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Abstract: Although the importance of technological advancement in facilitating successful transitions
to alternative energy is well recognized, the study of technological advancement strategies has
been elusive. This study aims to investigate the technological advancement strategies for inventing
alternative energy technologies by using patent data. This study empirically examines relationships
between forward citation counts and the results of invention activities such as the degree and type of
technological advancement (diversification), as well as other bibliographic information about the
patent. Specifically, this study considers both the degree and the type of technological advancement
of the patents, taking into account the scale and scope of technological knowledge. Finally, the study
confirms the heterogeneous relationships between innovation impact and technological advancement
in each field of alternative energy. It was confirmed that the innovation impact of patents related to
wind energy was more significantly associated with the degree of technological advancement than
that of patents related to other fields of alternative energy. In the case of patents related to fuel cells
and biofuel, diversification of technological advancement was associated with a higher innovation
impact. In the case of solar and hydro energy, specialization of technological advancement was found
to be related to a higher innovation impact.

Keywords: alternative energy; patent evaluation; technological advancement; technological knowledge;
specialization; diversification

1. Introduction

Maximizing the expected impact of innovations is a crucial factor for the transition
to alternative energy. Given the nature of energy industries, which necessitate significant
production capabilities and competitive price advantages, the immaturity of technological
advancements in alternative energy sources can function as entry barriers to their adoption.
The potential high impact of innovations may expedite the introduction and implementa-
tion of alternative energy systems. Therefore, in an effort to overcome these entry barriers,
this study aimed to investigate strategies for technological advancement that can lead to
impactful innovations in alternative energy industries.

In innovation studies, researchers have underscored the importance of specialized
patterns for conducting innovation within an industry [1]. Understanding and adhering
to these specialized patterns can help maximize the expected impact of innovations. In
fact, previous studies have suggested heterogeneous conditions for the high impact of
innovations and effective technological advancement, considering industry, region, and
period [2]. More specifically, prior research has empirically examined innovation strategies
for the effective allocation of invention inputs by investigating relationships between inputs
and the expected impact of innovations using patent data [3,4].

However, various and numerous arguments on the optimal strategy for maximizing
the expected impact of innovations have been proposed in previous studies [3,5]. There
is still a lack of an approach that considers both the degree and type of technological
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advancements simultaneously at the patent level. Thus, this study seeks to propose
evaluation methods for indicators of the degree and type of technological advancement.
Subsequently, empirical investigations are suggested to analyze the relationship between
innovation impact and inputs based on the proposed indicators of the degree and type
of technological advancement. Furthermore, to highlight the advantages of the proposed
indicators, we will compare the fitness of the model based on these indicators to other
models frequently adopted in previous studies.

Driven by the urgency of sustainable development goals and the global environmental
crisis, alternative energy sources are at the center of humanity’s quest for sustainable devel-
opment. Innovation in alternative energy sources, coupled with effective environmental
policies, is the key to achieving sustainable solutions [6,7]. Previous studies have analyzed
various aspects of innovation in the fields of alternative energy technologies, from identi-
fying the key technological fields of alternative energy sources to examining their impact
on pollution and technological pervasiveness [7–13]. In this study, we aim to provide an
in-depth analysis of the relationship between technological advancement and innovation
impact in the field of alternative energy sources, in order to contribute to a sustainable
future by boosting the efficient implementation and maximization of the expected impact
of innovation in the fields of alternative energy sources.

This study will conclude with empirical analyses based on patent data related to
alternative energy sources, presenting relationships between input and the impact of
innovation by focusing on the degree and type of technological advancements. Notably,
heterogeneity in the relationships between impact and invention inputs is observed in each
field of alternative energy sources. Before delving into the main results, we introduce the
literature related to this study to provide rich insights into topics related to the alternative
energy transition, the impact of innovation, and technological advancement.

Section 1.1 presents the related literature; the formulated hypotheses are presented
in Section 2; Section 3 describes the methodology and data used in this study; Section 4
presents the empirical analysis results; and Section 5 provides the conclusion.

1.1. Literature Review
1.1.1. Alternative Energy

The demand for alternative energy sources largely stems from the sustainable de-
velopment goals (SDGs) [6]. This is because alternative energy sources are seen as a
potential way to overcome the comprehensive crisis caused by climate change, resource
depletion, and environmental pollution [7]. Consequently, there is growing recognition of
and participation in moving toward green growth, which aims for economic growth and
low-carbon production systems through the utilization of alternative energy sources and
pollution-reduction technologies [8,10]. The key to addressing the comprehensive crisis lies
in implementing innovation in alternative and green energy technologies, coupled with
effective environmental policies [7].

As mentioned before, technological innovations not only contribute to economic
growth but also address social problems [10]. In this context, a global standard in critical
technology fields can be useful to manage addressing social problems through technological
innovations [10].

In fact, many researchers refer to the WIPO Green Inventory [11] when they investigate
the impacts or activities of innovation in green or alternative energy technologies. For
example, previous studies suggested various analyses, such as investigating key players
in green or alternative energy technology innovations [10], examining the relationship
between green technology innovations and the reduction in environmental pollution [12],
evaluating the technological pervasiveness of green technology innovations [13], and
exploring effective collaboration methods for impactful innovations in alternative energy
technologies [3].
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1.1.2. Innovation Impact

In this subsection, we explore the literature related to the impact of innovation, with
a specific focus on studies based on patent data. The impact of innovation, within the
patent context, results from the utilization of three aspects of patent value: direct economic
value, indirect economic value, and technological value [14]. According to Lee [14], the
technological value results from the role of a patent that links innovation paths from
the incumbent to the up-to-date and that initiates new combinations of technologies (or
innovations), referred to as technological convergence. In addition, many researchers have
measured the impact and potential of the technological value by analyzing the citation
data of patents [4,15–17]. Direct economic value means the pecuniary amount determined
by the market valuation based on transferring or licensing costs [16]. Indirect economic
value is closely related to the level of protection, with the duration of the property right
of the patent considered as a proxy for the indirect economic value [17]. Regardless of the
specific patent value under consideration, previous studies frequently utilized citation data
to empirically investigate the impact of innovation.

In this study, the literature reveals two primary branches investigating the impact of
innovation. Firstly, previous studies have concentrated on identifying a positive relation-
ship between citation counts and economic value [18–21]. Secondly, another set of studies
has delved into understanding the technological impact of innovation by focusing on the
knowledge spillover effects [16,22].

Trajtenberg [23] emphasizes the role of patents as valuable information for economic
analyses and innovation studies. According to Trajtenberg [23], the count of patents is
strongly positively associated with R&D and other innovative activities, such as the im-
plementation of industrial facilities. Additionally, citation counts are positively correlated
with the social value of innovation [23]. Harhoff et al. [19] argued for a positive relationship
between a patent’s economic value and citation count. They regressed citation coefficients
on the surveyed pecuniary value at the patent level [19]. Hall et al. [18] employed the
average citation count of patents to consider the heterogeneity of technological capability
among firms. Their findings also indicated a positive correlation between the number of
patents divided by tangible capital and average citations and the market value of a firm.
Hirshleifer et al. [20] evaluated technological value indicators: technological originality,
impact, and intensity using citation and technological classification index (TI) data at the
firm level. Hirshleifer et al. [20] showed positive relationships between technological value
indicators and financial performance, such as return on equity and assets. Kang et al. [21]
investigated the relationship between Italian labor productivity and proxies for knowledge
capability by evaluating patents at regional levels. The study argues that knowledge capa-
bilities positively affect growth in labor productivity and, importantly, entrepreneurship is
required to deliver and enhance the positive effect of knowledge capability accumulation
on growth in labor productivity [21]. To measure proxies for knowledge capabilities, the
study utilizes backward citation counts of patents and scientific articles to gauge knowledge
assimilation capabilities, forward citation counts three years after patent application to
assess the quality of knowledge, and the proportion of regional inventors relative to the
total number of inventors as an indicator of knowledge creation capability [21].

Moreover, previous studies that analyzed technology spillover based on citation data
provide a reason for using citation counts as a proxy for the technological impact of innova-
tion [15,22]. Jaffe et al. [15] analyzed the geographical boundaries of technology spillovers
using the citation data of patents in the United States (US) and found that technological
knowledge flow occurs more frequently within standard metropolitan statistical areas than
outside such areas. Malerba et al. [22] analyzed the impact of knowledge spillover on
innovation activity using citation data of patents granted by the European Patent Office.
In particular, Malerba et al. [22] emphasized that technological dissimilarity (distance)
increases the difficulty of fostering knowledge spillover during innovation activities, while
domestic technology spillover is more effortless than international technology spillover
because spatial distance negatively affects the frequency of technology spillover. The effect
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of technology spillover increases according to the decreases in the technological similarity
between cited and citing patents. In addition, technology spillover implies expanding
advanced technology from a more developed region (or industry) to less developed regions
(or industries). Therefore, citation count can be used as a proxy for the technological impact
of innovation.

1.1.3. Technological Advancement

This subsection focuses on literature related to technological advancement. In this
study, we investigate technological advancement within the context of the scale and scope
of accumulated technological knowledge. Previous studies considered the scale and scope
of accumulated technological knowledge as proxies for the degree and type of technological
advancement [5,24,25]. Additionally, since we use forward citation counts as a proxy for
the impact of innovation, we use TI data to calculate proxies for the degree and type of
technological advancement. Consequently, our emphasis is on literature that employs TI
data to assess the degree and type of technological advancement of patents. Appio et al. [5]
utilized TI data as a proxy for a patent’s knowledge feature in terms of the knowledge
amount for analyzing the patent’s value.

Appio et al. [5] regressed proxy variables representing a patent’s value on the number
of TI, claims’ length and number, number of backward and forward citations, renewal,
and number of families. In this study, the proxy variables are whether an infringement
lawsuit is filed and whether the family size is weighted by the gross domestic product of the
states in the family [5]. Appio et al. [5] showed that the number of TI negatively correlates
with infringement lawsuits. Lee et al. [4] used TI data to build dummy variables for the
technical field of a patent. Lee et al. [4] regressed the forward citation count on technical
fields, number of inventors, co-applicants, the regional domain of backward citation, age,
and so forth at the patent level. Positive correlations between forward citation counts and
electricity and physics fields were obtained in the study [4]. Furthermore, previous studies
have utilized TI data to measure the similarity (or relatedness) of patent assets at the firm,
region, or country level [26,27]. In addition, Kim and Lee [3] utilized TI data to measure
technical field and knowledge variables.

Moreover, some studies have evaluated the technological diversification of a firm’s
patent assets using TI data [24,25]. Chen et al. [24] and Garcia-Vega [25] measured the
diversification index by calculating the Herfindahl index of TI (HITI), which is cited in a
firm’s patents. In addition, diversification is regarded as a critical knowledge feature of
patents because it fosters the innovative benefit of knowledge spillover from the innovation
activities of others [28]. Garcia-Vega [25] regresses innovation activity indicators, R&D
expenditure per sale, and the number of patents on the diversification index of patents
and other variables. Garcia-Vega [25] shows a positive relationship between the diversifica-
tion index and innovation activity indicators. Chen et al. [24] regress the diversification
index of patents on the scale and scope aspects of innovation activity: the number of
patent applications and the portion of new technological fields that are not applied before
patent applications and other variables. Chen et al. [24] showed that a firm’s technolog-
ical diversification positively correlates with the scale and scope of innovation activity.
Kwon et al. [29] utilized citation and classification information to analyze the innovation
patterns of scientific research, academic papers, and commercial research applications, such
as patents, for two nano-based technologies: nano-enabled drug delivery (NEDD) and
graphene. The study shows that the innovation patterns of the two technologies differ by
field of innovation activity. In detail, the NEDD developments followed a diversification
pattern in the scientific research field but a specialization pattern in the commercial research
application field. Meanwhile, the graphene developments followed a specialization pat-
tern in the scientific research field but a diversification pattern in the commercial research
application field [29].

Kogler et al. [26] suggest diversification and technological similarity (relatedness) as
a knowledge feature fostering innovative benefits. Based on the cosine similarity of TI
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co-occurrence, Kogler et al. [26] evaluated the average relatedness of patents by region.
According to Kogler et al. [26], patent intensity (patents per labor) is positively correlated
with the average relatedness of patents, which is positively auto-correlated in the long
term. In other words, the average relatedness of patents in the past implies higher average
relatedness in the future endogenously; consequently, higher average relatedness induces
higher patent intensity [26]. Average relatedness does not mean that technological knowl-
edge, a critical knowledge feature of sustainable growth in technological advancement
according to endogenous innovation theory, grows endogenously and fosters innovation
benefits [26,28]. In addition, we do not suggest empirical evidence of positive relation-
ships between knowledge features and innovative benefits, rather than economic features,
in the literature review. However, patents, an expected outcome of innovation activity
in developed economies, are positively correlated with economic benefits at the patent,
firm, and country levels [18–20]. Therefore, some knowledge features of patents fostering
innovative benefits would also induce economic benefits by increasing the outcomes of
innovation activity. Consequently, the knowledge features that would induce economic
benefits can be regarded as a proxy for technological advancement from the perspective of
economics [28,30].

In summary, we reviewed the empirical studies that attempt to evaluate various
knowledge feature variables related to the technological advancement of patents by using
citation and TI data. The literature above provides empirical evidence linking various
knowledge features with economic and innovative benefits. The literature on technological
advancement utilizes patent data such as citations, technological classification indices,
and quantities to capture various knowledge features of knowledge capital. However,
most of the proxies for technological advancement in the literature do not directly deal
with technological knowledge to represent the technological advancement of patents (or a
patent). Therefore, we suggest new indicators representing the technological knowledge of
a patent for the rest of this study.

2. Hypothesis

In this section, we suggest hypotheses based on the theoretical background of tech-
nological advancement. Furthermore, we refer to the literature related to the mechanism
of progress in technological advancement, which is closely related to the technological
knowledge feature of inventions.

In this study, the concept of technological advancement is rooted in theories of eco-
nomic growth. According to classical economics, Solow [31] proposed that technology
is the relationship between input and output in the aggregate production function. In
this framework, technological advancement progresses exogenously and continuously
through improvements in the productivity of the aggregate production function [31]. How-
ever, Romer [28] introduced a contrasting view, suggesting that progress in technological
advancement is endogenous and driven by improvements in knowledge accumulation.
Rivera-Batiz and Romer [30] proposed that knowledge, as the core of technology, can be
produced by utilizing the existing knowledge stock and human capital. The economic
perspectives on technological advancement have evolved from “detected but exogenous” to
“recognized, endogenous, and knowledge accumulation, which leads to economic growth”
by recognizing knowledge as the input and output of economic activity. It is necessary to
adopt knowledge in a production system to link improvements in knowledge accumulation
to technological advancement that combines technological knowledge with an input factor
or process by consuming resources such as human, knowledge, and monetary capital. This
process is known as innovation, leading to economic development. However, previous
studies usually utilized the citation count, which means knowledge spillover frequency
as a proxy for the degree of technological advancement of patents instead of a variable
directly implicating the technological knowledge of a patent [18–20].

Therefore, we suggest hypothesis 1 regarding the assumption of technological advance-
ment, in which technological knowledge means the degree of technological advancement
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and is positively related to the value of technology. In other words, if the proposed indicator
of technological knowledge appropriately represents the degree of technological advance-
ment, it positively correlated with the citation count. This is because the citation count
implicates a patent’s technological and economic value [14], as evidenced by a positive
correlation with economic development indicators, such as the market value of a firm,
surveyed pecuniary value of a patent, and gross domestic production (GDP) [18–20].

Hypothesis 1. A significant and positive relationship exists between the scale of technological
knowledge and technological value (citation count).

Technologies have been developed as enterprises expand in scale and scope regard-
ing function, region, and products [32]. Enterprises have undergone technological ad-
vancements and innovations since the Industrial Revolution and faced a tradeoff between
standardization and production flexibility when they constantly attempted technologi-
cal change by considering changing markets and technologies [33]. According to Pavitt
et al. [2], innovation activities can aim for technological advancement by focusing on either
specialization or diversification in firm- and industry-specific scenarios. Compared to other
types of firms, more technological opportunities (which utilize progress in technological
advancement) are available for scientific firms, and these opportunities vary depending
on the type of technological advancement [2]. Scale-intensive and supplier-dominated
firms, such as steel, vehicle, printing, and construction firms, tend to undergo technolog-
ical diversification to expand their businesses into technology-related industries [2]. In
contrast, small firms (with less than 1000 employees) in the mechanical engineering and
instrumentation industries tend to specialize in technology that focuses on the incumbent
industry [2].

In summary, technological advancement is based on an entrepreneur’s strategic de-
cision in choosing between diversification and specialization as the innovation path to
adopt technological opportunities and meet the ever-changing environment of the firm.
This implies that an appropriately intended innovation by an enterprise can be tech-
nologically developed through any technological advancement, with tradeoffs between
specialization and diversification. Specialization indicates that technological advancement
can be achieved by accumulating intra-field knowledge, including intra-sectoral, intra-
industrial, and intra-technological knowledge. Diversification indicates that technological
advancement can be achieved through the accumulation of inter-field knowledge, including
inter-sectoral, inter-industrial, and inter-technological knowledge. Maximizing potential
outcomes based on technological advancement depends on the complementary use of re-
lated technologies [2]. Thus, technological advancement can be achieved by considering the
various benefits of diversification [1,2,32,33]. Moreover, economic benefits of technological
diversification have been found at national and firm levels [34]. We suggest hypothesis
2 about the scope of technological knowledge based on the literature mentioned above.

Hypothesis 2. A significant and positive (or negative) relationship exists between the scope of
technological knowledge and technological value (citation count).

Although specialization and diversification can aim for technological advancement,
they are mutually exclusive. Therefore, if the scale of technological knowledge is uni-
form regardless of type, technological advancement in specialization implies a loss of the
potential to accomplish technological advancement based on diversification. Similarly,
diversification implies a loss of potential to accomplish technological advancement based
on specialization under the same assumption on the degree of technological advancement.
Thus, analyzing the scope of technological knowledge involves scenarios in which a choice
between the two needs to be made. Therefore, based on the abovementioned argument,
we suggest hypothesis 3 regarding the independent relationship between the degree and
scope of technological knowledge.
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Hypothesis 3. A low or insignificant correlation exists between the scale and scope of technological
knowledge.

In this section, we reviewed previous studies related to the indicators of technological
advancement. Technological advancement is a process aimed at embedding technological
knowledge into an invention. The process can be carried out by aiming for diversification
or specialization according to the inventor’s strategic choice, proposing the invention’s
impact. Based on the literature mentioned above, we suggested hypotheses for indicators
of the scale and scope of technological knowledge that align with the theoretical framework
of technological advancement.

3. Data and Methodology
3.1. Data

For this study, we retrieved granted Patent Cooperation Treaty patent applications
(PCT patents) related to alternative energy sources, which correspond to the alternative
energy technologies based on the IPC Green Inventory by the World Intellectual Property
Organization [11]. There are 13 fields of alternative energy technologies in the IPC Green
Inventory. We only retrieved 114,038 PCT patents applied from 2011 to 2015, because
it takes several years for patents to accumulate records of forward citation, which is a
proxy for the impact of innovation. However, this study utilized 105,556 patents that do
not correspond to multiple fields of alternative energy technologies and are able to be
transformed into analytical form. Moreover, we focused our quantitative analysis only
on the fields of alternative energy technologies, with more than 1000 observations from
the 105,556 patent data. Specifically, we propose empirical results by focusing on the
fields of solar energy (Solar), wind energy (Wind), fuel cells (Fuel), biofuel (Bio), hydro
energy (Hydro), harnessing energy from manmade waste (HE), and using waste heat (UW),
because the numbers of patents are only sufficient for those fields of alternative energy to
perform empirical analyses. Details on the dataset are provided in Appendix A.

The data collection process of this study was performed in three steps, as shown in
Figure 1. First, we retrieved the alternative energy patents by using the Korea Intellec-
tual Property Rights Information Service (KIPRIS) [35]. Second, we retrieved additional
information on citations by using Google Patents [36]. Third, we converted bibliometric in-
formation, such as forward and backward citations, TI, assignee, inventor, and application
date, into an analytical form.
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3.2. Variables

In this study, we transformed bibliometric information into various variables reflecting
the value of patents to verify the hypotheses on technological advancement at the individual
patent level. According to Lee [14], a patent simultaneously includes various aspects of
the value of an invention, such as technological and direct and indirect economic values.
Technological value, used as a measure of knowledge spillover performance, is reflected in
forward citation counts [4,14]. Forward citation count was used as the dependent variable.

By transforming bibliometric information into variables of technological advance-
ment and other control variables, the explanatory variables for technological impact were
arranged into four categories: research team, invention, geographical localization, and
technological field [4].
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The variables of interest: The scale and scope of technological knowledge represent the
degree and type of technological advancement of an invention at an individual patent level.
The scale of technological knowledge quantitatively refers to the degree of technological
advancement of an invention. The scale of technological knowledge is measured by
calculating the Shannon information entropy (IE) or counting the number of decomposed
forms of technological classification indexes (DTIs) in a patent. In addition, we will explain
the DTI in the following sub-subsection. The scope of technological knowledge refers to the
technological advancement of an invention in terms of diversification and specialization.
Measuring the scope of technological knowledge calculates a diversification index based
on Shannon IE or the ratio between the scope and scale of the DTI. In addition, we use
the information entropy formula proposed by Shannon [37] to provide less advantage to
duplicated TIs. We explain the reason for using Shannon’s IE in the following subsections.

The control variables which are related to a patent’s value were arranged in an analyti-
cal form by transforming bibliometric information [4]. The research team category included
variables that indicated the size of the invention group, such as the number of inventors
and co-assignees. Intuitively, several inventors would represent the scale of labor input, but
Adams et al. [38] focused on its collaborative aspect for the patent application. Therefore,
the number of inventors may positively affect the patent’s value when the researchers’
collaboration is successful. The co-assignees category refers to collaboration in terms of
business between corporations. The invention category involves variables that imply
invention-specific characteristics such as the number of family patents, backward citations
of patents, and incumbent patents accumulated up to the previous year of application. The
number of family patents represents the patent’s market range, which indicates the number
of regions granting the patent’s novelty and property rights. The backward citation counts
simultaneously implicate two aspects which are the number of prior technologies and the
scale of required background knowledge. Intuitively, the incumbent patents are related
to the technological newness of patents and their number is in inverse proportion to the
technological newness. The geographical localization category involves variables that are
the proportion of backward citation counts from patents granted in the US, Japan, and
other patent office regions (or countries). The geographical localization variables indicate
the locational domain of prior inventions (backward citing patents). The technological
field category includes variables that indicate the type of technological domain, such as the
proportion of cited TIs. A few technological domains of a patent such as electronics would
contribute to the patent’s value more than other technological domains [14]. Additionally,
we have included dummy variables for the application year to control for time-specific
effects. The abbreviations and variables used in this study are summarized in Table 1.

The cumulative forward citation count, owing to its application, is used as the knowl-
edge spillover performance (FCC) variable, a proxy for the innovation impact. The cu-
mulative forward citation count for this study represents the integrated forward citation
count of family patents. The scale of technological knowledge variable, a proxy for the
degree of technological advancement (DAE and DAN), can be measured by calculating
the IE or number of TIs in a patent. The details of the calculation of DAE are provided
in Equation (1). The scope of technological knowledge variables, proxy for the type of
technological advancement (TAE and TAN), can be measured by the diversification index
based on the IE or the ratio between the scope and scale of the DTI in a patent. The details
of the calculation of TAE are provided in Equation (2). The research team variable (INV)
is the number of inventors. The invention collaboration variable (ASS) is the number of
co-assignees whose value is one if the number of assignees is greater than one and zero
otherwise. The extent of exposure to future inventions variable (FAM) indicates the number
of family patents. The patent variable (PAT) extent is the number of backward citations of
patents. In this study, the number of backward citations refers to the number of integrated
backward citations of the family patents. A indicates a vector of dummy variables of the
alternative energy sources according to the WIPO Green Inventory. T indicates a vector
of dummy variables of major technological fields of the patent. U represents a vector of
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variables indicating the locational domains of major prior inventions, which is the propor-
tion of backward citation counts by patent office region. V Indicates a vector of dummy
variables of locational information on the patent office region of the patent and its patent
family. Y indicates the vector of the application year dummy variable.

Table 1. Summary of abbreviations and variables.

Category Variable Abbreviation Description

Dependent variable

Innovation impact Knowledge spillover
performance FCC Five years forward citation counts since the

application

Variables of interest

Technological advancement

Scale of
technological knowledge

DAE
Shannon information entropy (IE) of
technological classification index (TI)

DAN Number of TIs

Scope of
technological knowledge

TAE Diversification index based on IE

TAN The ratio between the scope and scale of TI

Control variables

Research team
The size of the research team INV Number of inventors

Invention collaboration ASS Number of co-assignees

Invention

The extent of exposure to
future inventions FAM Number of family patents

The extent of the basis of the
patent PAT Number of backward citations of prior

inventions (patents)

Technology field

Dummy variables for
alternative energy sources A

Classification of the alternative energy
source according to the WIPO Green

Inventory

Dummy variables
for major technological fields T Major TIs at the three-digit level and the

classification of alternative energy sources

Geographic feature

Dummy variables for the
main locations of patent

offices in backward citations
U The locational domain of prior inventions

Dummy variables for the
location of patent publication V Locational information on the patent office

region of the patent and its patent family

Application year Dummy variables for
application year Y Time-specific fixed effect

3.2.1. Transformation of the Technological Classification Index

Before calculating the variables of interest, the TIs were transformed into decomposed
forms concisely expressed by the classification levels. In Table 2, three TIs are indicated by
their distinct classification levels.

Table 2. Decomposed form of the technological classification index (DTI).

Technological
Classification Index Section Class Subclass Main Group Subgroup

E21B 15/04 E 21 B 15/00 04
E21D 09/01 E 21 D 09/00 01
C09C 01/02 C 09 C 01/00 02

The patents considered in this study cite the TI classified at either the main group
or a more detailed classification level than the main group. However, the cited form
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of TI includes the classification information of the section, class, and subclass levels, as
shown in Table 2. If the cited form of TI is used to measure the indicators of technological
advancement, the values of the indicators with information loss can be inappropriate.
Therefore, we utilized the decomposed form of the technological classification index (DTI)
to calculate the variables of interest to avoid calculating variables with information losses.

By utilizing DTI, a more concisely classified index would overlap more frequently.
Thus, a more concisely classified index is more likely to exist within the patent. For example,
three TIs (Table 2) indicates that “E” is duplicated and cited with a probability of 2/15 in a
patent. Consequently, this transformation method duplicates information if patent-cited
TIs are classified similarly. For example, when calculating the variables of interest, we
transformed the cited form of TI into DTI from “E21B 15/04; E21D 09/01; C09C 01/02”
to “E, E21, E21B, E21B 15/00, E21B 15/04; E, E21, E21D, E21D 09/00, E21D 09/01; C, C09,
C09C, C09C 01/00, C09C 01/02”.

In addition, transforming TI into DTI is vital because more detailed technological
information involves more background technical information. For example, there are
two imaginary patents, A and B. A patent of an ordinary (vertical) drilling machine’s
support machine cites “E21B 15/00”. B patent of a support machine for an advanced
(directional) drilling machine cites “E21B 15/04”. There must be differences in the amount
of technological information between the two patents because patent B requires additional
knowledge related to directional drilling. However, suppose an evaluation of technolog-
ical advancement does not consider the structural features of a TI classification. In this
case, the evaluation work fails to distinguish the differences between the two patents
citing the TI count. Hence, we transformed TI into DTI before calculating indicators of
technological advancement.

3.2.2. Calculation of Variables of Interest: Scale and Scope of Technological Knowledge

In this study, we used four indicators of technological knowledge to reflect the techno-
logical advancement features of a patent. There are two types of indicators: scale and scope
of technological knowledge. The scale and scope of technological knowledge mean the
scale and scope aspects of knowledge utilized for a technological invention (a patent). First,
we calculated the IE of DTI (DAE) and the number of DTIs (DAN) as variables of the scale
of technological knowledge in a patent. Equation (1) shows the calculation of the IE [37].

DAE = −
n

∑
i

pilog2 pi (1)

In Equation (1), n denotes the number of DTIs without duplication. For example, if a
patent cites the three TIs listed in Table 2, then the number of DTIs without duplication
(n) is 13. i denotes the index of DTIs without duplication, and pi denotes the probability
of the i-th DTI in the patent. Therefore, DAE is Shannon’s IE of a patent’s DTI and DAN
is the number of a patent’s DTIs. Both DAE and DAN represent the scale of technological
knowledge of a patent. However, when measuring the scale of technological knowledge
in a patent, only DAE considers information loss regarding the redundant information
of technological knowledge accumulated in a patent. If a patent includes redundant
information about technological knowledge of some specific technological field, the patent
may include a DTI which is classified into Main group and Section level.

Second, we calculated diversification indices based on IE and the number of DTIs,
TAE and TAN , as the scope of technological knowledge in a patent. Thus, the TAE and
TAN represent the scope of technological knowledge in a patent between specialization and
diversification. Equations (2) and (3) show the calculations for TAE and TAN , respectively.

TAE =
(−∑n

i pilog2 pi)−
(
−∑m

j pjlog2 pj

)
−∑n

i pilog2 pi
=

DAE − log2 m
DAE

(2)
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Here, n denotes the number of DTI without duplication, i denotes the index of the
DTI, pi denotes the probability of the ith DTI in the patent, and m denotes the total number
of DTI. For example, a patent cites the three TIs listed in Table 2, and the number of
DTIs (m) was 15. In addition, j denotes the index of an element of all DTIs, and pj denotes
the probability of the jth DTI.

In Equation (2), −∑n
i pilog2 pi indicates DAE and −∑m

j pjlog2 pj equals log2 m because

pj equals 1
m in Equation (2). Consequently, TAE equals DAE − log2 m

DAE
. Where log2 m is the

maximum potential IE.
Moreover, in Equation (2), TAE is smaller if the DTI of a patent is more diverse because

DAE − log2 m is greater than or equal to zero. The absolute value of DAE − log2 m is
proportional to the IE loss from the duplicated information of DTIs, if m does not vary
according to the variety of DTIs.

TAN =
Number o f duplicated DTI

Number o f whole DTI
=

Scope o f DTI
Scale o f DTI

(3)

In Equation (3), TAN is calculated by dividing the number of duplicated DTIs by the
total number of DTIs. For example, if a patent cites the three TIs in Table 2, TAN is 13/15.
Because the DTIs without duplication of the three TIs are “E, E21, E21B, E21B 15/00, E21B
15/04, E21D, E21D 09/00, E21D 09/01, C, C09, C09C, C09C 01/00, C09C 01/02,” all the
DTIs of the three TIs are “E, E21, E21B, E21B 15/00, E21B 15/04, E, E21, E21D, E21D 09/00,
E21D 09/01, C, C09, C09C, C09C 01/00, C09C 01/02.” Thus, TAN and TAE increase (or
decrease) proportionally with the degree of technological diversification (or specialization).

Equations (2) and (3) represent the scope of technological knowledge obtained by
dividing the scope aspect by the scale aspect. Therefore, the scope of technological knowl-
edge variables, TAE and TAN , were designed to represent the scope aspect of technological
knowledge regardless of the scale aspect of the technical information of a patent.

Additionally, for the convenience of interpretation of the result, we normalized the
scale and scope of technological advancement variables (DAE, DAN , TAE, and TAN). The
distribution of the four variables of interest is shown in Appendix B Figure A1.

3.3. Methodology
3.3.1. A Regression Method for Zero-Inflated Data

We used forward citation counts as a proxy variable for innovation impact. As shown
in Table 3, forward citation counts possess the characteristics of zero-inflated count data,
which include the overspread of the zero-count observation. The frequency of observations
with zero forward citation counts accounted for a large portion of the data (Table 3), with a
value of 15.20%.

The frequency of forward citation counts ( FCC) decreased rapidly with increasing
forward citation counts (Table 3). The weights of the 5, 10, and 15 forward citation counts
were 6.15%, 2.55%, and 1.20%, respectively, as shown in Table 3. The FCC graph is presented
in Figure 2.

In previous studies [39,40], many techniques have been suggested to analyze zero-
inflated count data. According to Gardner et al. [39], ordinary least-squares and regression
methods for integer counts, such as negative binomial and Poisson, can overestimate
the confidence of the analysis results. Baccini et al. [40] suggested that various regres-
sion methods are suitable for analyzing zero-inflated data with precision and accuracy.
Baccini et al. [40] suggested appropriate methods by comparing the information criteria
among the regression analysis methods for these data. According to Baccini et al. [40],
the zero-inflated negative binomial (ZINB), hurdle negative binomial (HNB), and general-
ized weight regression (GWR) are suitable for analyzing zero-inflated data. Hence, HNB
was adopted in this study to analyze the relationship between technological value and
technological advancement. We utilized the zero-inflated data to conduct HNB regression
analyses using R-4.1.2 [41] with the software package: “pscl-1.5.5.1” [42]. In addition, HNB
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has the advantage of more robust standard error for zero-inflated data than the ordinary
least-squares method, and by separating the probability distributions of the count part
and the binomial part in the statistical estimation process, it is an appropriate method
for patent data, the vast majority of which are merely applications and grants [40,42]. As
shown in Figure 2, the number of patents with zero forward citation counts has no impact
on subsequent inventions.

Table 3. Frequency of forward citation counts.

Forward Citation Counts Weight Observations

0 15.20% 15,438
1 12.75% 12,947
2 11.11% 11,280
3 8.96% 9102
4 7.46% 7575
5 6.15% 6241
6 5.04% 5118
7 4.24% 4310
8 3.49% 3540
9 2.98% 3028
10 2.55% 2585
11 2.13% 2159
12 1.80% 1823
13 1.56% 1581
14 1.35% 1369
15 1.20% 1218

Greater than 15 12.05% 89,315
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3.3.2. Economic Strategy

In this study, we estimate the coefficients using a regression model, as shown in
Equation (4).

FCCi = DAi + TAi + INVi + COAi + FAMi + PATi + A + T + U + V + Y + ei (4)
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In Equation (4), FCCi is the abbreviation for the cumulative forward citation counts of
family patents. FCC reflects the innovation impact of patents.

DAi and TAi are indicators of the technological advancement of patents. DAi is the
abbreviation for variables that represent the degree of technological advancement. DAi
can be chosen within the IE of the DTI (DAEi) and the number of DTIs (DANi). TAi is an
abbreviation for the variables that represent the type of technological advancement; it is
negatively correlated with various technical information in a patent. TAi can be chosen
from a variety of indices based on IE (TAEi) and the ratio between the scope and scale of
DTI (TANi).

INVi and ASSi represent the specific characteristics of the research team of a patent.
INVi is an abbreviation for a variable that represents the number of inventors, and ASSi is
an abbreviation for an indicator variable representing the number of co-assignees.

FAMi and PATi represent the invention-specific characteristics of the patents. FAMi
is the abbreviation for a variable that represents the number of family patents. PATi is an
abbreviation for a variable representing the backward citation counts of family patents.

A, T, U, V, and Y are the vectors of the control variables that capture fixed effects by
type of alternative energy source, technological field, locational domain of prior inventions,
locational information on the patent office region of the patent and its patent family, and
application years, respectively. A is the abbreviation of the vector that consists of dummy
variables for the alternative energy sources, DA. T is the abbreviation of the vector that
consists of dummy variables for major technological fields, DT . U is the abbreviation of the
vector that consists of dummy variables for the main locations of patent offices of backward
citations, DU . V is the abbreviation of the vector that consists of dummy variables for
location of patent and its family publications, DV . Y is the abbreviation for the vector that
consists of dummy variables for the application year, DY.

In Equation (4), DAi and TAi are simultaneously included to predict FCC because it
aims to precisely analyze the relationship between innovation impact and the degree of
technological advancement of an invention under the condition of a given type of techno-
logical advancement (diversification or specialization). Thus, in the case of a specialized
patent, if more similarly classified TIs are included, the DAi is measured to be higher
with more TIs and lower TAi than those in the case of diversified patents. In the case of
a diversified patent, if fewer similarly classified TIs are included, the DAi is measured to
be high, even with fewer TIs and higher TAi than in the case of patents with diversified
technological knowledge.

4. Results

In this section, we confirm the hypotheses on the important characteristics of the
technological advancement indicators based on empirical study results. Specifically, the
empirical results illustrate the relationship between the innovation impact and the de-
gree and the type of technological advancement, with a focus on the fields of alternative
energy sources.

4.1. Descriptive Statistics

To examine the empirical results by focusing on the hypotheses, we briefly introduce
the associations among the dependent variable (FCC), the variables of interest (DAE, DAN ,
TAE, and TAN), and the control variables. Table 4 presents the correlation coefficients
between the variables.
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Table 4. Correlation coefficients of variables.

Variable 1 2 3 4 5 6 7 8 9

FCC 1 1 1
DAE

2 2 0.142 1
DAN

3 3 0.198 0.687 1
TAE

4 4 −0.100 0.070 −0.408 1
TAN

5 5 −0.122 −0.174 −0.511 0.899 1
BCC 6 6 0.470 0.093 0.165 −0.063 −0.072 1
FAM 7 7 0.323 0.157 0.211 −0.094 −0.123 0.226 1
INV 8 8 0.088 0.046 0.018 0.023 0.009 0.016 0.098 1
ASS 9 9 0.095 0.096 0.105 −0.062 −0.075 0.054 0.104 0.411 1

Note: 1 FCC: cumulative forward citation counts since application, 2 DAE: Shannon information entropy (IE) of
technological classification index (TI), 3 DAN : number of DTIs, 4 TAE: variety index based on IE, 5 TAN : the ratio
between scope and scale of DTI, 6 BCC: the number of backward citations of patents, 7 FAM: the number of family
patents, 8 INV: the number of inventors, and 9 ASS: an indicator for co-assignees.

As shown in Table 4, FCC was positively associated with DAE (0.142), DAN (0.198),
BCC (0.470), FAM (0.323), INV (0.088), and ASS (0.095) and negatively associated with
TAE (−0.100) and TAN (−0.122).

The positive associations between FCC and DAE, DAN , FAM, INV, and ASS had
small values (<0.3). The weak associations reject hypothesis 1. However, the reliability
of Hypotheses 1 and 2 should be determined based on the regression analysis results.
Therefore, we provide significant proofs of Hypotheses 1 and 2 in Section 2.

In Figure 3, the correlations between the degree and type of variables are notable.
The coefficients of DAE and TAE were 0.07, whereas those of DAN and TAN were −0.511.
As previously described, the degree and type of technological advancement must be
uncorrelated. Figure 3 shows the correlation between the degree and type of technological
advancement. Hypothesis 3 is supported when the variables are measured based on the
Shannon IE.

Sustainability 2024, 16, x FOR PEER REVIEW 15 of 26 
 

 

(A) (B) 

  

Correlation coefficient 0.070 −0.511 
X-axis (Scale aspect) standardizied 1 DA୉ 2 standardizied 1 DA୒ 3 
Y-axis (Scope aspect) standardizied 1 TA୉ 4 standardizied 1 TA୒ 5 

Figure 3. Scatter plots of the degree and type of technological advancement. Note: 1 all the variables 
represented in (A,B) are converted through z-score normalization, 2 𝐷𝐴ா: Shannon information en-
tropy (IE) of technological classification index (TI), 3 𝐷𝐴ே : number of DTIs, 4 𝑇𝐴ா : variety index 
based on IE, and 5 𝑇𝐴ே: the ratio between the scope and scale of DTI. 

4.2. Regression 
In this subsection, we describe empirical results to test hypotheses 1 and 2 by con-

firming the results of the regression analyses based on the model (Equation (4)) in Section 
3.3.2. Therefore, empirical results that regress the innovation impact on the degree and 
type of technological advancement are highlighted. 

Table 5 presents the results of the regression analysis. To compare the coefficients 
between the variables of interest, we standardized 𝐷𝐴ா, 𝐷𝐴ே, 𝑇𝐴ா, and 𝑇𝐴ே before per-
forming the regression analyses. Thus, each coefficient of the standardized variables indi-
cates changes in 𝐹𝐶𝐶 according to a unit standard deviation increase in the standardized 
variable. 

Table 5. Count parts of regression analyses based on the hurdle negative binomial model. 

Dependent Variable: Forward Citation Counts (𝑭𝑪𝑪 1) for the First Five Years 
Model (1) (2) (3) (4) (5) (6) 

Category Variable Coefficient 

Technological ad-
vancement 

𝐷𝐴ா 2 
0.329 *** 
(0.005)  

0.183 *** 
(0.005)  

0.142 *** 
(0.005)  𝐷𝐴ே 3  0.316 *** 

(0.007) 
 0.129 *** 

(0.006) 
 0.102 *** 

(0.006) 𝑇𝐴ா 4 −0.251 *** 
(0.005) 

 −0.163 *** 
(0.005) 

 −0.145 *** 
(0.095) 

 𝑇𝐴ே 5  
−0.110 *** 

(0.006)  
−0.110 *** 

(0.006)  
−0.095 *** 

(0.005) 

Invention 
BCC 6 - - 

0.007 *** 
(0.000) 

0.007 *** 
(0.000) 

0.004 *** 
(0.000) 

0.004 *** 
(0.000) 

FAM 7 - - 0.023 *** 
(0.003) 

0.025 *** 
(0.001) 

0.008 *** 
(0.000) 

0.008 *** 
(0.000) 

Research team INV 8 - - 0.057 *** 
(0.025) 

0.057 *** 
(0.026) 

−0.001 
(0.003) 

−0.001 
(0.003) 

ASS 9 - - 0.014 *** 0.016 *** 0.041 *** 0.042 *** 

Figure 3. Scatter plots of the degree and type of technological advancement. Note: 1 all the variables
represented in (A,B) are converted through z-score normalization, 2 DAE: Shannon information
entropy (IE) of technological classification index (TI), 3 DAN : number of DTIs, 4 TAE: variety index
based on IE, and 5 TAN : the ratio between the scope and scale of DTI.

4.2. Regression

In this subsection, we describe empirical results to test Hypotheses 1 and 2 by confirm-
ing the results of the regression analyses based on the model (Equation (4)) in Section 3.3.2.
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Therefore, empirical results that regress the innovation impact on the degree and type of
technological advancement are highlighted.

Table 5 presents the results of the regression analysis. To compare the coefficients
between the variables of interest, we standardized DAE, DAN , TAE, and TAN before
performing the regression analyses. Thus, each coefficient of the standardized vari-
ables indicates changes in FCC according to a unit standard deviation increase in the
standardized variable.

Table 5. Count parts of regression analyses based on the hurdle negative binomial model.

Dependent Variable: Forward Citation Counts (FCC 1) for the First Five Years

Model (1) (2) (3) (4) (5) (6)

Category Variable Coefficient

Technological
advancement

DAE
2 0.329 ***

(0.005)
0.183 ***
(0.005)

0.142 ***
(0.005)

DAN
3 0.316 ***

(0.007)
0.129 ***
(0.006)

0.102 ***
(0.006)

TAE
4 −0.251 ***

(0.005)
−0.163 ***

(0.005)
−0.145 ***

(0.095)

TAN
5 −0.110 ***

(0.006)
−0.110 ***

(0.006)
−0.095 ***

(0.005)

Invention
BCC 6 - - 0.007 ***

(0.000)
0.007 ***
(0.000)

0.004 ***
(0.000)

0.004 ***
(0.000)

FAM 7 - - 0.023 ***
(0.003)

0.025 ***
(0.001)

0.008 ***
(0.000)

0.008 ***
(0.000)

Research team
INV 8 - - 0.057 ***

(0.025)
0.057 ***
(0.026)

−0.001
(0.003)

−0.001
(0.003)

ASS 9 - - 0.014 ***
(0.002)

0.016 ***
(0.002)

0.041 ***
(0.002)

0.042 ***
(0.002)

Technology field A 10 x
√

T 11 x
√

Geographic feature U 12 x
√

L 13 x
√

Application year Y 14 x
√

Number of observations 101,556 101,556 101,556 101,556 101,556 101,556
Degree of freedom 7 7 15 15 197 197

Maximum likelihood pseudo R2 0.087 0.079 0.226 0.220 0.330 0.327
Log-Likelihood −307,600 −308,000 −299,200 −299,600 −291,900 −292,100

Akaike information criterion 615,263 616,067 598,432 599,143 584,139 584,557
Bayesian information criterion 615,330 616,134 598,575 599,286 586,016 586,434

Note: maximum log-likelihood estimations, standard errors in parentheses. *** p < 0.01. 1 FCC: cumulative
forward citation counts since application, 2 DAE: Shannon information entropy (IE) of technological classification
index (TI), 3 DAN : number of DTIs, 4 TAE: variety index based on IE, 5 TAN : the ratio between scope and scale of
DTI, 6 BCC: the number of backward citations of patents, 7 FAM: the number of family patents, 8 INV: the number
of inventors, and 9 ASS: the number of co-assignees, 10 A: a vector of dummy variables for the alternative energy
sources, 11 T: a vector of dummy variables for the major technological field, and 12 U: a vector of dummy variables
for the main locations of patent offices of backward citations, 13 L: dummy variables for the location of patent
publication, 14 Y: dummy variables for the application year.

In Table 5, the results in columns (1), (3), and (5) are based on models that include
DAE and TAE as variables of interest, whereas those in columns (2), (4), and (6) are based
on models that include DAN and TAN .

First, the scale and scope of technological knowledge variables, DAE, DAN , TAE
and TAN , were found to be statistically significant in each column of Table 5. Therefore,
Hypotheses 1 and 2 are supported, regardless of whether the degree variable is based on
the Shannon IE of DTI or the number of DTIs. The impact of innovation in the fields of
alternative energy sources is positively associated with the degree of technological ad-
vancement, which is represented by the scale of technological knowledge, and is negatively



Sustainability 2024, 16, 562 16 of 25

associated with the type of technological advancement, which is represented by the scope
of technological knowledge. Therefore, the scale and scope of technological knowledge,
which are based on the Shannon IE of DTI, meet the requirements for the indicator of
technological advancement of Hypotheses 1 and 2.

In other words, the impact of innovation in the fields of alternative energy sources is
greater if the degree of technological advancement is higher and the type of technological
advancement is comparatively more specialized than others.

Moreover, in Table 5, the model fitness of regression analyses is always greater for
the model with the variables of technological advancement based on the Shannon IE.
Specifically, the maximum likelihood pseudo R2 of models (1), (3), and (5) are greater than
models (2), (4), and (6), under the same conditions except for the variables of technological
advancement. Moreover, the Akaike information criterion (AIC) and Bayesian information
criterion (BIC) of models (1), (3), and (5) are lower than those of models (2), (4), and (6).

The binomial parts of the hurdle negative binomial regression analyses are presented
in Appendix C.

In addition, as shown in Table 5, the coefficients of BCC, FAM, and ASS are larger than
those of the other coefficients. In particular, in column (5), the coefficient of BCC is as large
as 0.004 because BCC, which indicates the number of backward citations, reflects both the
degree of knowledge spillover and the number of related precedent patents. Therefore, BCC
simultaneously includes both the probability of forward citations following the invention
of a broad range of innovation paths and forward citations due to high technological
achievement leading to knowledge spillover. Moreover, FAM, which indicates the number
of family patents, is as large as 0.008 in column (5) because it represents the number of
family patents and is highly proportional to the number of granted patent offices (or
regions). Therefore, the probability of a forward citation can increase according to FAM
based on a broader granted location. In addition, ASS was as large as 0.041 in column (5).

Therefore, BCC and FAM can have a significant association with FCC and other vari-
ables of interest. However, an important difference between BCC and FAM compared
to the other variables of interest is that they do not reflect the type of technological ad-
vancement. Therefore, other variables related to technological advancement cannot fully
substitute for the variables of interest as indicators of technological advancement in this
study because the variables suggested simultaneously describe the degree and type of
technological advancement.

In the above, we presented results with the assumption of homogenous relationships
between technological advancement variables and forward citation counts. However,
as mentioned in the literature, innovation impact and technological advancement char-
acteristics may be heterogeneous across industries. Therefore, we present results with
the assumption that allows heterogeneity in the relationships between the technological
advancement variables and the innovation impact by the alternative energy source. In
Table 6, we suggest an empirical result based on the model, which includes interaction
terms between technological advancement variables (DAE and TAE) and the alternative
energy source dummy variables (DSolar, DWind, DFuel , DBio, DHydro, DHE, and DUW).

As shown in Table 6, the associations between the degree and type of technological
advancement and innovation impact are 0.150 and −0.098, respectively. This also implies
that patents of alternative energy sources basically tend to have a higher impact when the
degree and type of technological advancement of patents is higher and more specialized.
However, in the case of Wind, the expected impact of a patent can be greater than in
other cases of alternative energy sources, the degree of technological advancement and
all else being equal. This is because the coefficient of the interaction term of the degree of
technological advancement and the dummy variable for patents related to wind energy
show a positively significant value (0.120). Contrastingly, in the case of fuel cells, the
expected impact of a patent can be smaller than in other cases of alternative energy sources.
The coefficient of the interaction term of the degree of technological advancement and the
dummy variable for fuel cells shows negative values (−0.069).
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Table 6. Count parts of regression analyses based on the hurdle negative binomial model with
interaction terms.

Dependent Variable: Forward Citation Counts (FCC 1) for the First Five Years

Model (1)

Category Variable Coefficient

Technological advancement
DAE

2 0.150 ***
(0.030)

TAE
3 −0.098 ***

(0.030)

Interaction terms of the degree of technological advancement and dummy variables for
the alternative energy source

DAE·DSolar
−0.003
(0.030)

DAE·DWind
0.120 ***
(0.041)

DAE·DFuel
−0.069 **

(0.033)

DAE·DBio
0.011

(0.057)

DAE·DHydro
−0.038
(0.032)

DAE·DHE
0.093

(0.079)

DAE·DUW
0.031

(0.098)

Interaction terms of the type of technological advancement and dummy variables for the
alternative energy source

TAE·DSolar
−0.075 **

(0.031)

TAE·DWind
0.017

(0.042)

TAE·DFuel
0.057 *
(0.032)

TAE·DBio
0.104 *
(0.059)

TAE·DHydro
−0.080 **

(0.032)

TAE·DHE
−0.118
(0.089)

TAE·DUW
−0.152
(0.103)

Invention

BCC 4 0.004 ***
(0.000)

FAM 5 0.008 ***
(0.000)

INV 6 −0.002
(0.003)

ASS 7 0.042 ***
(0.002)

Type of Alternative energy source A 8 √

Technology field T 9 √

Main location of prior inventions U 10 √

Publication locations L 11 √

Application year Y 12 √

Number of observations 101,556
Degree of freedom 225

Maximum likelihood pseudo R2 0.332
Log-Likelihood −291,800

Akaike information criterion 583,981
Bayesian information criterion 586,125

Note: maximum log-likelihood estimations, standard errors in parentheses. *** p < 0.01, ** p < 0.05, and
* p < 0.1. 1 FCC: cumulative forward citation counts since application, 2 DAE: Shannon information entropy
(IE) of technological classification index (TI), 3 TAE: variety index based on IE, 4 BCC: the number of backward
citations of patents, 5 FAM: the number of family patents, 6 INV: the number of inventors, and 7 ASS: the number
of co-assignees, 8 A: a vector of dummy variables for the alternative energy sources, 9 T: a vector of dummy
variables for the major technological field, and 10 U: a vector of dummy variables for the main locations of patent
offices of backward citations, 11 L: dummy variables for the location of patent publication, 12 Y: dummy variables
for the application year.

Moreover, the relationship between innovation impact and the type of technological
advancement also appears to be heterogeneous. The coefficients of interaction terms be-



Sustainability 2024, 16, 562 18 of 25

tween the type of technological advancement and the dummy variable for the classification
of the alternative energy sources are significantly negative for the solar and hydro energy
classifications (−0.075 and −0.080). However, the coefficients of interaction terms between
the type of technological advancement and the dummy variable for the classification of
the alternative energy sources are significantly positive for fuel cells and biofuel (0.057 and
0.104). Therefore, it seems that more diversified technological advancement of alternative
energy patents leads to more innovation impact if the patents correspond to fuel cells
and biofuel. Contrastingly, more specialized technological advancement of the alternative
energy patents seems to have a greater innovation impact if the patents correspond to solar
and hydro energy.

In the case of patents related to wind energy, the association between the expected
impact of innovation and the degree of technological advancement is found to be at least
1.8 times and up to 3.3 times greater than patents of other fields of alternative energy
sources. Moreover, in the case of solar and hydro energy, the association between the
innovation impact and the type of technological advancements is found to be at least
1.8 times greater than for patents of harnessing energy from manmade waste and using
waste heat.

To sum up, the impact of innovation in alternative energy patents is significantly
influenced by both the degree and type of technological advancement, with higher and
more specialized technological advancement generally leading to greater impact. However,
the specific relationship varies depending on the alternative energy source. Wind energy
patents benefit the most from a higher degree of technological advancement, while solar
and hydro energy patents experience greater impact from more specialized technological
advancement. In contrast, fuel-cell and biofuel patents see their impact amplified by more
diversified technological advancement. Overall, the degree of technological advancement
plays a more important role in wind energy patents. For the type of technological ad-
vancement, diversification is more impactful for fuel-cell and biofuel energy patents, while
specialization is more impactful for solar and hydro energy patents.

The binomial parts of hurdle negative binomial regression analyses are presented in
Appendix D.

5. Conclusions and Discussion

In this section, we discuss the implications of the suggested indicators based on the
empirical results and the implications of the suggested measurement method based on the
literature reviewed.

In Section 1 and its subsections, we discussed previous studies that utilized forward
citation counts, which reflect the effects of knowledge spillover and the ever-changing
environment when evaluating the technological achievement of patents. Furthermore, the
forward citation counts do not seem to be concordant with the definition of technological
advancement in the economic literature. Thus, using citation counts as a proxy for techno-
logical advancement has disadvantages. Accordingly, we argued that a new indicator is
required that directly refers to technological knowledge in a patent and evaluates techno-
logical advancement based on information without including the effects of environmental
changes. Moreover, we suggested the need for another indicator that reflects the scope of
technological knowledge determined by the inventor’s strategic decision.

We formed three hypotheses on the appropriate characteristics of indicators of techno-
logical advancement in Section 2: “significant and positive relationship between the scale
of technological knowledge and technological value (citation counts)” and “significant
and positive (or negative) relationship between the scope of technological knowledge and
technological value (citation counts).”

Section 4 describes the testing of these three hypotheses, which revealed that the de-
gree and type of indicators based on Shannon IE and DTI have appropriate characteristics
for evaluating technological advancement. In particular, these two indicators properly
describe the degree and type of technological advancement. Because these indicators signif-
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icantly predict the forward citation counts of a patent and are mutually uncorrelated, more
informativeness (more knowledge) and specialization (less variety) induce more knowl-
edge spillovers when other things are equal at the patent level. Moreover, models using
the proposed two indicators, DAE and TAE, show better prediction fitness performance
than other models using DAN and TAN .

Moreover, two indicators had invariable information characteristics since the invention
was completed. Therefore, this study suggests the possibility of future studies attempting
to determine the environmental effect that occurs after the completion of an invention (after
application) on the patent’s value. The impact of environmental changes on a patent’s value
can also be captured by examining the effect of interactions between two indicators (the
scale and scope of technological knowledge) and environmental change, such as the number
of follow-up inventions and the number of complementary or substitutive inventions in
the future.

The analysis in Tables 5 and 6 reveals noteworthy patterns in the relationship between
technological advancement and innovation impact within the realm of alternative energy
sources. The findings suggest that, on a general level, alternative energy patents tend to
exhibit a higher impact when they are more technologically advanced and specialized.
Notably, distinctions arise among different energy sources when the degree of techno-
logical advancement and effect from the other conditions are equal, with wind energy
patents potentially yielding a greater expected impact, while biofuel patents may have a
comparatively smaller impact. The observed heterogeneity in the relationship between
innovation impact and the type of technological advancement underscores the influence
of technological diversification and specialization. Specifically, a more diversified tech-
nological advancement in fuel-cell and biofuel patents appears conducive to a greater
innovation impact, whereas the more specialized technological advancements in solar
and hydro energy patents seem to be associated with a more substantial impact. These
insights contribute to a nuanced understanding of strategic management of technological
advancements in the alternative energy sector. In summary, this study suggests a new
measurement method for technological knowledge indicators that describes the degree and
type of technological advancement. These indicators require two appropriate properties
that are useful for predicting technological value and are not correlated with each other.
The results empirically prove that the suggested indicators meet the appropriate properties
of the technological advancement indicators when calculated using Shannon IE and DTI.
Moreover, the measurement method used in this study is advantageous because it can be
easily transformed into a technological advancement indicator of a higher level by taking
the average of a firm or country.

Conclusively, driven by the urgency of environmental concerns, transitioning to alter-
native energy sources stands as a pivotal necessity for achieving sustainable development.
Addressing these concerns through proactive energy transformation demands overcoming
technological hurdles with utmost haste. Recognizing this, our study delved deeply into
exploring technological advancement strategies within different alternative energy sectors,
with a laser focus on maximizing the expected impact of innovation. Our findings unveil
the heterogeneity of optimal approaches across energy sources. We argue that there is a
crucial need for tailored support policies within each sector.

In addition, we speculate on the reasons why effective technological advancement
strategies may differ across alternative energy technology fields: during our sample period,
best practices in how Bio and Fuel are utilized as energy sources for practical applications
had not been established, and we speculate that a diversification of the technological
advancement would therefore lead to higher innovative impacts. On the other hand, for
energy sources such as Wind and Solar, the best practices of how they can be used as energy
sources for practical applications are mature, and therefore, technological advancement
in the form of specialization to improve productivity or efficiency is more likely to be
required than the exploration of new practical applications. Therefore, for a more effective
transition to alternative energy, policies for the technological advancement of alternative
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energy sources should prioritize the exploration of practical applications of energy sources
and support the specialization phase to maximize productivity and efficiency after the
practical applications of the alternative energy sources have been established.

However, our methodology, which relies on patent data, has limitations. First, it
restricts the assessment of technological advancement in areas with fewer patents. Sec-
ond, it overlooks innovation impacts and outcomes unrelated to patent activity. Lastly,
our analyses exclude exploring regional differences in innovation paradigms within al-
ternative energy technologies. Therefore, future research could explore the relationship
between innovation impact and technological advancement for less-patented alternative
energy technologies, potentially measured by economic value. Investigating regional dif-
ferences in innovation paradigms for alternative energy sources would be a further area of
valuable inquiry.

Author Contributions: Conceptualization, J.-H.K.; Methodology, J.-H.K.; Software, J.-H.K.; Validation,
Y.-G.L.; Formal analysis, J.-H.K.; Investigation, Y.-G.L.; Resources, Y.-G.L.; Data curation, J.-H.K. and
Y.-G.L.; Writing—original draft, J.-H.K.; Writing—review & editing, Y.-G.L. All authors have read
and agreed to the published version of the manuscript.

Funding: This research was funded by Inha University [70394].

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Data are available upon request.

Conflicts of Interest: The authors declare no conflicts of interest.

Appendix A

Table A1. Number of patents by the technological field of the alternative energy source.

Fields Number of Patents

Solar energy 61,967

Biofuels 23,894

Fuel cells 14,996

Wind energy 6367

Harnessing energy from manmade waste 6093

Using waste heat 4662

Geothermal energy 3120

Hydro energy 2150

Other production or use of heat, not derived from combustion 1922

Pyrolysis or gasification of biomass 1522

Integrated gasification combined cycle (IGCC) 915

Ocean thermal energy conversion 49

Devices for producing mechanical power from muscle energy 48

Total 127,705
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Appendix C

Table A2. The binomial part of regression analyses using the hurdle negative binomial model.

Dependent Variable: Forward Citation Counts (FCC 1) for the First Five Years

Model (1) (2) (3) (4) (5) (6)

Category Variable Coefficient

Technological
advancement

DAE
2 0.439 ***

(0.009)
0.286 ***
(0.009)

0.233 ***
(0.011)

DAN
3 0.624 ***

(0.018)
0.377 ***
(0.018)

0.302 ***
(0.019)

TAE
4 −0.309 ***

(0.009)
−0.194 ***

(0.009)
−0.151 ***

(0.010)

TAN
5 −0.118 ***

(0.010)
−0.076 ***

(0.010)
−0.051 ***

(0.011)
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Table A2. Cont.

Dependent Variable: Forward Citation Counts (FCC 1) for the First Five Years

Model (1) (2) (3) (4) (5) (6)

Category Variable Coefficient

Invention
Research team

BCC 6 - - 0.056 ***
(0.001)

0.059 ***
(0.001)

0.031 ***
(0.001)

0.031 ***
(0.001)

FAM 7 - - 0.062 ***
(0.003)

0.062 ***
(0.003)

−0.003 **
(0.001)

−0.003 ***
(0.001)

INV 8 - - 0.063 ***
(0.006)

0.064 ***
(0.006)

−0.005
(0.008)

−0.004
(0.008)

ASS 9 - - 0.007
(0.005)

0.005 *
(0.005)

0.047 ***
(0.006)

0.047 ***
(0.006)

Technology field A 10 x
√

T 11 x
√

Geographic feature U 12 x
√

L 13 x
√

Application year Y 14 x
√

Number of observations 101,556 101,556 101,556 101,556 101,556 101,556
Degree of freedom 7 7 15 15 197 197

Maximum likelihood pseudo R2 0.087 0.079 0.226 0.220 0.330 0.327
Log-Likelihood −307,600 −308,000 −299,200 −299,600 −291,900 −292,100

Akaike information criterion 615,263 616,067 598,432 599,143 584,139 584,557
Bayesian information criterion 615,330 616,134 598,575 599,286 586,016 586,434

Note: maximum log-likelihood estimations, standard errors in parentheses. *** p < 0.01, ** p < 0.05, and
* p < 0.1. 1 FCC: cumulative forward citation counts since application, 2 DAE: Shannon information entropy (IE)
of technological classification index (TI), 3 DAN : number of DTI, 4 TAE: variety index based on IE, 5 TAN : the
ratio between the scope and scale of DTI, 6 BCC: the number of backward citations of patents, 7 FAM: the number
of family patents, 8 INV: the number of inventors, and 9 ASS: the number of co-assignees, 10 A: a vector of dummy
variables for the alternative energy sources, 11 T: a vector of dummy variables for the major technological field,
and 12 U: a vector of dummy variables for the main locations of patent offices of backward citations, 13 L: dummy
variables for the location of patent publication, 14 Y: dummy variables for the application year.

Appendix D

Table A3. The binomial part of regression analyses using the hurdle negative binomial model with
interaction terms.

Dependent Variable: Forward Citation Counts (FCC 1) for the First Five Years

Model (1)

Category Variable Coefficient

Technological advancement
DAE

2 0.199 ***
(0.060)

TAE
3 −0.057

(0.061)

Interaction terms of the degree of technological advancement and dummy variables for
the alternative energy source

DAE·DSolar
0.054

(0.061)

DAE·DWind
0.154 *
(0.088)

DAE·DFuel
0.049

(0.071)

DAE·DBio
−0.003
(0.100)

DAE·DHydro
−0.056
(0.064)

DAE·DHE
−0.093
(0.062)

DAE·DUW
−0.200 **

(0.087)
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Table A3. Cont.

Dependent Variable: Forward Citation Counts (FCC 1) for the First Five Years

Model (1)

Category Variable Coefficient

Interaction terms of the type of technological advancement and dummy variables for the
alternative energy source

TAE·DSolar
0.061

(0.067)

TAE·DWind
−0.048
(0.097)

TAE·DFuel
−0.106
(0.065)

TAE·DBio
0.030 ***
(0.001)

TAE·DHydro
−0.003 **

(0.001)

TAE·DHE
−0.004
(0.008)

TAE·DUW
0.047 ***
(0.006)

Invention

BCC 4 0.004 ***
(0.000)

FAM 5 0.008 ***
(0.000)

INV 6 −0.002
(0.003)

ASS 7 0.042 ***
(0.002)

Type of Alternative energy source A 8 √

Technology field T 9 √

Main location of prior inventions U 10 √

Publication locations L 11 √

Application year Y 12 √

Number of observations 101,556
Degree of freedom 225

Maximum likelihood pseudo R2 0.332
Log-Likelihood −291,800

Akaike information criterion 583,981
Bayesian information criterion 586,125

Note: maximum log-likelihood estimations, standard errors in parentheses. *** p < 0.01, ** p < 0.05, and
* p < 0.1. 1 FCC: cumulative forward citation counts since application, 2 DAE: Shannon information entropy
(IE) of technological classification index (TI), 3 TAE: variety index based on IE, 4 BCC: the number of backward
citations of patents, 5 FAM: the number of family patents, 6 INV: the number of inventors, and 7 ASS: the number
of co-assignees, 8 A: a vector of dummy variables for the alternative energy sources, 9 T: a vector of dummy
variables for the major technological field, and 10 U: a vector of dummy variables for the main locations of patent
offices of backward citations, 11 L: dummy variables for the location of patent publication, 12 Y: dummy variables
for the application year.
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