector and representative sub-sub-industries for each sub-industry are shown
in Table A2 in the Appendix A.

We extracted all M&A transaction information traded in the IT sector in the United States for
the past 15 years, from 2004 to 2018. A total of 25,879 M&A transaction data were extracted and
analyzed. A total of 25,879 Target companies participated in these M&A transactions, and 27,646 Buyer
companies were involved in the transactions.

In the following section, we present the analysis results of the overall trends of M&A transactions
in the IT sector.
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3. M&A Transactions by Sub-Industry in the IT Sector

Figure 1 shows the analysis results of the cumulative number of M&A transactions by sub-industry
(level 4) in the IT sector over the last 15 years (2004–2018) in the United States.
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Figure 1. The cumulative number of merger and acquisition (M&A) transactions by sub-industry in
the IT sector.

There were significant differences in the number of M&A transactions by sub-industry. Among
the sub-industries, “Application Software” and “IT Consulting and Other Services” account
for a large part of the M&A transactions and show continuous and steeply increasing trends.
The sub-industries, including “Electronic Equipment and Instruments”, “Systems Software”,
“Communications Equipment”, and “Internet Services and Infrastructure” have a relatively low
proportion of frequency of M&A transactions. However, the cumulative number of transactions
significantly continues to increase over time.

Figure 2 shows the results of analyzing the M&A transaction value, namely the M&A transaction
amount, by sub-industry in the IT sector. The M&A transaction value of each sub-industry was
estimated by calculating the average of the middle 50 percent of the M&A transaction values when
ordered from lowest to highest and multiplying it by the number of M&A transactions of the
corresponding sub-industry.

Like the overall trend of the cumulative number of M&A transactions in Figure 2, the M&A
transaction values of most sub-industries show overall increasing patterns over the whole period,
though there are significant differences in the transaction values by sub-industry.

“Application Software” and “IT Consulting and Other Services” account for a large part of the
M&A transaction value and show continuously increasing patterns except around 2009.

In the case of “Systems Software”, “Electronic Equipment and Instruments”, “Communications
Equipment”, and “Internet Services and Infrastructure”, there were ups and downs in some periods,
but the overall trends show increasing patterns over the past 15 years. On the other hand, all other
sub-industries, including “Data Processing and Outsourced Services” and “Semiconductors”, do not
show substantial changes over the entire period from a transaction value perspective.
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Figure 2. The Cumulative M&A transaction value by sub-industry in the IT sector.

The overall trend analysis shows high or low increasing patterns across the periods but does not
provide exact information in analyzing promising industries. To resolve this issue, we suggest a new
analysis method.

4. Methods

As suggested above, in this research, we try to derive promising industry or technology areas
in the IT sector based on a new method. For the analysis, we present decision models to identify
promising areas by evaluating the velocity and acceleration of M&A transactions.

We first define some variables to identify them, which include Numi and Vali.

i: Index of period
Numi: Number of M&A transactions for the ith period
Vali: Value of M&A transactions for the ith period
Si(Num): Cumulative number of M&A transactions until period i
Si(Val): Cumulative value of M&A transactions until period i

Decision models for measuring M&A status to identify promising industry and technology areas
based on M&A data are presented below.

vi(Num) =
∆Si(Num)

∆t
=

Si(Num) − Si− 1(Num)

∆t
=

Numi
∆t

(1)

vi(Val) =
∆Si(Val)

∆t
=

Si(Val) − Si− 1(Val)
∆t

=
Vali
∆t

(2)

ai(Num) =
∆vi(Num)

∆t
=

vi(Num) − vi− 1(Num)

∆t
(3)

ai(Val) =
∆vi(Val)

∆t
=

vi(Val) − vi− 1(Val)
∆t

(4)
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vi(Num) refers to the growth velocity of period i based on the number of M&A transactions.
As with the general concept of velocity, the growth velocity can be obtained by dividing the difference
between the cumulative number of M&A transactions until period i and the cumulative number of
M&A transactions until period i−1, ∆Si(Num), by the time difference between the two periods, ∆t.
∆Si(Num) divided by the required time (∆t) of period i is defined as the growth velocity of the ith

period based on the number of M&A transactions. In other words, the number of M&A transactions
completed during the unit period is defined as the growth velocity of the ith period in terms of the
number of M&A transactions.

vi(Val) refers to the growth velocity of period i based on the value of M&A transactions. This can be
obtained by dividing the difference between the cumulative M&A transaction value up to period i and
the cumulative M&A transaction value up to period i−1, ∆Si(Val), by the time difference between the
two periods, ∆t. In other words, the amount of all M&A transactions achieved during the specific period
is defined as the growth velocity based on the M&A transaction value for the corresponding period.

On the other hand, ai(Num) means growth acceleration based on the number of M&A transactions
for the period i. In general, from the perspective of finance or economics, growth acceleration means
growth momentum, which is used as a term to describe accelerating or slowing economic or financial
growth [47,48]. Therefore, positive growth acceleration in a certain period means that the growth
momentum is higher than the previous period. As with the general concept of acceleration, the growth
acceleration ai(Num) can be obtained by dividing the difference between the growth velocity of the
number of M&A transactions of period i and the growth velocity of the number of M&A transactions
of period i−1, ∆vi(Num), by the time difference between the two periods, ∆t. In other words, the degree
of change in the growth velocity of the current period relative to the previous period is defined as the
growth acceleration, namely growth momentum, of the corresponding period. As with the growth
velocity, the time required for period i (∆t) is defined as one year.

ai(Val) denotes the growth acceleration of the ith period based on the value of M&A transactions.
ai(Val) can be obtained by dividing the difference between the growth velocity of period i and the
growth velocity of period i−1, that is, ∆vi(Val), by the time difference between the two periods, ∆t.
The growth rate of the M&A transaction value of the current period relative to the previous period,
that is, the growth momentum, is defined as the growth acceleration of the corresponding period based
on the value of M&A transactions.

When the total transaction time (t) is divided into n periods to get the velocity and acceleration of
the number of M&A transactions, the value of M&A deals and the average M&A transaction value,
the transaction velocity is derived for each of n periods from the 1st period to the nth period. In contrast,
the acceleration is calculated for n−1 periods from the 2nd period to the nth period.

The increase in growth velocity for M&A transactions over time reflects the belief of the M&A
parties that the corresponding industries or technologies are promising or growing in the period.
On the other hand, a positive change in growth velocity, that is, an increase in growth acceleration
means that the short-term growth potential of the industry and technology fields is large. This implies
that the M&A parties believe that the corresponding technology area has higher growth momentum
over the period compared to other areas and will continue to grow in the future.

Based on the above variables and models, the next section analyzes the velocity and acceleration
of M&A transactions for M&A status in the IT sector in the United States.

5. Data

The IT sector has contributed substantially to economic growth for developed, developing,
and emerging countries [49]. In particular, bidirectional Granger-causality is observed between IT
investment and economic growth, which implies that IT investment is driven by economic growth and
vice versa [50].
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Thus, the IT sector is an ideal industry for analyzing M&A activities because it has high R&D
investment and intense technological changes, leading to economic and social development. The United
States has secured a global lead, maintaining relatively strong competitiveness compared with other
OECD (Organisation for Economic Co-operation and Development) member states in the IT sectors [51].

Our sample includes 25,879 M&A deals that occurred in the IT sector of the U.S. during the last
15 years (2004~2018). The IT sector is composed of 13 sub-industries, as shown in Table A2 in the
Appendix A.

Table 1 shows descriptive statistics, including the number of M&A transactions and M&A
transaction values of each sub-industry. Transaction value is divided into the mean, minimum,
1st Quartile, 2nd Quartile, 3rd Quartile, and Maximum transaction value of each sub-industry over the
last 15 years.

The summary statistics show that the number of M&A transactions is highest in the “Application
Software” sub-industry and lowest in the “Semiconductors” sub-industry. On the other hand,
the average transaction amount of M&A shows that the “Technology Hardware, Storage and Peripherals”
sub-industry is highest, and the “Electronic Manufacturing Services” sub-industry is lowest.

Table 2 shows a correlation matrix of M&A transactions between sub-industries in the IT sector of
the U.S. over the last 15 years (2004–2018). On the target side, it is divided into 13 sub-industries of the
IT sector. On the other hand, from the buyer’s point of view, it is divided into 13 sub-industries in the
IT sector and others, including all sub-industries in other sectors.

According to the data collected from S&P, the number of closed or effective M&A transactions
that were conducted for the 13 target sub-industries during the entire period was 25,879.

Table 1. Descriptive statistics of the 25,879 M&As.

Sub-Industry
Number of
Transactions

Total Transaction Value ($USDmm)

Mean Min 1st Quartile 2nd Quartile 3rd Quartile Max

Application Software 11,437 173.6 0.01 5.0 18.5 81.0 11,536.1

Communications Equipment 1390 256.3 0.01 6.0 26.2 99.4 18,854.7

Data Processing and Outsourced Services 860 412.8 0.01 5.9 32.8 187.8 28,677.9

Electronic Components 659 103.9 0.01 4.3 17.0 63.1 7228.6

Electronic Equipment and Instruments 1853 109.3 0.03 3.3 15.4 57.0 4522.7

Electronic Manufacturing Services 366 100.5 0.02 5.3 14.4 39.0 4301.2

Internet Services and Infrastructure 1278 173.4 0.01 3.0 16.3 62.2 7500.0

IT Consulting and Other Services 3944 152.6 0.01 3.4 14.0 50.0 16,987.4

Semiconductor Equipment 201 235.8 0.10 7.1 23.0 172.5 4891.4

Semiconductors 737 545.1 0.04 9.9 36.6 190.0 38,452.5

Systems Software 1647 335.8 0.01 6.0 23.3 103.5 35,690.9

Technology Distributors 848 214.6 0.02 2.0 10.3 65.9 7332.6

Technology Hardware, Storage and Peripherals 659 668.7 0.02 4.8 19.9 109.2 75,716.5
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Table 2. Inter-Sub-industry (Level 4) correlation matrix over the entire period (number of M&A transactions).
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Application Software 4500 95 103 5 69 7 133 459 6 21 401 47 41 5887

Communications Equipment 224 386 0 44 56 10 21 35 2 28 106 22 31 965

Data Processing and Outsourced Services 278 5 212 0 3 0 53 39 0 1 17 15 16 639

Electronic Components 8 47 2 134 53 20 0 2 5 29 2 4 6 312

Electronic Equipment and Instruments 168 54 4 42 480 17 5 19 7 10 32 29 34 901

Electronic Manufacturing Services 7 14 1 45 27 101 1 3 5 8 3 5 8 228

Internet Services and Infrastructure 161 8 55 1 1 0 261 129 0 1 24 7 3 651

IT Consulting and Other Services 604 47 49 2 33 7 175 1576 1 4 102 133 15 2748

Semiconductor Equipment 13 1 0 16 31 5 0 0 83 23 4 2 3 181

Semiconductors 58 59 1 51 26 24 3 8 18 375 43 4 29 699

Systems Software 611 46 4 1 8 1 38 97 1 7 395 15 21 1245

Technology Distributors 64 16 0 3 10 4 14 103 4 1 13 217 18 467

Technology Hardware, Storage and Peripherals 185 24 8 13 27 6 20 43 1 20 66 33 175 621

Others 4556 588 421 302 1029 164 554 1431 68 209 439 315 259 10,335

Total 11,437 1390 860 659 1853 363 1278 3944 201 737 1647 848 659 25,879
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6. Main Analysis Results

6.1. Longitudinal Analysis of M&A Status by Sub-Industry in the IT Sector

Figure 3 shows the analysis results of the velocity of M&A investment in terms of the number of
M&A transactions by sub-industry in the IT sector. The analysis of the velocity provides the exact
information for analyzing promising industry or technology areas.
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As shown in Figure 3, the sub-industry “Application Software” alone shows a sharp increasing
pattern over the whole period except 2008–2009. The sub-industries “IT Consulting and Other Services”
and “Data Processing and Outsourced Services” also show steadily increasing patterns across the
periods except 2008–2009. On the other hand, sub-industries including “Communications Equipment”,
“Electronic Components”, “Semiconductor Equipment”, and “Semiconductors” have some ups and
downs but usually have a decreasing pattern throughout the entire period. Most sub-industries
suffered a temporary decline around the period of 2008–2009. This phenomenon, the decline of velocity
across most sub-industries in the IT sector, seems to be caused by external factors such as the global
financial crisis at that time. After the temporary decline, most sub-industries show recovery.

Figure 4 shows the results of analyzing the velocity of M&A transaction value by each sub-industry
area of the IT sector.

According to the analysis results, sub-industries such as “Application Software”, “IT Consulting
and Other Services”, and “Data Processing and Outsourced Services” show an overall pattern of increase
across the entire period. On the other hand, the analysis shows that sub-industries such as “Electronic
Equipment and Instruments” and “Technology Distributors” show patterns that are not as steep
compared to the above three sub-industries but have a steady increase pattern over the entire period.
In contrast, “Communications Equipment”, “Electronic Manufacturing Services”, “Semiconductors”,
and “Systems Software” have some ups and downs but usually have a decreasing pattern over the
last 15 years. Unlike the analysis results presented in Figure 4, most of the sub-industries showed a
temporary decline in various periods other than around 2008–2009.
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Figure 5 shows the results of measuring the acceleration of M&A transactions based on the
number of M&A transactions in the IT sector. The acceleration of M&A transactions, namely the
increase or decrease of growth velocity for M&A transactions over time, reflects the M&A parties’ belief
that the corresponding industry or technology area is fast-growing and promising during the period.
As explained earlier, the M&A acceleration is derived for n−1 periods, from the 2nd period to the nth

period, because the acceleration is based on the difference in growth velocity between two periods.
As shown in Figure 5, all sub-industries have ups and downs over the last 15 years in terms

of acceleration. Among them, “Application Software” and “IT Consulting and Other Services”
show sharp changes compared to other sub-industries. Some sub-industries, including “Application
Software”, “Communications Equipment”, “IT Consulting and Other Services”, and “Technology
Hardware, Storage and Peripherals”, have a rapid decrease in acceleration during the periods
2007–2008 and 2015–2016. However, after those periods, it shows that acceleration rapidly recovers
in the sub-industries. The sub-industry “Data Processing and Outsourced Services” shows a trend
of increasing acceleration over the entire period. This implies the belief of M&A parties that this
sub-industry has positive growth momentum for the whole period overall. We need to consider
extraordinary events such as the global financial crisis or one-off transactions to more clearly analyze
the overall trend and prevent distortion. However, this study did not consider these issues in the
analysis process because it was not easy to apply consistently because the timing and extent of the
impact were different for each sub-industry.

Figure 6 shows the analysis results of the acceleration of M&A transactions by sub-industry in the
IT sector when evaluated in terms of M&A transaction value.

As shown in Figure 6, all sub-industries have ups and downs over the last 15 years in terms of
acceleration. Among them, “Application Software”, “Communications Equipment”, and “IT Consulting
and Other Services” show sharp changes compared to other sub-industries. Also, many sub-industries
have rapid drops in acceleration around 2007–2008 and around 2015–2016. Sub-industries, including
“Application Software” and “Data Processing and Outsourced Services”, have a trend of increasing
acceleration over the entire period. In contrast, the “Semiconductors” sub-industry alone indicates a
trend of decreasing acceleration during the whole period.
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So far, we presented the results of analyzing sub-industries (level 4) in the IT sector by dividing
them into 1-year periods to suggest the method itself. It is possible to obtain more specific and detailed
analysis results by subdividing the analysis target into sub-levels and classifying the analysis interval
further by dividing it into semiannual, quarterly, and monthly periods. It is also possible to conduct a
time-series analysis for a specific technology area, as suggested below.

Figure 7 below depicts the time-series change in the velocity and acceleration of the number of
M&A transactions for the sub-industry “IT Consulting and Other Services” for the last five years from
2014 to 2018. The X-axis and Y-axis represent the normalized velocity and acceleration of the number
of M&A transactions for each period (year), respectively.
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As suggested in Figure 7, in 2014 and 2015, the velocity value was lower than the half of normalized
velocity, compared to other sub-industries, but the acceleration value was higher than the half of
normalized acceleration. Based on the high acceleration value, that is, the potential for future growth,
we can see that the velocity slightly increased in 2016. However, as the acceleration values fell below
the half in 2016, the velocity values for 2017 and 2018 decreased again.

6.2. Cross-Sectional Analysis of M&A Status by Sub-Industry in the IT Sector

In this section, cross-sectional analysis is proposed to determine which technology area is more
promising by a relative comparison among all sub-industries for a specific period.

Figure 8 shows the analysis of the velocity and acceleration of the number of M&A transactions
performed in 2018 for 13 sub-industries (level 4) in the IT sector. The X-axis represents the velocity of
the number of M&A transactions for the period, and the max-min normalized values are presented
by rescaling the velocity of each sub-industry to have values between 0 and 1. The Y-axis represents
acceleration based on the number of M&A transactions of each year, and the normalized values of the
acceleration of the number of M&A transactions of all sub-industries are suggested.

In the first quadrant of the graph, the velocity of the number of M&A transactions is higher
than thehalf of normalized velocity of sub-industries, and the acceleration of the number of M&A
transactions is also higher than thehalf of normalized acceleration of all sub-industries, so they can
certainly be regarded as promising technology areas in the period. In the second quadrant, the velocity
of M&A transactions of the corresponding sub-industries is below the half of normalized velocity,
but the M&A acceleration is above the half of normalized acceleration, which can be seen as having
a significant growth momentum. In the case of sub-industries belonging to the fourth quadrant,
the M&A transaction velocity is above thehalf, so M&A transactions are currently being actively
conducted, but the growth momentum is regarded as low in the long term because the acceleration of
M&A transactions is below thehalf. A more detailed analysis is needed to determine the prospects for
sub-industries in the second and fourth quadrants. Finally, in the third quadrant, both the velocity
and acceleration of M&A transactions are below the half of normalized values of all sub-industries.
Therefore, the sub-industry in this area is estimated to beless than half, both in terms of M&A activation
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and future growth momentum, compared to other sub-industries. Finally, the absolute position of each
sub-industry in the graph, i.e., the distance from each sub-industry to the origin, can be considered to
represent a relatively promising degree, taking into account both velocity and acceleration. To more
intuitively identify whether a particular sub-industry is promising, circles are displayed at regular
intervals so that the degree of relative prospects among the sub-industries can be easily grasped.
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Figure 8 suggests that only the sub-industry “Application Software” is located in the first quadrant
in 2018. This means that the analysis of transaction velocity based on the number of M&A transactions
in 2018 shows that “Application Software” is very high compared to the half of normalized velocity
and acceleration of all sub-industries in the IT sector, so it can certainly be regarded as a promising
technology area for the period.

And in the second quadrant, there is only one sub-industry, “IT consulting and Other Services”.
In other words, this sub-industry shows that the growth momentum and the current M&A activation
level is relatively very high compared to other sub-industries, although it is relatively low compared to
“Application Software”.

Most sub-industries are located in the third quadrant. This means that, based on the number of
transactions, M&A transactions in these sub-industries are not actively conducted during that period,
and future growth momentum is also very low compared to the previous two sub-industries.

Likewise, Figure 9 shows the analysis of the velocity and acceleration of the M&A transaction
values performed in 2018 for 13 sub-industries (level 4) in the IT sector. The X-axis represents the
normalized velocity of the M&A transaction values for the period, which has values between 0 and 1.
Likewise, the Y-axis shows the normalized acceleration based on the value of the M&A transactions of
all sub-industries in 2018.

As shown in Figure 9, max-min normalization based on the velocity and acceleration of the M&A
transaction value shows that the first quadrant includes only one sub-industry, “Application Software”.
This sub-industry can be regarded as a very promising area, which means that its M&A transactions are
very active during the period, and this sub-industry has high growth momentum compared with all
other sub-industries in terms of the transaction value. Most sub-industries, including “Data Processing
and Outsourced Services”, “Systems Software”, and “IT Consulting and Other Services”, are located
in the third quadrant of the graph. These sub-industries are relatively less promising compared
to “Application Software” in 2018. This indicates that M&A transactions of these sub-industries
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are conducted less active during the period, and future growth momentum is relatively very low
compared to “Application Software” in 2018. Likewise, the above analysis is based on a specific year.
By extending the analysis presented in this study to a lower level or further refining the period, it is
possible to elaborate more dynamic and sophisticated analysis results.
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Furthermore, to derive a growing industry group within the IT sector for a specific period,
promising industry groups can be obtained by clustering methods. Clustering is defined as a collection
of objects in one group, which are similar between them and dissimilar to other groups [52].

Before clustering, we need to define what variables to group based on this. In this study, there are
two variables for M&A transactions: number of deals and transaction value. There are also velocity and
acceleration for each of the two variables. Therefore, for velocity, the weighted average was calculated
by reflecting the velocity of the number of transactions and the velocity of the transaction value by 50%,
respectively, and this was defined as the weighted velocity in a specific period. Likewise, in the case of
acceleration, the acceleration for the number of transactions and the acceleration for the transaction
value is reflected by 50%, respectively, and defined as the weighted acceleration in a specific period.

Among the various clustering methods, K-means is a simple partitional clustering algorithm that
attempts to find the user-specified K clusters, and these clusters are represented by their centroids
(a cluster centroid is typically the mean of the points in the cluster) [53].

The number of clusters (K) is determined based on the total within sum of squares (TWSS). TWSS
is a measure of the variability of the points within each cluster. TWSS is defined as being the sum,
over all points, of the squared differences between the points and their overall mean. The TWSS value
shows the cluster variance, where the smaller the result of TWSS, the better-formed the cluster is [54,55].
The elbow method is usually used to choose the optimal K. The idea of the elbow method is that one
should select some clusters so that adding another cluster doesn’t give much better modeling of the
data [56]. The first clusters will add much information, but at some point, the marginal gain drops
sharply and makes an angle in the graph. The correct number of clusters, K, is selected at this point,
hence the “elbow criterion”. Figure 10 shows that an elbow-like shape happens when K equals 3.
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Figure 11 shows that sub-industries are divided into three clusters. This means that if 13 sub-
industries are classified based on the weighed velocity and acceleration as of 2018, they can be 
divided into three areas. The first group consists of “Application Software,” which is the sub-industry 
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Figure 11 shows that sub-industries are divided into three clusters. This means that if 13
sub-industries are classified based on the weighed velocity and acceleration as of 2018, they can be
divided into three areas. The first group consists of “Application Software”, which is the sub-industry
group with the highest velocity and acceleration. And the second group consists of “IT Consulting and
Other Services”, “Data Processing and Outsourced Services”, and “Systems Software”, which have
relatively low velocity and acceleration compared to the first group. Finally, the third group consists of
the remaining sub-industries, in which both velocity and acceleration are very low overall compared to
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7. Discussion and Conclusions

Despite the increasing importance of R&D for continued growth, it is challenging to identify
technology opportunities early before competitors. When technology emerges, in particular,
analysts and policymakers have incomplete knowledge of technology growth boundaries and the pace
of its growth [57].

Among the representative methods used previously, bibliometrics or judgmental methods have
some limitations such as the time-lag issue or vulnerability to experts’ bias, respectively, in applying
the analysis results to the real world. Notably, an important but unresolved question in the technology
forecast literature regarding bibliometrics is whether the existing approaches deal with the lag time
among the technology growth parameters [23]. The time-lag between the allocation of research funding
and research outputs has been estimated to be five to six years for patents and two to three years for
journal articles [10].

This study presents a quantitative method to effectively utilize M&A transaction information
that has little time-lag to identify promising technology areas for sustainable growth in the future.
As mentioned above, M&A information can provide sufficient information for technology opportunities
because it reflects a nearly real-time market status through dynamic transactions between participating
companies and industries. Therefore, R&D policymakers and investment firms can identify promising
industry and technology areas without time-lag compared with bibliometric methods using patents or
research papers.

First, we presented decision models for estimating the velocity and acceleration of M&A
transactions to identify promising areas based on M&A information. Then, based on the methodology,
we identified promising industry areas with longitudinal analyses of M&A trends by sub-industry in
the IT sector. Also, we suggested cross-sectional analysis results to determine which technology area is
more promising through a relative comparison among technology areas for a specific period. To derive
a growing industry group within the IT sector for a specific period, promising industry groups are
calculated using the K-means clustering algorithm.

The significance of this study is that this is a new approach to offset time-lag by using market
information as a way to complement previous methods to explore promising industries or technologies.
Furthermore, more specific and detailed analysis results can be obtained by further subdividing the
period or analyzing at a lower level or applying time-series changes to particular periods. As with other
quantitative methodologies, what is important when applying this methodology is to determine the
criteria and weights to apply to define a promising area. It depends on the decision of the policymaker
or decision-maker. As with patents and research papers, M&A information with dynamic linkages
between industries or companies needs to be viewed and analyzed from a multidimensional perspective.

Our study also has some limitations. First, the proposed model can only be applied specifically
to a certain sector of a particular country. This is because it is difficult to objectively and sufficiently
compare enough the status of M&A transactions taking place in different market conditions and various
social and legal framework. Also, it is difficult to apply consistently between sectors with different
levels of competition and unusual barriers to entry. Furthermore, as with many other quantitative
methodologies, attention also should be paid to the application of the proposed method because the
analyzed results are subject to data availability and case-specific. Second, the M&A type was not
sufficiently considered. Classification by M&A type is an important issue, but it was not easy to
classify all past M&A transactions by M&A type. In particular, the dynamic nature of the IT sector,
the presence of strong economies of scale and scope, and the significance of complementarities and
“platform competition” complicate efforts to understand the competitive effects of M&As [58]. Third,
another limitation of this study is that the influence of extraordinary events, such as the global financial
crisis, has not been sufficiently considered.

Therefore, in future research, we need to consider various M&A types, including M&A intentions,
for a more accurate analysis. Future work should also certainly include designing a robust methodology
that can integrate decision variables and analysis results, taking into account the characteristics or scale
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of a particular industry or technology area. In addition, follow-up studies are needed, including a
study [59–61] on the impact of extraordinary events such as the global financial crisis, and analysis
excluding the impact of one-off transactions that can distort the overall analysis results.
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Appendix A

Table A1. Overview of promising technology forecast techniques.

Authors Approach Data Findings

Park and Yoon [59] Bibliometric analysis Patents
Proposes an approach to determine technology opportunities
customized to a target firm by applying collaborative filtering

to firms’ technology portfolios

Yoon and Magee [7] Bibliometric analysis Patents Suggests a systematic approach to identify opportunity
analysis by analyzing patent keyword networks

Rodriguez et al. [5] Bibliometric analysis Patents Proposes outlier ranking methods developed specifically for
patents in attributed patent citation networks

Breitzman and Thomas [28] Bibliometric analysis Patents
Suggests the Emerging Clusters Model to identify emerging
technologies across multiple patent systems by using patent

citation techniques

Yoon and Kim [29] Bibliometric analysis Patents Proposes a patent network based on semantic patent analysis
using subject-action-object (SAO) structures

Lee et al. [30] Bibliometric analysis Paper, Patents
Proposes InSciTe, which is a decision-making support service

for discovering emerging technologies based on semantic
analysis and text mining

Gerken and Moehrle [31] Bibliometric analysis Patents
Develops a method based on patent semantic analysis by

measuring textual patent similarity on the basis of elements
referred to as combined concepts

An et al. [32] Bibliometric analysis Patents a technological-relation-based keyword network based on a
semantic relation between the technological keywords

Bañuls and Salmeron [39] Judgmental method Experts
Proposes a foresight model for detecting key areas in the

Information Technology industry by combining the Delphi
method and AHP Process

Bengisu and Nekhili [40] Judgmental method Experts,
Paper, Patents

Proposes a tool to link technology foresight by experts with
quantitative analysis of patents and publications for trend

analysis and technology forecasting

Lee et al. [41] Judgmental method Experts,
Patents

Develops a systematic process of building technology
road-maps (TRMs) for project selection and planning

Zhang et al. [42] Judgmental method Experts,
Patents

Integrates bibliometrics with qualitative methods to construct
a hybrid visualisation model for technology roadmapping

This study Market Information analysis Financial Evaluates promising technology areas based on M&A
transaction information
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Table A2. Classification of technology areas in the IT sector.

No Sub-Industry
(4-Level) Sub-Sub-Industry (5-Level)

1 Application
Software

Application Hosting Services, Collaboration Tools, Drawing and Imaging
Software, Enterprise Software, Groupware, Internet Software, Math and
Science Software, Multimedia Software, Office and Home Productivity

Software, Personal Mobile Applications (10 areas)

2 Communications
Equipment

Communications Processing Equipment, Communications Towers,
Networking Equipment, Radio and Television Broadcasting Equipment,

RFID Systems, Satellite and Microwave Equipment, Telephone and
Telecommunications Equipment (7 areas)

3 Data Processing and
Outsourced Services

ATM/POS Rental and Leasing with Processing, Data Processing and Entry
Services, Data Processing and Outsourced Services for Banking Industry,
Data Processing and Outsourced Services for Insurance Industry, Data

Processing and Outsourced Services for Investment and Capital Markets,
Electronic Document Processing Services, Internet Merchant Services,

Online Bill Payment Services,
Payments Fraud Management Services (9 areas)

4 Electronic
Components Electronic Components (1area)

5 Electronic Equipment
and Instruments

Calculating and Accounting Machines; Mail Machines; Time Clocks and
Other Time Recording Devices; Measuring, Analyzing, and Controlling

Instruments; Security, Control, Surveillance,
and Detection Equipment (5 areas)

6 Electronic
Manufacturing Services

Electronics Manufacturing Equipment, Manufacturing Services,
Outsourced Technology Manufacturing Services (3 areas)

7 Internet Services
and Infrastructure

Co-location/Data Centers, Content Delivery Services, Infrastructure
Services, Internet-based Banking related Services, Internet-based

Insurance-related Services, Internet-based Investment and Capital Markets
related Services, Internet Navigation Portals,

Internet Presence Providers (IPP) (8 areas)

8 IT Consulting and
Other Services Information Technology (IT) Consulting (1 area)

9 Semiconductor Equipment Semiconductor Manufacturing Machinery (1 area)

10 Semiconductors Analog and Mixed Signal, Digital,
Semiconductor Manufacturing Services (3 areas)

11 Systems
Software

Automation Products and Services, Backup and Recovery Software,
Computer Telephone Integration (CTI) Software, Design Automation,

Development Tools, License Distribution and Control Software,
Maintenance Software, Network Administration, Operating System
Software, Performance Monitoring and Analysis Software, Security

Software, Software Configuration and Control, Software Research, System
Software for Banking Industry, System Software for Insurance Industry,

System Software for Investment and Capital Markets,
Wireless Access (17 areas)

12 Technology
Distributors

Commercial Electronics Distribution, Communications Equipment
Distribution, Semiconductor Equipment and Product Distribution, Software
Distribution, Technology Hardware and Equipment Distribution (5 areas)

13 Technology Hardware,
Storage and Peripherals

Banking related Technology Hardware, Storage and Peripherals; Computer
Components; Data Storage; Facsimile Machines; Industry Specific

Electronics; Insurance Industry related Technology Hardware, Storage and
Peripherals; Investment and Capital Markets related Technology Hardware,
Storage and Peripherals; Labeling Machines; Paper Processing Machines;

Personal Computers And Accessories; Photocopiers; Printers; Servers;
Smart Cards; Wireless Telephone Equipment (15 areas)

Total 13 Sub-Industries 85 Sub-Sub-Industries
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