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ABSTRACT 
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The rapid pace of globalization of science and technology increased the potential for high-impact 

technical capabilities to emerge in diverse technical, socio-economic, and geographic areas. 

Simultaneously, scientific literature, patents and other technology indicators have been producing 

and accumulating at an increasing rate. Their exponential growth is creating a wealth of 

information about technology development in science, technology and innovation (STI) data 

sources. 

Empirical approaches and proxies based on citation networks, scientific publication and patent 

analysis are used extensively in STI studies. However, non-unique coordination of classification 

schemes onto specific product/market in STI related databases (in particular patent data sources) 

presents difficulties in delineating boundaries of information related to an emerging technology. 

Moreover, the conventional scientometric approaches that built upon the characteristics of citation 

networks may fall short in capturing the technology’s early development. Simply because citation 

data require considerable amount of time to be generated. Moreover, given the current debates on 

the importance of interaction between science and technology (S&T) that supports technological 

progress, the ability to evaluate the content-relatedness between science and technology outputs 

(patents and publications) is useful. Existing scientometric approaches used to track S&T 

relationship, such as analysis of non-patent literature (NPL) or author-inventor matching offer a 

narrow window for technology/industry level studies.  

This work seeks to address these challenges by providing empirical approaches developed based 

on a synergy of natural language processing, text analytics and machine learning techniques. 

Firstly, a systematic literature review is conducted which presents a state-of-the-art in utilizing 

advanced text analytics in STI research. Secondly, a semantic approach is proposed to classify 

relevant patent data to a particular technology area. Thirdly, an alternative approach to citation 

methods is presented that detect topical overlap between science and technology relying on patent 

and publication abstracts. In addition, a cloud-based online tool is developed that allows users to 

monitor science and technology development evidenced by patent and publication data. The 

designed cloud-based tool can automate the process of patent landscape visualization, scientific 

literature mapping and provides an independent interface for comparing patent and paper trends 

on a specific subject. Finally, an empirical framework is suggested that combines several STI data 

sources to project the future industrial application of a new scientific breakthrough. To 

demonstrate the performance of proposed methods and empirical approaches, this research 

presents case studies in different technological domains.  

Keywords: emerging technology, scientometrics, technology forecasting, patent classification 

system, science and technology interaction, text analytics, tech mining, machine learning, science 

technology and innovation (STI).
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1. INTRODUCTION  

In 1903, Horace Rackham, President of the Michigan Savings Bank, advised Henry Ford’s 

lawyers, “The horse is here to stay but the automobile is only a novelty, a fad,” to prevent Ford 

from investing in the automotive industry (Forbes, 2015). Forecasting that the automobile 

industry would be a fad is now recognised as one of the worst technological projections ever 

made. In support of Sir Rackham, however, the author acknowledges that forecasting is a difficult 

task. In the past, without adequate access to data, tracing technological progress and attempting 

to discover how that progress might evolve was burdensome. Even though access to big data and 

complex analysis tools has improved, it is still impossible to predict the exact future. 

Technological forecasting is a foundation of planning (Porter et al., 2011). Utilising technology 

forecasting approaches allows researchers to predict a well-defined view of a technology’s 

possible future. Forecasting offers insights that allow stakeholders, firms and policymakers to 

plan and allocate their resources.  

As industries have become increasingly science-intensive, new forms of technology forecasting 

approaches have developed (Coates et al., 2001). Several industries and technologies have 

emerged because of scientific discovery, such as nanotechnology, electronics and 

telecommunications. The progress trend of science-based technologies is chaotic and highly 

complex. The Kuhnian “paradigm shift” (Kuhn, 1970) or Schumpeterian “creative destruction” 

(Schumpeter, 1939, 1942) convey the message that progress in science or technology is the result 

of a sudden change, with uncertainty as the most prominent feature. While, evolutionary theorists 

(Nelson and Winter, 1977) described technological change as an incremental change occurring in 

a continuous manner over time. In a more comprehensive view, technological paradigm consists 

of both sudden and continuous changes (Dosi, 1982). The nature of paradigms in “technologies” 

and “science” is argued to be broadly similar (Dosi, 1982), therefore technology forecasting 

approaches are required to account for both source of information.  

From an empirical perspective, the initial methodologies for tracing technological advances were 

qualitative, such as the Delphi method (Linstone and Turoff, 1975) and scenario analysis 

(Ringland and Schwartz, 1998). The former uses questionnaires to show either a convergence of 

opinion or dissent regarding experts’ judgments. The latter depicts the future as a storyline with 

emphasis on the important influencing dimensions. Relying on subjective insights from experts 

(tacit knowledge) makes these methods less effective for detecting science-intensive 

technological changes. Long-range scenario analysis and narrow-scoped opinions are not 

sufficient for predicting emerging science-intensive technologies. 

Rapid technological change, organisational complexity and social forces require effective 

information on emerging technologies (Coates et al., 2001). As technologies became increasingly 

science-based, science forecasting approaches were required to support technology forecasting 

(Coates et al., 2001). Technology forecasting toolkits are supplemented by quantitative 

approaches that exploit electronic information resources to deal with the complex nature of 

emerging technologies (Coates et al., 2001; Porter and Newman, 2011; Porter and Cunningham, 

2005). Governing emerging technologies relies on a series of tools known as strategic intelligence, 

which aids the decision-making processes regarding the development of policy instruments 

capable of coping with the characteristics of technological emergence (e.g. rapidness, uncertainty 

and ambiguity) (Rotolo et al., 2014; Rotolo, Hicks and Martin, 2015). Most empirical strategic 

intelligence tools for science measurement have been developed within scientometrics (Garfield, 

Sher, and Torpie, 1964; Price, 1965) the technology and innovation measurement field (Scherer, 
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1965; Schmookler, 1966). De Solla Price (1965) introduced the scientific publication as a proxy 

for measuring science, while Schmoolker (Schmookler, 1966) introduced patents as an indicator 

for technological measurement. According to a literature review by Martin et al. (Martin, 

Nightingale, and Yegros-Yegros, 2012), the empirical study of science and technology has been 

an independent field of research since the prominent work of de Solla Price was published in 

1965. The works of de Solla Price and Schmoolker initiated research in the quantitative study of 

science, technology and innovation (STI) (Martin et al., 2012). The current STI field is a 

multidisciplinary research domain comprising several other disciplines, such as innovation 

studies, technology management, mathematics, statistics and computer science. The introduction 

of the tech mining concept (Guo et al., 2012; Porter and Cunningham, 2005; Porter and Newman, 

2011), which combines bibliometric and text analysis for STI measurement, signals the evolution 

of the multi-disciplinarity of the field. Essentially, the quantitative study of STI evolved beyond 

the basic calculation of patent and publication counts, and increasingly sophisticated 

methodologies have been developed by researchers to trace STI advancement (Callon et al., 1983; 

Porter and Cunningham, 2005; Small, 1973).  

Given the ongoing progress of quantitative study of STI, capturing technological emergence is 

challenging using current STI methods. A growing body of literature examines the conceptual 

characteristics of emerging technologies (Alexander and Chase, 2012; Cozzens et al., 2010; Day 

and Schoemaker, 2000; Rotolo et al., 2015; Srinivasan, 2008; Stahl, 2011). However, important 

limitations exist regarding quantitative STI’s contribution to the operationalisation and detection 

of emerging technologies and Researchers have limited knowledge about the origins of emerging 

technologies (Rotolo et al., 2015). The uncertainty, ambiguity and rapid growth of emerging 

technologies are the primary reasons that limit the capability of STI methods to efficiently trace 

emerging technologies.  

Delineating the boundaries of emerging technologies within STI data sources is very challenging 

and a nontrivial task (Arora et al., 2013; Glänzel and Schubert, 2003; Huang et al., 2015; Rizzi et 

al., 2014; Suominen and Toivanen, 2015; Yau et al., 2014). The prediction of emerging 

technologies relies on a system of measurement (of technology or scientific knowledge) while its 

standard measures - subjective classification of STI data sources - remain problematic. The 

practical challenge is how an emerging technology which is characterised with novelty and new 

knowledge would fit into the existing historical classification schemes. The classification schemes 

in patent or scientific publication databases lack the capability to provide consensus metrics 

required in scientometric research (Glänzel and Schubert, 2003). In another word, the current 

scheme of STI data sources are not designed to serve users with the relevant information regarding 

specific emerging concepts. Data acquisition is a precondition of a valid technology forecasting 

task. A primary concern in data acquisition process is the identification of a new technology which 

is not yet specified in classification scheme of the respective STI database. Previous literature 

proposed alternative keyword search strategies (Huang et al., 2015; Rizzi et al., 2014) or citations 

based methods (Glänzel and Thijs, 2011; Shibata, Kajikawa, and Sakata, 2011; Small, Boyack, 

and Klavans, 2014) that outline the thematic boundaries of emerging technologies. Due to the 

constant technological change and fast growth rate of emerging technologies the keyword 

approach need to be updated frequently (Arora et al., 2013) and citation information requires 

considerable amount of time to be generated (Fukuzawa and Ida, 2016).  

The absence of sufficient methods to detect contemporary emerging technologies limits the 

knowledge of how specific technologies might begin to emerge. Previous literature (Noyons et 

al., 1994; Schmoch, 1993, 1997) has suggested that monitoring the interaction of science and 
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technology (S&T) provides insight regarding the advancement of science-based technologies. The 

primary sources of technological opportunities can be identified from advances in science and 

technology or feedback from various industries or governmental institutions (Klevorick et al., 

1995). It is crucial to understand S&T interaction, as this feeds the process of exploring new 

technological opportunities. The study of S&T linkage provides insights on the intensity, 

orientation and the source of the relation between science-technology.  

Another challenge in using the conventional tools for studying S&T in scientometrics (Breschi 

and Catalini, 2010; Glänzel and Meyer, 2003; Narin, Hamilton, and Olivastro, 1997) is that they 

fall short when it comes to detecting specific emerging technologies at the micro level 

(Magerman, Van Looy, and Song, 2010). For instance the study of scientific publication produced 

by industrial firms (Hicks, 1995) or patents created by academic scholars (Meyer, Siniläinen, and 

Utecht, 2003) help to understand the co-activity within S&T context at the individual or institution 

level (macro level). While, fine grain measures are needed to capture the relationship between 

patents and publications at micro level, which illustrates the scientific neighbourhood of an 

invention and possible range of technological relevance of a publication (Bassecoulard and Zitt, 

2005).  

This dissertation aims to address these obstacles in operationalization of STI approaches in 

tracking technological development.  The objective is to take advantage of the textual information 

of patents or publication rather than the citation information relying on a set of advanced text 

analytics techniques. There is a lack of unified methodological approach within the STI research 

community and an absence of a comprehensive knowledge on how to exploit text mining 

potentials to address STI research objectives. Therefore, this dissertation first presents a state-of-

the-art of text mining framework applied to STI. Then to address the challenge of data acquisition 

for tracing specific emerging technology a patent retrieval method is introduced that automatically 

filters irrelevant data. To link the science and technology at micro-level, this work presents a 

semantic method that uncovers the interactions between science and technology at a 

conceptual/topical level; and examining the possibility of predicting the future of emerging 

technologies regarding their applications in both the industry and market. The overall goal is to 

enhance the understanding of new, quantitative STI methods and assess their capacity for tracing 

emerging technologies.  

1.1 What is emerging technology? 

Tracing and conceptualising the emergence of new technical innovation has always been of 

interest of scholars, as they are closely linked with economic prosperity (Dosi, 1982). In past 

decades, scholars have utilised different names and taxonomies to define the phenomena and the 

origins of emerging technologies within the literature regarding technological change and 

innovation. Schumpeter, an influential economists during the 20th century, provided the seminal 

explanation of emerging technologies within his theory of economic development (Schumpeter, 

1939, 1942). He coined the phrase creative destruction, referring to the replacement of an 

established industry with a new one. Schumpeter depicts technological development as a circular 

flow disrupted by spontaneous changes that disturb the previously existing equilibrium state 

primarily generated by innovative entrepreneurs.  

Emerging technological innovation can be the result of either technological development or 

scientific progress. The idea of the circular flow in technological change is somewhat analogous 

with Kuhn’s scientific paradigm (Kuhn, 1970). Kuhn, an American physicist and philosopher, 
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introduced the concept of the paradigm shift in the context of scientific discoveries. Kuhn’s view 

contrasted with the established knowledge of his time. Previously, it was believed the driving 

force behind scientific advances was a steady accumulation of knowledge and ideas. Kuhn, in his 

famous book The Structure of Scientific Revolution, showed a different perspective on the topic 

of scientific progress. He claimed that the progress of science occurs because of a revolutionary 

explosion of new knowledge. The Kuhnian paradigm shift is in line with the Schumpeterian 

perspective that any progress in science or technology is the result of radical change. Kuhn argued 

that scientific evolution has a cyclical paradigm. The cycle begins in a stable period of normal 

science, where research is conducted according to a set of accepted theories among scientific 

communities. Research endeavours then extend the scope and precision of the established 

knowledge in the field. The normal science phase, or puzzle solving phase, which have usually 

predetermined solutions, is followed by a rise in anomalies that violate the “paradigm-induced 

expectations that govern normal science” (Kuhn, 1970, p. 52). These anomalies that begin to 

accumulate around certain paradigms, forcing science to explore more alternatives, re-evaluate 

current theories and finally shift to a new paradigm. Exploring alternative solutions can lead to 

new discoveries and inventions.  

Despite Schumpeter’s belief that spontaneous changes move technological development forward, 

evolutionary theorists (Nelson and Winter, 1977) described technological change as a smooth, 

incremental change occurring because of the learning trajectories of innovators and users in a 

continuous manner over time. Later, Dosi (1982) introduced the technological paradigm as a 

pattern of exploration and providing solutions. The technological paradigm accounts for both 

incremental (continues change) and the radical changes (discontinuous). Similarly, Tushman and 

Anderson (1986) viewed technological evolution as periods of incremental changes punctuated 

by spontaneous technological breakthroughs. Building upon the technological change literature, 

Tushman and Anderson (1986) characterised a technological breakthrough as something either 

enhancing or destroying the firm’s competence within an industry. New entrants to an industry 

often initiate competence-destroying technology breakthroughs, while existing firms introduce 

competence-enhancing breakthroughs. Moreover, according to Tushman and Anderson (1986) 

technological emergence in a particular industrial sector can possibly affect other sectors. For 

instance, the advancement of semiconductor technology not only affected firms’ active in the 

semiconductor sector but also in information technology (IT) and the automotive industry. 

Additionally, emerging technologies can replace existing technologies by filling a gap that the 

older technology could not (Christensen, 1997). For instance, in the 1980s, the emerging 

technology of computer storage hard disks were not efficient for data storage compared to floppy 

disks in terms of cost and capacity, but their smaller size met the requirements of notebook 

computers at that time. The hard disk technology success story highlights the importance of 

acquiring intelligence about emerging technologies for enterprises tend to introduce new product, 

process or enhance an existing technology. In 1995, Professor Alan Porter introduced the 

technology opportunity analysis (TOA) approach, which can generate effective intelligence on 

emerging technologies (Porter and Detampel, 1995) by relying on monitoring and the bibliometric 

analysis of information available in major research and development databases.  

Though the literature on understanding technological change is rich, the exact definition of what 

constitutes “emerging technology” is still debateable. Scholars from different research fields have 

defined and characterised ET using various attributes. From a science and technology policy 

perspective, emerging technologies involve exploitation that yields a wide-ranging benefit for 

both the economy and society (Martin, 1995; Porter et al., 2002); they are core technologies that 
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have not yet demonstrated their full potential (Hung and Chu, 2006); emerging technologies are 

at an early stage of development, where the configuration of the actor network and their related 

roles are still uncertain (Boon and Moors, 2008);  and may attain social relevance within 10 to 15 

years (Stahl, 2011). Along similar lines, the definition of emerging technologies reduced into four 

attributes: fast, recent growth; the process of transition; market or economic potential that is not 

yet fully exploited; and science-based (Cozzens et al., 2010). Later, emerging technologies were 

explained by (Alexander and Chase, 2012) as an adoption phase practiced by an expert 

community that may lead to a change in human understanding and capabilities. From a 

scientometrics perspective, emerging technologies are associated with the two key properties of 

novelty (referring to the newness of the technology) and fast growth (Small et al., 2014). In the 

context of management and innovation studies, emerging technology are defined as 

“discontinuous innovations” derived from radical innovations with emphasis on the science-

driven nature (Day and Schoemaker, 2000). In the area of organisational innovation, emerging 

technologies are defined with distinctive features that create situations both in the marketplace 

and within firms that significantly affect enterprise strategies and performances (Srinivasan, 

2008). According to Srinivasan (2008), during the last decade, emerging technologies were not 

limited to technology-intensive industries (e.g. telecommunications); they also affected other 

industrial domains, such as the pharmaceutical, retail and entertainment industries. The recent 

definition of emerging technologies and most comprehensive one highlights five major attributes 

(Rotolo et al., 2015): radical novelty, relatively fast growth, coherence, prominent impact, and 

uncertainty. Rotolo (2015) defined emerging technologies as: [A] relatively fast growing and 

radically novel technology characterised by a certain degree of coherence persisting over time 

and with the potential to exert a considerable impact on the socio-economic domains which is 

observed in terms of the composition of actors, institutions and the patterns of interactions among 

those, along with the associated knowledge production processes. It’s most prominent impact, 

however, lies in the future and so in the emergence phase is still somewhat uncertain and 

ambiguous (page. 1840). 

The lack of consensus regarding an accepted definition of emerging technologies led to the 

development of multiple empirical approaches for their detection. A wide variety of 

methodologies have been developed, especially by the scientometrics community, to track and 

analyse emergence in science and technology domains (Glänzel and Thijs, 2011; Porter and 

Detampel, 1995; Small et al., 2014). This dissertation focuses on the methodological challenges 

facing the operationalisation of the methods used to detect emerging technologies. In sections 2.4 

and 2.6, the limitations of the existing methodological options regarding the acquisition of 

relevant data and the detection of science and technology links related to emerging technologies 

will be discussed in detail. 

1.1.1 Why tracing emerging technologies is important 

Emerging technologies may appear as a surprise. Detecting the early signals of emergence is high 

on the agendas of policymakers and stakeholders. It has been argued by  (Pavitt, 1998) that “Firms 

rarely fail because of an inability to master a new field of technology, but because they do not 

succeed in matching the firm’s systems of coordination and control to the nature of the available 

technological opportunities.”. Firms must be able to trace the technology opportunities occurring 

in the market and act upon them in a timely manner. However, the fact that emergence phenomena 

is associated with uncertainty (Nelson and Winter, 1977; Rotolo et al., 2015) makes this a 
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challenging task. Flagging the emergence stage of a technology is not possible, because there are 

no dominant design (Utterback, 1996) or a commercialised product available in the market.  

Scholars in the science, technology and innovation domains have a long history of scientific 

debates about the possible paths, models and configurations that may lead to technological 

emergence or scientific breakthroughs. The authors of the book The New Production of 

Knowledge (in  which the innovation model known as Mode 2 is introduced), argued whether new 

technological advances emerge via trans-disciplinarity within industrial and academic settings 

(Gibbons, Limoges, and Nowotny, 1994). Further (Rosenberg and Nelson, 1994) discussed 

whether technical advances are the result of long-term R&D efforts from universities versus 

shorter term industrial R&D activities. Later, the triple helix model was proposed as a “university-

industry-government” configuration supporting knowledge production and innovation (Etzkowitz 

and Leydesdorff, 2000).  

Identifying and evaluating emerging technologies has become the focus of many international 

scientific projects and governmental programs over the last ten years. The European PromTech 

project (Roche et al., 2010) was designed to define the direction of technological advancement. 

The Foresight and Understanding from Scientific Exposition (FUSE) research program was 

initiated by the US Intelligence Advanced Research Projects Activity (IARPA, 2010) government 

agency. The objective of FUSE program is to develop automated methods for the systematic and 

comprehensive assessment of technical emergence using information stored in published 

scientific and patent literature. FUSE focusses on designing a system capable of processing a 

massive, multi-discipline, multilingual body of full-text scientific and patent data sources 

worldwide. Additionally, in 2013, the European Commission funded a program called Future & 

Emerging Technologies (FET) in a basic research initiative that aimed to fuel the Information and 

Communication Technologies (ICT) programme.  

Detecting the early signs of technical emergence is crucial to scientific debate and government-

sponsored programs. However, collecting and analysing all available information about a subject 

electronically is overwhelming. Insights from the analysis and tracking of emerging technology 

supports the decision-making processes of funding organisations looking for interesting ideas or 

technologies to invest in, or established enterprises deciding which technologies to invest in.  

1.1.2 Origin of methodologies to track emerging technology 

The study of technological change and the delineation of technological emergence has roots in 

science and technology studies (STS) and innovation studies. Over the last fifty years, the STS 

field of research has evolved and diverged into two distinct research clusters, with the first 

focussing on science and the second on science indicators (Martin et al., 2012). The thematic 

focus of the science cluster is on the sociology of science using the central works of Thomos Kuhn 

and Latour (Kuhn, 1970; Latour, 1987). The science indicators cluster corresponds to the 

quantitative study of science and technology by using de Solla Price’s book Little Science, Big 

Science in 1963 and, later, An Evolutionary Theory of Economic Change book by Nelson and 

Winter in 1982. Practical approaches for tracing technological changes (Breitzman and Thomas, 

2015; Porter and Cunningham, 2005; Porter and Newman, 2011) and mapping technological 

trajectories (Daim et al., 2006; Dosi and Nelson, 2016) or scientific breakthroughs (Boyack et al., 

2014; Tijssen and Van Raan, 1994) are in line with the science indicators STS cluster:  the 

quantitative study of science and technology. In a broader context, STS also overlaps with two 
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other research communities: STS and technology and innovation management (TIM) (Morlacchi 

and R.Martin, 2009).  

Handbook publications are an indicator that a scientific field has reached a level of coherence and 

has acquired unique identification among scientific community. The first handbook1 of 

quantitative STS, edited by Antony van Raan and published in 1988, marks the field’s coherence 

(Martin et al., 2012). The second edition of the Handbook of Quantitative Science and Technology 

Research was published in 2004 (Moed, Glänzel, and Schmoch, 2004); the third edition was 

published in 2007 (Hacket et al., 2008). The quantitative study of science is also linked with the 

scientific community recognised by the journal Scientometrics. Scientometrics, as a field of 

research, is devoted to the quantitative study of science and technology and addressing societal- 

and policy-oriented questions (van Raan, 1997). A significant number of conventional 

methodologies and approaches developed for tracing technical emergences were drawn from the 

Scientometrics domain (Glänzel and Thijs, 2011; Porter and Detampel, 1995; Small et al., 2014), 

as well as other fields of research, such as mathematics, computer science and statistics.  

This dissertation contributes, in the form of a book chapter, to the fourth version of the quantitative 

STS handbook. This book chapter reviews the quantitative approaches applied in science, 

technology and innovation studies with a focus on the methods borrowed from the computer 

science and data science disciplines. Consequently, the chapter highlights the capacity of 

quantitative STS, evidenced by published articles during the last decade, for addressing research 

questions within STS using text analytics and machine learning approaches. In a recent study, 

(Wyatt et al., 2015) suggests that STS can embrace data science as a source of inspiration rather 

than critique, and contribute to big data debates.  

1.2 Positioning this dissertation within the literature 

It is extremely difficult to delineate the focus of a research endeavour when it involves several 

disciplines and is still slightly fragmented. The theoretical and empirical position of this 

dissertation intersects with partially overlapping research communities: technology and 

innovation management (TIM) and scientometrics, which has diverged from STS and is now an 

independent research community. As a research field, TIM evolved from business and 

management studies with eminent contributions from both economists and industrial 

organisations (Morlacchi and R.Martin, 2009). As a research endeavour, TIM examines 

innovative activities and how to govern innovation at the individual, firm, industry or national 

levels. Scientometrics focusses on the development of metrics and tools to measure science and 

technology progress.  

As this study focusses on forecasting technological change, the theoretical background provided 

in the dissertation is derived partly from TIM. Discussing technological change and the dynamics 

of technological development are central to the field of TIM. The importance of technological 

change is highlighted, as it is closely related to innovation and, consequently, economic growth 

(Griliches, 1957; Rosenberg, 1974). Section 2.1 provides an overview of technological change 

from the innovation perspective (Ayres, 1969; Freeman, 1994; Kline and Rosenberg, 1986) and 

highlights the role of technological change and scientific progress in innovation models 

                                                 
1 The first Handbook of Quantitative Studies of Science and Technology, edited by Antony van Raan (1988), 

the Director of CWTS at Leiden University, which is one of the leading academic groups in the quantitative 

STS research domain.  
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(Etzkowitz and Leydesdorff, 2000; Jensen et al., 2007; Lundvall, 1992; Lundvall, Dosi, and 

Freeman, 1988; Nelson, 1993). Section 2.2 examines the phases of technological change where 

the definition of emerging technology might be embedded. Both the scientometrics and TIM 

research communities use patents as a proxy to measure technological change, as patent 

measurements were introduced by economists such as Schmookler (Schmookler, 1966) and 

Griliches (Griliches, 1984). The associated challenges with using patents as a proxy for tracking 

technological change and conducting forecasting is described in section 2.3.  

The second half of the background section examines the measurement of science and technology 

(S&T) interaction. The quantitative measurement of the interaction between S&T is an important 

discussion, as in TIM, it is considered the source of technology opportunities (Klevorick et al., 

1995) and, in scientometrics, it is at the core scientometrics research objectives (van Raan, 1997).  

Academic debates on innovation and the empirical approach for measuring science and 

technology partially shape the background of science, technology and innovation (STI) policy 

(Morlacchi and R.Martin, 2009). According to an editorial note published in Research Policy in 

2009 by Morlacchi and Martin:  “The production of statistics and instruments for the measurement 

of science, technology and innovation—such as R&D expenditures, personnel statistics, patent 

statistics, and bibliometric indicators—influenced and gradually became more important inputs 

to policy making.” 

Thus, this dissertation contributes to STI by reviewing the current instruments used to measure 

S&T linkages and proposing alternative empirical approaches that can assist decision makers 

when the applicability of patent statistics or bibliometric indicators is limited.  

1.3 Research questions 

Several methods using qualitative to quantitative techniques (taking advantage of science and 

technological databases) have been devised to identify emerging technologies and scientific 

advances. Qualitative approaches, such as scenario analysis (Van der Heijden, 1996) or expert 

panels as the primary methods of technology forecasting, have been criticised based on the 

inherited nature of being subjective, expensive or not accessible. Furthermore, expert opinion can 

no longer be solely relied upon, as it is impossible to analyse the amount of data stored in data 

sources without computer-aided tools. Given the history of the quantitative study of STI dating to 

1965 (Price, 1965; Schmookler, 1966), and the evolution of the field to a multidisciplinary domain 

(Martin et al., 2012; Moed et al., 2004; Raan, 2013) that borrows methods from natural language 

processing, statistics and data science (Leopold, May, and Paaß, 2004; Porter and Cunningham, 

2005). There are two main research questions in this thesis:  

RQ1. What is the state of the art in application of text analytics and machine 

learning methods in science, technology and innovation (STI) research domain? 

 RQ2. How to study emerging technologies utilizing text analytics and machine 

learning methods within science, technology and innovation (STI) research area? 

The second research question is further broken down into three partial research questions, which 

are formulated to cover the different aspects of studying an emerging technology. The first step 

in the process of detecting emerging technologies is extracting patent or publication data from 

related databases. However, these databases have not been designed to meet scientometrics 

research objectives. For example, the International Patent Classification (IPC) scheme was 

designed to facilitate the process of document storage by examiners, not to facilitate the emerging 
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technologies data retrieval process for social scientists. Therefore, performing patent searches is 

challenging when it comes to connecting IPC classes to industry (Schmoch, 2008) or analysing 

ETs at the product level (Pilkington, Dyerson, and Tissier, 2002). Both patent classification 

schemes and journal article categorisations are subjective due to examiners’ or publishers’ 

judgments, and might be inaccurate (Dahlin and Behrens, 2005; Nemet, 2012). Additionally, 

utilising keyword-based queries during document retrieval processes might not improve the 

precision or recall of information retrieval from databases because the authors, inventors and 

researchers do not consistently use the same scientific terminologies. Moreover, phrases and 

terms become outdated as new concepts or innovative material and processes emerge. The 

established schemes for extracting data from scientific publications or patent databases might not 

thoroughly correspond to the requirements needed to uncover patterns of ETs.  

The first research gap lies in the limitations regarding the use of scientometrics methods to detect 

emerging technologies within science and technology databases. Utilising the existing 

classification schemes of patent databases classification or pools of existing keywords contrast 

with the novelty attributes of emerging technologies. It should be noted that initiatives from the 

EPO and USPTO to develop cooperative patent classification (CPC) system started in 2013, to 

cover emerging technologies (e.g. Y02 class) in nanotechnology and climate mitigation 

technologies (e.g. in transportation). However, the CPC tagging process connecting existing 

keywords with new categories related to emerging tech categories is an ongoing process. No 

grounded framework or unified empirical practice exists for collecting relevant data related to 

complex or generic emerging technologies. Based on this research gap, the first partial research 

question is: 

RQ2.1. How the information extraction process can be enhanced for conducting 

empirical technology forecasting on emerging technologies?  

The second research gap is related to measuring knowledge flow within an emerging technology 

context. The conventional unit of analysis for measuring the knowledge flow between science and 

technology is based on citation information within patents and scientific literature. The current 

established methodological approaches for studying science and technology interactions are 

citation network analysis (Shibata et al., 2011), non-patent literature (NPL) (Narin et al., 1997) 

or scientific literature citation to patent analysis (Glänzel and Meyer, 2003). The underlying 

feature of citation-based methods is time. Time is required for a patent or scientific article to be 

recognised and cited within a scientific community. Additionally the unsettled nature of  the actor 

community network is recognised as a defining attribute for emerging technology (Boon and 

Moors, 2008). The second partial research question addresses the following:  

RQ2.2. How the links between science and technology can be quantified based 

on their semantic characteristics? 

The third research gap arises from the uncertain future of emerging technologies (Rotolo et al., 

2015). In some cases, insufficient technical data (patent) information related to an emerging 

technology (e.g. in the case of triboelectric nanogenerator technology which is still at the 

laboratory test phase) are available. Future industrial applications of the technologies are 

unknown. The final article appended to this dissertation seeks to answer the following question: 

RQ2.3. How can the potential industrial applications of emerging technologies 

be predicted based on science and technology data sources? 
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1.4  Dissertation outline  

The first part of this dissertation presents the background and overview of this research. This part 

includes five independent chapters that provide an introduction, a literature background, the 

research methodology, a summary of publications and a conclusion. The second part of this 

dissertation contains the appended publications. Figure 1 provides a snapshot of both parts. The 

relationship between the publications and research questions (RQs) is also presented in Figure 1. 
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Figure 1. Dissertation outline 
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1.5 Author’s contribution  

Publication I: Application of text-analytics in quantitative study of science and technology 

The author was responsible for the idea and the execution of the project. The author performed 

the primary part of the writing and data analysis, except for the second case study, which was 

completed by Arho Suominen. The editing and revisions were accomplished jointly with the co-

authors.  

 

Publication II: Patent-based technology forecasting: case of electric and hydrogen vehicle 

The author was responsible for the idea and the execution of the project. The editing and revision 

was completed jointly with the co-authors.  

 

Publication III: A topic model analysis of science and technology linkages: A case study in 

pharmaceutical industry 

The author was responsible for the idea and the execution of the project. The data collection from 

EPO databases was done by Arho Suominen. The interpretation of the topic analysis was done 

jointly with the co-authors.  

 

Publication IV: Cloud-based patent and paper analysis tool for comparative analysis of research 

The author was responsible fo the idea and writing of the paper. The software development was 

completed by the co-authors with the required technical background. 

  

Publication V: Forecasting potential sensor applications of triboelectric nanogenerators through 

tech mining 

The author was responsible for proposing and implementing the research methodology. The 

author performed text analytics and topic modelling on the scientific literature and was involved 

with writing the methodology and results sections. The revisions and editing were done with the 

co-authors.  
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2. BACKGROUND LITERATURE 

As noted in the first chapter, this thesis looks at how to apply quantitative STI methods and data 

sources in the context of tracing and monitoring emerging technologies. This chapter outlines first 

the underlying research streams; first the review the literature behind technological change, 

innovation models and phases of technological change provides insights on how the concept of 

emerging technology is embedded within the literature. Then the role of patents as a proxy for 

measuring technological change as well as challenges from operationalisation perspective will be 

highlighted. The rest of this chapter focus on the importance of studying the relationship between 

science and technology (S&T) and available quantitative approaches designed for identification 

and measurement of such interaction.  

2.1 Technological change and innovation 

Technology forecasting (Porter et al., 2011) provides a set of tools and methods for tracking 

emerging technologies. Before discussing the methodology employed by this study, it is crucial 

to learn about the epistemology of technological forecasting, which is linked with interpreting 

technological changes. This section reviews the major perspectives and debates among scholars 

in the literature.  

According to Ayres (Ayres, 1969), the two opposing perspectives regarding the dynamics of 

technological change are ontological and teleological (normative). The ontological perspective 

depicts innovation as either the manifestation of a self-generating process or the result of 

institutional dynamics rooted in scientific and technological progress. The ontological perspective 

of technological change is reflected in a number of scholars’ work, such as Holton (Holton, 1962), 

in which he proposed the model of scientific progress. According to Ayres, according to the 

economic aspect, technological change is viewed as an exogenous variable that is beyond the 

control of market place (Ayres, 1969). Contrarily, the teleological perspective assumes that 

technological changes occur as a by-product of an existing need in society, the military or 

economic demand (Ayres, 1969). The teleological point of view overlooks the roles of individual 

scientists, research institutes or universities. To exemplify this interpretation of technological 

change, Ayres (Ayres, 1969) uses the invention of electricity by Edison as an example. In this 

example, teleological-perspective proponents argued that, if not Edison, someone else would have 

invented electricity because the societal need at the time needed to be addressed.  

During the 60s and 70s, the economics of technological change were explained based on the two 

mentioned opposing perspectives (Hippel, 1976; Mowery and N Rosenberg, 1979; Myers and 

Marquis, 1969; Rosenberg, 1982a; Schmookler, 1966). One side of the debate involved the 

technology-push perspective that, like the ontological view, emphasised the key roles of science 

and technology in the development of technological innovation and the change of industrial 

structure. The central argument in the technology-push model is that advances in science 

determine the rate and direction of innovation. The linear technology-push model includes the 

development of research to production level and commercialisation of the product/process in the 

market. Dosi (Dosi, 1982) links the characteristics of the technology-push model to established 

aspects of innovation, such as the growing importance of scientific advancement during the 

innovation process, relatively strong correlations between R&D expenditures and innovative 

activities and the complexity and ambiguity of the innovation process. However, the major 

critique of the technology-push argument is that the model overlooks the financial, economic and 
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societal conditions that might have affected the probability of innovation. Another limitation of 

the technology-push model is that its linear nature is incompatible with the literature (Freeman, 

1994; Freeman and Louçã, 2001; Kline and Rosenberg, 1986) that emphasises the effect of 

feedback and interactions between economic entities that impact technological changes.  

Scholars on the opposite side of the debate embrace the demand-pull perspective, like the 

teleological perspective, that recognises the market, the end users and the economy as a whole 

affecting technological development. Toward the end of 70s, scepticism arose toward the pure 

demand-pull theory. The validity of empirical studies supporting the demand-pull theory was 

questioned (Mowery and N Rosenberg, 1979). For example, Mowery and Rosenberg (Mowery 

and N Rosenberg, 1979) critically reviewed several studies and reported that their findings and 

interpretations were flawed and, in many cases, invalid. The studies proposing that market 

demand shapes the innovation process were inadequately conducted and could lead to 

inappropriate policy formulation (Mowery and N Rosenberg, 1979). Dosi (Dosi, 1982) also 

disagreed with the one-directional explanation of innovation and technological change and 

suggested identifying “the market as the prime mover, [is] inadequate to explain the emergence 

of new technological paradigms”. Therefore, it is implied that the major driving force behind 

technological change was science and technology, while the roles of market and social drivers 

were considered complementary variables (Dosi, 1982). For example, when detecting specific 

technological trajectories: …[T]he role of economic, institutional and social factors must be 

considered in greater detail. A first crucial role (…) is the selection operated at each level, from 

research to production-related technological efforts, among the possible “paths”, on the ground 

of some rather obvious and broad criteria such as feasibility, marketability and profitability. (p. 

155)  

In the mid-80s, pioneer economists Kline and Rosenberg (Kline and Rosenberg, 1986) proposed 

a shift from the linear models of technology-push and demand-pull to a more interactive model. 

This non-linear model (Kline and Rosenberg, 1986) depicts an intertwined relationship between 

the two major sources of technological change and innovation. According to Kline and Rosenberg 

(Kline and Rosenberg, 1986), innovation is a complex system, inherently uncertain and 

disordered. Measuring innovation is challenging and requires coordination between technological 

knowledge and market information to satisfy the economical demand. (Kline and Rosenberg, 

1986) argued that depicting innovation as a single process or links innovation origin to a single 

cause will impair decision-making.  

Lundvall et al. (Lundvall et al., 1988) believed that the linear innovation model depicted the 

system of production as a black box. They argued that, in the linear model, the technology-push 

approach placed R&D activities at the bottom of the box, while expecting the positive impacts of 

innovation to come out of the top of the box. However, from the demand school of thought a 

change in the market dictates the innovation trajectories. Lundvall et al. (1988) believed that the 

technology-push approach overlooked the role of users in innovation process, while the demand-

pull approach did not distinguish demand as a quantitative category. Collecting information from 

users (market) is costly for producers to obtain which makes the generation of quantitative 

measures very challenging. Consequently, Lundvall et al. proposed a user-producer network 

approach able to reveal the contents of the black box. The proposed network allows information 

signals to travel from the top to bottom of the box and vice versa. Proposing a user-producer 

network raised questions regarding the validity of the linear model within the economy.  

Following the line of thought that innovation is a an interactive process, the concept of national 

system of innovation (NSI) has been introduced by Lundvall (Freeman, 1995; Lundvall, 1992).  
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According to NSI, innovation activity progress relies on the flow of technology and information 

between key components of the system: firms, universities and research institutes; governmental 

agencies at the local and national levels. The NSI concept originated from the works of 

Christopher Freeman (Freeman, 1988, 1995) regarding the economic growth of Japan compared 

with the Unites state or Europe, and from Lundvall and Freeman (Lundvall and Freeman, 1988) 

on the topic of technological revolution in small countries. The important positive impact of the 

NIS concept from a policy point of view was the shift from science policy or technology policy 

toward innovation policy (Lundvall and Borrás, 2005; Lundvall, 2007). Overall, the major 

argument of NSI is that national and regional systems of innovation are essential for economic 

analysis, and that the innovative performance of specific firms relies on the relationship networks 

within the NSI system.  

In the context of innovation models, the role of science and technology have been specifically 

defined as independent modes of innovation (Etzkowitz and Leydesdorff, 2000; Jensen et al., 

2007). A rich body of empirical and historical literature (Jensen et al., 2007; Pavitt, 1984) has 

addressed the roles played by different modes of innovation, while also recognising science and 

technology as key components. Jensen et al. (Jensen et al., 2007) attempted to study the 

innovation model at the firm level using innovation survey data. They introduced two modes of 

innovation: a science, technology and innovation (STI) mode, and an experience-based mode of 

learning based on doing, using and interacting (DUI). STI mode is based on development, 

production and the use of codified scientific or technological knowledge that generates explicit 

knowledge (in the form of R&D output). DUI mode is based on experience-based knowledge and 

learning from informal interactions between organisations (which refers to tacit knowledge). The 

motivation behind Jensen et al.’s study . (Jensen et al., 2007) was investigating the biased belief 

of policymakers which depicts STI model with larger effect on innovative performance of firms 

comparing to DUI mode. This biased belief aligns with the linear innovation model or the 

technology-push perspective. While Jensen et al.’s result indicated that firms combining both 

strategies have a better chance to improve their innovation performance. The implication of 

Jensen et al.’s study for policymakers is to give priority to the DUI mode of innovation in high 

technology sectors, while traditional manufacturing sectors are advised to consider strengthening 

their links to sources of codified knowledge. Additionally, an important body of empirical and 

historical literature illustrates that the efficiency of the innovation modes varies depending on the 

industrial sector and context (Hippel, 1976; Pavitt, 1984; Rothwell, 1977).  

The Triple Helix concept illustrates an innovation model based on the triangle of university-

industry-government as the key components (Etzkowitz and Leydesdorff, 2000). The triple helix 

model of innovation emphasised universities’ role in economic development related to the context 

of the knowledge economy. The teaching tasks of universities are enhanced with research 

activities and the production of knowledge. The scientific knowledge produced from these 

research activities often encourages the emergence of an industry (e.g. nanotechnology) or further 

pushes technological developments in established industries. A study by Hekkert and his 

colleagues in 20072 (Hekkert et al., 2007) illustrated an innovation model as a system that is an 

important determinant of technological change. The underlying assumption is that the 

technological emergence or transition within an innovation system co-evolves with the process of 

technological changes. Another comprehensive framework that reflects innovation process across 

different academic or industrial players is Technology Delivery System (TDS) initially proposed 

                                                 
2 Utrecht University, Copernicus Institute for Sustainable Development and Innovation, Department of 

Innovation Studies. 
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by (Wenk jr. and Kuehn, 1977). According to the TDS framework, each technology has a different 

delivery system based on a series of institutions. These institutions, similar to triple helix model, 

can be academic or research entities, industrial and manufacturing institutions and funding 

organisations that lend resources to the other players within TDS.  

The approaches reviewed here indicate that the relationships between technological change, 

innovation and economic growth believe that technological change is the key component in 

pushing economic growth and prosperity; scientific knowledge and R&D output were central 

components from linear models of innovation to systematic and holistic networks. Moreover, 

creating and using knowledge, referred to as science, plays a dominant role in technological 

development.  

2.2 Phases of technological change 

An important characteristic of technological change is that a specific technology evolves during 

a certain period of time and then reaches its limits (Freeman and Soete, 1997). Technology refers 

to “…the tools, techniques, and procedures used to accomplish some desired human purpose, i.e., 

technology is not restricted to hardware only, but may include ‘know-how’ and ‘software’” 

(Martino, 1993). Several scholars have focussed on the characteristics of the technology lifecycle 

(Abernathy and Utterback, 1978; Cozzens et al., 2010; Foster, 1982). The word change here refers 

to the idea of the technological transition occur within the technology cycles explained by 

Abernathy and Utterback (Abernathy and Utterback, 1978). Technology cycles comprise a period 

of disruption or a sudden change (explained in Chapter 1 as Schumpeterian creative destruction) 

followed by a steady gradual evolution. There are three main phases within the technology 

lifecycle (Anderson and Tushman, 1990): first, technological discontinuities disrupt the 

established routine, causing uncertainty among producers and users. The second phase, called 

dominant design, brings stabilisation, decreasing the level of uncertainty. The dominant design 

period initiates a third phase, an evolutionary path for incremental innovations, focussing on 

refining and improving the existing technology.  

This dissertation examines methodologies for studying technologies in the infancy development 

stage or leading-edge phase. The growing impact of emerging technologies has added a new 

aspect to socio-economic dynamics, as well as measurement tools. Before explaining emergence 

in the context of the technological lifecycle, it worth explaining how the term “emergence” 

developed. The origin of the term “emergence” is rooted in the work of philosopher Lewes 

(Lewes, 1879). The implication of the philosophical definition of emergence is that emergence is 

a complex system that must be understood on two levels. The first level refers to the system as a 

whole and the second level consists of system components or parts. The behaviour of the whole 

system might vary because of the dynamics of the parts. To understand this complex system, an 

observer must understand the behaviours of the whole system, its components and their 

interaction. Furthermore, advances in mathematics and computer simulation have enabled 

researchers to analyse this complex system. The discussion about the complex adaptive system 

theory in physics, biology and economics provided an opportunity for understanding the nature 

of emergence in a more scientific manner (Waldrop, 1992).  

Critics in the context of management research and organisation science have pointed out that there 

is still no widely accepted definition for emergence (Islam, Zyphur, and Beal, 2006). Several 

scholars have attempted to define emergence by characterising it using the collected and 

synthesised characteristics mentioned by others (Goldstein, 1999; Rotolo et al., 2015; Small et 
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al., 2014; Stahl, 2011). Scholars from different disciplines, such as science and technology policy 

(Alexander and Chase, 2012; Martin, 1995; Porter et al., 2002; Stahl, 2011), management (Day 

and Schoemaker, 2000; Srinivasan, 2008) and scientometrics (Small et al., 2014) have provided 

different characteristics for emergence.  

In the technology lifecycle setting, Foster (Foster, 1982) provides insights on emerging 

technology characteristics in relation to R&D endeavours and strategic decision-making. 

According to Foster, the emerging stage is characterised by a relatively low growth of 

technological performance compared to the R&D efforts. In the growth stage, the margin of 

technological progress over the cumulative R&D expenditures is positive, whereas it is negative 

in the maturity stage. In the saturation stage, small technological performance improvements are 

only gained through very high R&D efforts. Based on the S-shaped technological development, 

strategic R&D decisions can be made. In the maturity stage, further investments in the old 

technology are not recommended, as future technological improvements are marginal. Instead, 

new technologies with higher future development potential should be sought (S-curve). Cozzen 

et al. (Cozzens et al., 2010) viewed the typical technology cycle based on five phases of 

technology evolution: a) emerging technology, where the presumption is that the technology has 

high potential but the value has not been demonstrated; b) leading edge technology, where the 

technology’s potential has been proven but the technology is still new and has not been fully 

adopted by the market; c) prevalent technology, where the technology is in the dominant design 

phase and its role as a solution is accepted by producers and users; d) dated technology, where 

the technology is considered a useful solution for customers but leading edge technologies are 

competing with it; and e) obsolete technology, where the technology is being replaced by 

something state-of-the-art and may not be produced/implemented again. 

Most definitions provided for explaining technological change agree on the distinct attributes of 

the emergence phase compared with the other stages of technological development. The common 

attributes of the emerging stage mentioned by previous scholars are ostensivity, global presence, 

novelty, relatively fast growth, coherence and uncertainty of future development (Cozzens et al., 

2010; Day and Schoemaker, 2000; Goldstein, 1999; Porter et al., 2002; Rotolo et al., 2015). 

Emergence is a complex whole bound in both time and place (Feenberg, 2010); thus, researchers 

must rely on the emergent technology revealing itself. Referred to as ostensive behaviour, this 

function is one of the key aspects of emergence. Ostensivity is based on the emergent technology 

being both novel and resulting from a dynamic process in a complex system. Even if parts of the 

whole and model parts of the system were identified, it is ultimately the whole that creates the 

emergent technology. Templeton and Fleischmann (Templeton and Fleischmann, 2013) 

operationalised the ostensive properties of an emergence in a specific technology area via a map 

of science and technology.  

The characteristics of an emergence also require a global presence, although this notion has been 

criticised (Small et al., 2014). A global presence does not mean a technology should be adopted 

equally everywhere, which may even be impossible (Feenberg, 2010). Rather, this characteristic 

expects an emergence to be known about broadly, rather than just within a micro-level social 

structure. This point should hold even if the emerging technology is applicable only to niche 

markets. Expecting macro-level knowledge of an emergence also links to the expectation of 

coherence. Post-emergence, the emergent science or technology should be somewhat stable and 

reflect a shared view regarding how people understand it. The five characteristics described above 

lay the foundation for a framework for analysing technological emergence.  
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The attribute of novelty or newness (Small et al., 2014) can be linked with the concept of 

discontinuous or radical innovation (Day and Schoemaker, 2000). Novelty can be found in the 

product or the process of radical innovation. The novelty attribute can also be generated to the 

application of an existing technology to a new usage area. The coherence attribute refers to the 

notion that emerging technologies persist over time. This can be the result of several research 

streams converging (Day and Schoemaker, 2000) or technologies evolving beyond the conceptual 

level (Stahl, 2011). The final attribute is the uncertainty feature, which corresponds with the non-

linear, complex and multi-factor nature of emergence (Boon and Moors, 2008; Stahl, 2011).  

The current view of development phases, especially the technological emergence stage, has 

implications for better understanding technological change. Learning about the characteristics of 

each technological phase in detail provides insights regarding the possible sources of 

technological information that can be used to study changes either qualitatively or quantitatively.  

2.3 Forecasting technological change 

Technology forecasting provides essential insights regarding the prospects of technological 

change (Coates et al., 2001; Watts and Porter, 1997). The growth of research and technology as 

economic activities involving a large number of people and significant resources impose an acute 

requirement for forecasting adjunct to planning (Ayres, 1969). In his book Technology 

Forecasting and Long-Range Planning, Ayres (Ayres, 1969) presents a historical background of 

technology forecasting, which was initially practiced by our ancestors at the individual level, 

became an appealing approach in military units around the world and finally became a national 

priority from the government perspective. In the past, applications of technology forecasting have 

included space exploration and travel, warfare, atomic energy, civil aviation and means of storing 

wind or sunlight energy. According to Ayres, the modern era of technology forecasting began in 

the mid-30s with the establishment of National Resource Committee (NRC) by the National 

Research Council in United States. The driving force behind the establishment of the NRC 

committee was the certainty that intelligent, long-range planning requires insights from future 

technological, social and military environments. The first task assigned to the NRC was the 

evaluation of 13 major inventions and projections regarding their future development. The 

resulting report (National Resources Committee, 1937) projected the technological development 

paths, and economic and social impacts of these emerging technologies. Extending technology 

forecasting from governmental and military use in the United States into academic journals and 

conferences occurred by late 1960 (Coates et al., 2001). Overall, technology forecasting in the 

conventional setting underwent a shift during the 1990s to address the needs of emerging 

technologies and institutional and social changes (Coates et al., 2001). Consequently, technology 

forecasting has shifted toward motives of economic competition instead of military ones.  

Currently, forecasting promising technological developments plays a major role in decision-

making at the national and enterprise levels. Technology forecasting activities have been 

presented with different names, targeting different audiences and modes of analysis (Porter et al., 

2011). The book Forecasting and Technology Management published by Porter et al. (Porter et 

al., 2011) covers five major ways that technology forecasting has been practiced: competitive 

technical intelligence, foresight, impact assessment, risk assessment and road mapping.  

Competitive technical intelligence (CTI) (Ashton, W. Bradford, 1995; Ashton and Klavans, 

1997), as a technology forecasting approach for detection of technology-based threats and 

opportunities. Shifting attention toward analysing external R&D requires tools that enable large 
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corporations to pursue their competitor’s activities (Porter and Newman, 2011). Analysing 

competitors’ R&D outputs provides competitive intelligence, while also providing insights 

related to technological areas prior to investing in them, i.e. technical intelligence. CTI analysis 

processes rely on the numeric analysis of the open source or “grey literature” generated by 

practitioners in the relevant field. CTI appeared as a forecasting method in the 1990s and was 

adopted largely by corporations active in science-intensive technology areas, such as 

pharmaceutical, chemical and electronic firms. 

The foresight approach can be implemented at national or organisation levels to foresee the future 

of technology, as well as political or demographics situation (Horton, 1999). According to Horton 

(1999), foresight may be implemented using a wide variety of methods, such as environmental 

scanning, Delphi surveys, systematic reading and brainstorming sessions. The impact assessment 

(Porter et al., 1980) approach evaluates the environmental, societal and technological impact of 

an emerging technology. The introduction of environmental impact assessment (EIS) occurred 

because of the requirement posed by US National Environment Policy Act in 1969. Social impact 

assessment (SIA) focuses on the effects of newly introduced technology on people, culture and 

organisations. Technology assessment (TA) covers a wider spectrum of technological impacts 

that may become visible in the future. The risk assessment approach is related to the measures 

taken to evaluate the effects of technologies in the drug and food industries or in the health sector 

(Porter et al., 2011). Primarily, the technology road mapping (TRM) approach has been utilised 

by companies and industries that want to project the future of product development. TRM is a 

strategic product planning tool first introduced to the academic community in 1987 by the 

Motorola company (Willyard and McClees, 1987). The approach links strategic management 

goals to product development at the firm level. Conventional TRM methods emphasise qualitative 

and expert knowledge rather than utilising quantitative information.  

2.3.1 Forecasting: qualitative vs. quantitative approaches 

Technological forecasting methods can be categorised into qualitative and quantitative 

approaches. The major qualitative methods are Delphi analysis (Linstone and Turoff, 1975) and 

scenario analysis (Ringland and Schwartz, 1998). The first textbooks about technology 

forecasting depicted these approach as major forecasting tools, placing them into the context of 

the decision-making process (Jantsch, 1967; Martino, 1993). Delphi analysis is designed to 

acquire reliable opinions from a group of experts by using a series of questionnaires. The Delphi 

method has been utilised to project the future of new communication technology in the context of 

public relations (Kent and Saffer, 2014). (Kent and Saffer, 2014) study included 14 technology 

experts from six countries. Another study (Pätäri, 2010) utilised the Delphi method to identify the 

determinants of business opportunities in the emergent bioenergy industry. The Delphi method 

appeared to be a valuable research tool in the absence of historical financial data (Pätäri, 2010).  

Scenario analyses are stories or narratives produced by experts regarding specific topics involving 

deep uncertainty. Scenario analyses tend to link historical events with the present time and project 

what future events might look like. The output of scenario analyses are not the most probable 

futures, but they offer a series of plausible futures to consider (Wilkinson, 2009). Recent studies 

(Saritas and Change, 2010) have utilised scenario analysis in combination with other forecasting 

methods (Saritas and Change, 2010) or guiding small and medium size enterprises (SMEs) at the 

national level (Singapore) during the process of integrating market needs with product evolution 

(Holmes and Ferrill, 2005). The combination of the Delphi method with scenario analysis 
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provided researchers with an analysis platform for forecasting mobile broadband traffic in Korea 

(Lee et al., 2016).  

The reliance of qualitative methods on a limited number of surveys and expert panels is rather 

controversial, however. The Delphi method draws its conclusions based on the subjective 

judgments of participating experts. Using biased judgement as an input for technology forecasting 

tasks can be a disadvantage. If the experts are not anonymous throughout the survey process, the 

challenges of “halo effect” or “bandwagon effect” are inevitable. In some instances, experts might 

show inclination toward organisations or technology areas specific to their interests at the time of 

conducting research. Moreover, finding willing participants can be challenging and time-

consuming, as reported by (Kent and Saffer, 2014). The reliability of scenario analysis is also 

controversial. Martino (Martino, 2003) argues that the generation of scenarios is a highly 

subjective art.  

Quantitative methods, on the other hand, rely mainly on historical data. For instance, numerous 

indicators have been developed based on financial data for forecasting sales performances in 

public or private sectors. To measure technological performance, patent information and patent-

based indicators provide useful forecasting tools (Campbell, 1983). Richard Campbell (Campbell, 

1983) identified several patent-based indicators for measuring corporate or national technological 

performance. These measures are: the patent activity level of firms’ intellectual property, the age 

of firms’ technology bases and the relative legal and technological strength of the firms. Pavitt 

(Pavitt, 1985) described advances in information technology as ultimately increasing the potential 

use of patent statistics as a measure of innovative activities. According to Pavitt (1985), patent 

statistics allow researchers to analyse the effect of international innovative activities on trade or 

production, the effect of firm-level innovation activities on a firm’s performance, the rate and 

direction of innovative activities across different fields and industrial sectors and the relationship 

between science and technology. The importance of patent data as a major source of strategic 

business planning was highlighted by Ashton and Sen: “Patent information provides a unique 

planning resource for managing a firm’s technology or product development and for 

systematically evaluating its competitive position relative to other companies in a market area” 

(1988, p. 42).  

Several empirical contributions support the applicability of patent information as a proxy for 

measuring innovative activities. Hall et al.’s (Hall, Griliches, and Hausman, 1986) empirical study 

showed a persistent significant contemporaneous relationship between R&D and patenting. Their 

study was based on the patent data and R&D expenditure of approximately 2700 firms in the 

manufacturing sector in the United States. Further studies (Griliches, Pakes, and Hall, 1986) by 

the same research group extended the discussion by arguing that patent data can be considered a 

substitute for R&D expenditure. (Griliches et al., 1986) conclusion was: 

…that patent data represent a valuable resource for the analysis of technological 

change. They can be used to study longer-run interfirm differences in inventive 

activity and as a substitute for R&D data where they are not available in the desired 

detail. It is possible also to use a firm's distribution of patenting by field to infer its 

position in “technological space” and use it in turn to study how R&D spills over 

from one firm to another.   

Quantitative forecasting methods can rely on patenting activities to define the technological 

lifecycle stage. A study by Pakes (Pakes, 1984) suggested that patents are filed at an early stage 

in the inventive and technology development process. The early stages are intertwined with 
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uncertainty about both the returning value of holding the patent and the returns from the patented 

ideas. One implication from Pakes’ study is that a product’s stage in the technological lifecycle is 

influenced by patenting behaviour. The study of patenting behaviour might offer useful 

information on the development stages of a specific technologies.  

2.3.2 Patent documents 

 According to Grilishes (1990): A patent is a document, issued by an authorised governmental 

agency, granting the right to exclude anyone else from the production or use of a specific new 

device, apparatus, or process for a stated number of years. The grant is issued to the inventor of 

this device or process after an examination that focuses on both the novelty of the claimed item 

and its potential utility. The right embedded in the patent can be assigned by the inventor to 

somebody else, usually to his employer, a corporation and/or sold to or licensed for use by 

somebody else. This right can be enforced only by the potential threat of or an actual suit in the 

courts for infringement damages  

Grupp (Grupp, 1998) also describes patent as a property right given to the owner of an invention 

based on an officially sealed claim. The patent document and the embedded claims must be 

available publicly for recognition by the competitors’ companies. The aim of the patent system is 

to protect the inventors’ rights and assure the monetary appropriation. In the absence of property 

rights, technological knowledge would be available to the competitors for free, inviting imitation. 

Intellectual property rights ensure the legal right for an inventor to pursue a penalty process in the 

courts if the case of competitor imitation. The inventor has a temporary (usually 20 years) 

monopoly of the invention and secure the benefits from the innovative efforts.  

Besides being a legal document, patents are a valuable source of technological information. Patent 

documents are considered technically rich and potentially fruitful source of data for the study of 

innovation dynamics. Based on the technology assessment and forecast report published by the 

United States Patent & Trademark Office (USPTO), patent data sources provide unique 

technological information not published elsewhere (USPTO, 1977). To address research 

questions about the rates of technological change or the technological competitive position of 

enterprises, researchers cannot rely on pure speculation or distantly related measures. Again, 

quoting Griliches (1990), “In this desert of data, patent statistics loom up as a mirage of wonderful 

plenitude and objectivity”.  

Patents have a compelling advantage over alternative proxies of innovative activities:  it’s the 

abundance of available databases. The annual patent counts containing complete metadata 

information can be obtained going back longer than a century. In addition, the data can be broken 

down into either supporting form or technological class. These major advantages were highlighted 

in Schmookler’s research (Schmookler, 1966; Schmookler and Brownlee, 1962). The broad 

coverage and high reliability of patent data opened a window for a differentiated perspective 

regarding descriptions of technological strength or weaknesses as a technology  indicator 

(Frietsch and Schmoch, 2010). The data has also become more available and accessible (Frietsch 

and Schmoch, 2010).  

Like other intellectual property rights, patents have some drawbacks as well. For instance, not all 

inventions meet patentability requirements, making them not patentable (Pottelsberghe, Denis, 

and Guellec, 2001). The major criteria for patentability are novelty, originality, and non-

obviousness. Moreover, firms may utilise other intellectual property rights methods as a 

mechanism to protect their invention (e.g. secrecy) instead of patenting (OECD, 2009). 
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Depending on the selected intellectual property regime, the value of patenting activities may 

change over time (Archibugi and Pianta, 1996). Prior to using patents as a direct proxy of 

technological change, it is important to gain a deep understanding of the different approaches 

adopted by patent authorities across the world. Some differences exist between countries and 

industries in terms of how they organise, store and structure patent documents (Petruzzelli, 

Rotolo, and Albino, 2015).  

However, even with these disadvantages, researchers cannot disregard the value of patent 

statistics and analysis. The quantitative and empirical analyses of technological change based on 

patent data has been practiced for a long time in innovation and technology management research. 

Patent analysis has provided a basis for evaluating corporate technological strength (Narin, Noma, 

and Perry, 1987), provided intelligence on competitors’ R&D activities or global competition 

trends (Mogee, 1991), and has assisted managers to evaluate and  prioritise R&D projects 

(Hirschey and Richardson, 2001). 

2.3.3 Technological dynamics through patent analysis  

Patent documents have been a major input indicator for inventive activities (Comanor and 

Scherer, 1969; Schmookler, 1966, 1972). Consequently, patents have been utilised as an 

operational index of technological change. Patenting is a common practice among innovative 

organisations (Comanor and Scherer, 1969). The result of a community innovation survey (CIS) 

(Evangelista et al., 1998) published in 1998 showed that 50% of European firms introduced either 

a product or process innovation. Another study (Hagedoorn and Cloodt, 2003) attempted to 

measure the innovative performance of companies based on four indicators (R&D inputs, patent 

counts, patent citations and new product announcements) using a sample of 1,200 companies in 

high-tech sectors. One major implication of this large-scale study (Hagedoorn and Cloodt, 2003) 

was that patent indicators can be used to measure the innovative performance of industries with 

little R&D.  

Patent data has offered objective technological intelligence to understand the state-of-the-art of 

technology trends. Therefore, the information derived from patent sources used for investigation 

of technological level and R&D trends (Daim et al., 2008; Harell and Daim, 2009; Trappey et al., 

2011).  For instance, the technology life cycle of RFID technology in China has been determined 

based on related patent data from SIPO3 (Trappey et al., 2011). Another example is tThe 

investigation toward the most probable energy storage technology has been operationalized using 

variables based on patent and publication data (Harell and Daim, 2009). Patent trend analysis in 

combination other forecasting tools (technology cycle time, growth curve) has been used to 

forecast the future of data storage technologies (Daim et al., 2008).  

2.4 The patent classification problem 

To use patent data in technology forecasting or to detect emerging innovation, researchers must 

relate them to a meaningful technology or industry class. The first step in any technology 

forecasting task is to collect relevant data. The reliability of data analysis depends on a thorough 

data acquisition process. Patent classification schemes are created and maintained by each patent 

authority for storing and organising documents.  

                                                 
4 Standard Industrial Classification (SIC). 
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According to OECD patent manual (OECD, 1994), patents filed for each invention are classified 

using one or more symbols. The symbols represent categories or subcategories within the 

corresponding technical field. Patent offices classify the patents with these symbols to facilitate 

the prior art search. The symbols are necessary for accessing and retrieving the information 

disclosed in patent documents (OECD, 1994). Emerging technologies, however, often do not 

correspond with any official trademarks, patent classification system or official industry. Section 

2.4.1 briefly explains the different classification systems. Section 2.4.2 discusses the current 

challenges related to retrieving relevant patents, especially in the context of emerging 

technologies.  

2.4.1 Patent classification schemes 

Four major patent classification systems are used worldwide. These are: the International Patent 

Classification (IPC) system, the European Classification system (ECLA) system, the United 

States Patent Classification (USPC) system, and the Japanese file index (F-term) classification 

system. 

 IPC is an international system and is the most common method for retrieving patent information 

worldwide. IPC is applied by 52 countries and four international organisations (OECD, 1994). 

IPC began in 1975 under the Strasbourg Agreement of 1971, which determined its principles and 

form of operation (OECD, 1994). The agreement is one of several treaties created and 

administrated by the World Intellectual Property Organization (WIPO). IPC is a language-

dependent symbol and has a hierarchal structure in which all patents are classified in eight 

different technical areas (human necessities, performing operations, transporting, chemistry, 

metallurgy, textiles, paper, fixed constructions, mechanical engineering, lighting, heating, 

weapons, physics and electricity).  

Patent examiners in the US and Japan rely heavily on their national classification schemes for 

classifying filed patents. These countries consider IPC or ECLA secondary classification systems. 

While they sometimes classify patents based on these systems, the classification lacks the 

precision of native classification. Consequently, researchers must understand that a global patent 

search using IPC or ECLA is not complete without considering the US or Japanese classification 

systems. IPC serves as the basis for analysis in this dissertation; therefore, the following section 

provides a detailed explanation of IPC and the challenges related to data retrieval from that source.  

2.4.2 Current challenges in using classification scheme 

IPC can show either the function or the application of an invention. Quoting directly from OECD 

patent manual published in 1994: An invention is normally classified according to its function or 

intrinsic nature, except when its application alone determines its technical characteristics. In IPC, 

subclass F02K is a product-oriented subclass which contains all jet propulsion plants. But sub 

class H03K is a function-oriented subclass covering the whole range of pulse techniques and 

contains many different products, including telephone, transmitters, and computers and measuring 

devices. As a result, sub class H03K is not confined to a single application or product group, 

whereas subclass f02k fits almost exactly one specific product group, IPC is combined 

function/application classification system which the function takes precedence(OECD, 1994).  

IPC is revised and updated every five years. An amendment procedure will be conducted if it is 

necessary, but not retroactively. This means that if existing patent documents including certain 
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IPC classes undergo the amendment process, its IPC codes are not re-indexed in accordance with 

the new symbols. The lack of a thorough re-indexing process affects the accuracy of IPC (Grupp, 

1994). A patent or a prior art search must be as exhaustive as possible to address these changes. 

Due to changing classifications and the lack of re-indexing, the comparison of technological 

evolution in different fields is challenging.  

Linking patents to economically relevant units is also challenging (Verbeek, Debackere, and 

Luwel, 2002b). When using patent information to measure technological changes or innovation 

performance, researchers should be aware that IPC or other industrial classification systems (such 

as SIC4 for OECD data and NACE5 for Eurostat data) are directly not comparable (Verbeek et al., 

2002b). Owing to the ambiguous nature of linking inventions to industrial units, researchers are 

advised by (Griliches, 1990) to consider assigning inventions to the industry of origin (where the 

invention was made), the industry that is likely to produce it or to the industry of destination (the 

industry benefitting from the invention). 

2.4.3 Alternative solutions to the classification problem 

Over the last decades, several attempts to address the classification challenge have been 

undertaken. For instance, the research group at the National Bureau for Economic Research 

(Griliches, 1984) provided a classification build based on the origin industry, which facilitates 

analysis at the company level. This approach related patent data to R&D investments and the 

subsequent valuation of the firms that produced the patents. However, this system might not be 

appropriate for industry-level analysis, as patents could have impacts beyond certain industrial 

boundaries (Griliches, 1990). The research shows that grouping companies based on the industrial 

classification codes (SIC) provides unsatisfactory solutions due to the multi-divisional and, 

consequently, multi-industry nature of large corporations. Company names could change or be 

affected by ongoing merger and acquisition processes. Furthermore, patent offices around the 

world do not use a consistent set of codes for company name records.  

Trajtenberg (Trajtenberg, 1987) suggested a more pragmatic solution for tackling the 

classification problem based on using powerful, computerised techniques to search large patent 

databases. His proposed search technique relied on using keywords collected with the help of 

experts. The collected keywords pertained to the specific product under investigation that could 

appear in the title or abstract of the patent document. This search method allows researchers to 

retrieve relevant patents along with their different classification codes. However, Trajtenberg 

(1987) also acknowledges that the keyword-based method might not deliver all relevant patents 

to the investigating field with high certainty. For years, the use of both keywords with 

classification symbols (known as combination methods) has been practiced as a state-of-the-arts 

in conducting patent search.  

Several concordance tables have been designed to classify patent documents based on their 

economic sector. In the mid-70s, the US Office of Technology Assessment and Forecast (OTAF) 

generated a concordance table that correlated the IPC classes with the relevant SIC industrial 

classifications (Verbeek et al., 2002b). In this concordance table, in classification of IPC subclass 

not having an obvious contextual relation with any of the SIC classes it would be associated to 

several SIC. Assigning multiple codes resulted in numerous overlaps and double counting. 

                                                 
4 Standard Industrial Classification (SIC). 
5 Statistical classification of economic activities in the European Community (NACE). 
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Another concordance table, called MERIT, was suggested by Dutch researchers in 1994 

(Verspagen, MOergaStel, and Slabbers, 1994). In this concordance table, IPC classes were linked 

with International Standard Industrial Classification of All Economic Activities (ISIC) codes 

indicating the economic sectors. The concordance tables were criticised because of the arbitrary 

assignment of the IPC classes to economic sectors, and the misleading implications resulting from 

multiple counting (Verbeek et al., 2002b).  

The establishment of meaningful and functional relationships which are universally valid between 

the market and the technological area seem to be unrealistic in the context of radical innovations 

(Grupp, 1998). Radical innovation or emerging technologies applications might vary across 

different sectors and influence economic sectors beyond their origin sector. Consequently, the 

concordance tables can be useful at the microeconomic level (individual invention or innovation 

processes) but not at the  macro- or meso-economic level (universal purposes) (Grupp, 1998).  

Recent studies have reported the limited value of classification systems in the case of emerging 

or multipurpose technologies. For instance, Pilkington et al. (Pilkington et al., 2002) investigated 

electronic vehicle (EV) development by using the patent class search B60L11, which returned 

results including many irrelevant patents. Because the definition of the IPC group embraces a 

wide range of EVs other than automobiles, the patents within this classification related to many 

other applications apart from EVs. The study suggested that datasets could be enlarged by adding 

other relevant classes, e.g. HVAC6 was covered by B60H1, structures by B62D21–B62D29, 

hybrid vehicle control by B60K and electric motors and controllers by H02K/H02P (Pilkington 

et al., 2002). Pilkington et al.’s study emphasised the need for clear boundaries between generic 

patents related to electric device technologies and automotive-oriented patents. This can be 

achieved by using an archive of reliable keywords (Frenken, Hekkert, and Godfroij, 2004; Rizzi 

et al., 2014). However, the problem with keywords is how inconsistently terminologies are used 

by companies, researchers or attorneys. In addition, database searches are based on matching 

exact wording; thus, the search finds phrases without contextual meanings. If a researcher was 

unfamiliar to the technology area for which the patent data were being gathered, it would be quite 

difficult to build an exhaustive keyword list. 

For classifying patents, several scholars in the last decade have used statistical and machine 

learning methods. These methods rely on the textual part of the patent rather than the IPC. For 

instance, Chakrabarti et al. (Chakrabarti et al., 1998) classified a set of patent documents from 

IBM into 12 sub-classes over three levels using the statistical Bayesian approach. In 1999, a web-

based system (Larkey, 1999) for patent data retrieval was implemented as a mutual project 

between the Centre for Intelligent Information Retrieval (CIIR) at the University of Massachusetts 

and the US Patent and Trademark Office (USPTO). The objective was to classify patents 

automatically into USPTO patent classifications using the k-nearest neighbour clustering 

algorithm. Large-scale automatic classification projects regarding patent data sources extended 

into Europe as well. Fall et al. (Fall and Benzineb, 2002; Fall et al., 2003) utilised and evaluated 

several machine learning classifiers (such as Naive Bayes, k-nearest neighbours and support 

vector machines (SVMs)) to automatically categorise European patents.  

The common limitation of these works is that they attempted to classify patents into IPC, US or 

European patent classification schemes. These classifications do not offer extra insights regarding 

the market-, industry- or product-level analyses of patents. Another drawback of these methods 

is that most of the studies considered the full text of patent documents for classification purposes. 

                                                 
6 Heating, Ventilation and Air Conditioning. 
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While, more recent works (Saiki et al., 2006; Tong and Frame, 1994) suggest that the abstract or 

claim sections in patent documents are more effective for classification purposes.  

2.5 Technological change and scientific development 

The idea of a basic science push technological innovation forward is supported by considerable 

amount of research. A rich body of literature has empirically evaluated the relationship between 

the amount of investment in basic research (the outcome of basic research) and economic growth 

(Mansfield, 1972; Rosenberg, 1974). From the linear model of innovation perspective (discussed 

in section 2.1), basic research leads to technological development, thereby accelerating economic 

growth. The dynamic of the S&T relationship is central to innovation and technology evolution 

studies (Verbeek et al., 2002a). Further development of innovation models recognised science 

and technology development as major driving forces behind innovation activities. According to 

Rosenberg (Rosenberg, 1982b), scientific research can stimulate innovation activities and 

technological development. The interdependency of S&T and the importance of science in 

supporting technology development was highlighted by Rosenberg and his colleagues (Gelijns 

and Rosenberg, 1995; Rosenberg, 1995) specifically related to the healthcare sector. Scholarly 

debate over the interaction of S&T began in 1963, when Toynbee used a dance partner metaphor 

to describe the pairing of S&T (Toynbee, 1963).  

It is crucial to understand that the dynamics of emerging technologies and innovation activities 

presupposes an understanding of S&T activities. Analysing the coevolution of science and 

technology is one method of technology opportunity analysis. In this regard, scientific knowledge 

and technological knowledge are recognised as the important sources of technological 

opportunities (Klevorick et al., 1995). An empirical study by Mansfield (Mansfield, 1991) 

utilising a survey approach in 76 large, US firms, estimated that 11% of industrial innovation and 

9% of the innovation process has been accomplished because of scientific research contributions. 

Moreover, a positive relationship between university research expenditure and local patenting 

activities (i.e. technological advances) was reported by Jaffe and Trajtenberg (Jaffe and 

Trajtenberg, 1996) 

The importance of monitoring the S&T relationship regarding economic growth and tracking 

technological opportunities necessitated the establishment of functional indicators and methods. 

The quantitative analysis of S&T advancement became an independent research field known as 

scientometrics, where scientific papers and patent literature are considered the major sources of 

data (Glänzel and Schoepflin, 1994). The primary assumption behind analysing this data is that 

innovation processes may leave discernible patterns leading to technical emergences.  

2.6 Measuring the science and technology relationship 

Several analytical approaches have been developed to measure the dynamics of S&T. The 

development of approaches for measuring scientific output dates to 1926, when Lotka (Lotka, 

1926) examined the scientific productivity of chemistry and physics researchers. In 1949, Zipf’s 

law, with its insight into word frequency versus rank frequency in natural language, provided a 

statistical basis for quantitative textual analysis. In 1965, the work of Derek de Solla Price (Price, 

1965) laid a strong foundation for the quantitative study of S&T using citation patterns. The 

invention of the Science Citation Index (SCI) by Eugene Garfield in 1965 was a turning point in 

the history of measuring science.  
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The empirical methods and indicators for studying science and technology are rooted in the field 

of scientometrics. The purpose of scientometrics is to inform researchers about the development 

of science and technology, and the effect of those developments on societal and policy questions 

(van Raan, 1997). The scientometrics field is interdisciplinary in nature, involving methods from 

the natural, societal and behavioural sciences (van Raan, 1997). These methods include statistics 

and other mathematical methods, sociological network models, psychological survey and 

interview methods and computer science and related fields (van Raan, 1997). Anthony van Raan, 

the pioneer scholar in scientometrics and the founder of the Centre for Science and Technology 

Studies (CWTS) at Leiden University, Netherlands, identifies the core interests of scientometrics 

research as four interrelated research areas: developing methods and techniques for the design, 

construction, and application of quantitative indicators related to important aspects of science and 

technology; developing information systems related to science and technology; studying the 

interaction between science and technology; and studying the cognitive and socio-organisational 

structures of scientific fields and developmental processes in relation to societal factors (van 

Raan, 1997). 

Given that the investigation of S&T interaction is at the core of scientometric objectives, several 

quantitative approaches have been introduced to study different aspects of S&T dynamics. 

Obtaining knowledge about S&T dynamics is strongly related to utilising bibliometric methods. 

A number of bibliometric measures have been introduced by (Porter and Detampel, 1995; 

Schmoch, 1993, 1997), such as basic trend analysis, which involves counting patents or 

publications. Monitoring and observing patent and publication trends can be used to examine the 

co-evolution of science and technology. “The comparison of time series for longer observation 

periods supports the understanding of the interaction between industrial and academic research 

and thereby the process of technology generation” (Schmoch, 1997). 

Other bibliometric approaches for studying the S&T relationship include patent citations to 

scientific literature (non-patent literature NPLs) (Narin et al., 1997; Narin and Noma, 1985), 

matching the names of authors and inventors (Noyons et al., 1994), citation network analysis 

(Shibata et al., 2011) and text mining (Magerman et al., 2010). The following sections will 

describe these methods in detail.  

2.6.1 Patents generated by academic institutions 

According to Schmoch (1997), for decades the quantitative description of the S&T relationship 

was based on indicators like the number of researchers (scientists), the research budget and 

expenditure volume and the number of publications and frequency of citations. Technology has 

been analysed with respect to the number of employed scientists, the production and trade of 

technological goods, and the number of patents and patent-related derived indicators. Thus, the 

relationships between these indicators were the only way to investigate the S&T relationship. 

(Schmoch, 1997) argues that research budget or project expenditure indicators are available only 

at the high aggregate level, so making it impossible to conduct a technology-level analysis. 

Consequently, authors (Schmoch, 1997) must solely rely on patents and publications to study the 

S&T relationship.  

The number of patent documents generated by an academic institution might indicate 

collaboration between the university and the relevant industry (Schmoch, 1997). The process of 

preparing a patent application, including registration and maintenance fees are associated with 

high costs, therefore the involvement of universities in patenting activity might imply their 
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interests in commercialization of their invention. The analysis of university patenting between the 

year 1965 and 1992 by (Henderson, Jaffe, and Trajtenberg, 1994)  used as a proxy to evaluate the 

collaboration between universities and industry in US. A similar approach was used by (Schmoch 

and Koschatzky, 1996) in a study in Germany, which showed a close relationship between 

university and industry based on patents generated by university professors. Detecting university 

patents in US patent databases is an easier task compared with Germany or Switzerland 

(Schmoch, 1997) because, in the US, patents usually include the university’s name as the 

“applicant name”, while the names of the scientists involved are listed in the “inventor name” 

section. In Germany, however, the inventors (e.g. professors) maintain their intellectual property 

rights, meaning their names appear in the applicant section. Alternatively, they can sell their 

patents to firms. Data collection requires a list of university professors. Consequently, trend 

analyses using publications produced by universities are suitable for local- or national-level 

analysis.  

2.6.2 Patent citations to scientific literature and vice versa 

Like scientific publications, patent documents contain a list of references to previous patents and 

NPLs. References to patents provide evidence proving the novelty of the invention in the view of 

existing patents. NPLs are references to scientific literature (journal articles, conference 

proceedings, white papers, reviews, manuals, et cetera). NPLs can be assigned by inventors or 

patent examiners. The pioneering works of Narin and colleagues (Narin et al., 1997; Narin and 

Olivastro, 1992) introduced NPLs as a metric for studying the S&T relationship. NPLs have been 

used to show the intensity of the science used in technological fields (Narin et al., 1997). 

Alongside patents citing publications (NPLs), analysing the citations from papers to patents has 

also been proposed by (Glänzel and Meyer, 2003). The number of papers citing patents is quite 

low, however, this method is not prevalent.  

Since the introduction of NPLs by Narin and his colleagues, a plethora of studies and research 

programs have been introduced that examine patent citations to scientific literature. The early 

work of researchers from Leiden University (van Vianen, Moed, and van Raan, 1990) analysed 

US patents in the field of chemical technology and pharmaceuticals to examine the characteristics 

of NPLs. They found that, in cases with US patents belonging to Dutch inventors, over half of the 

NPLs were citations to journal articles, while the other citations were books and meeting memos. 

A research program initiated at the Fraunhofer Institute in Germany evaluated science-based 

innovation activities using the patent analysis approach (Grupp and Schmoch, 1992). Similar 

research projects have been done by (Tijssen, 2001) at the Centre for Science and Technology 

Studies (CWTS) at Leiden University; these illuminate different NPL patterns regarding domestic 

and foreign citation. This study by (Tijssen, 2001) highlighted that domestic citations were limited 

to self-citations of authors and investors, and that patents originated from R&D-intensive firms 

like Philips.  

Previous studies show that NPLs have a skewed distribution, with the majority of patent 

documents not containing any NPL citations (Verbeek et al., 2002a). Recent studies have utilised 

more advanced approaches for studying the links between patents and scholarly publications. In 

an attempt to merge patents and major publication data sources the study by (Winnink, Tijssen, 

and Raan, 2013)found that, out of 15000 scientific publications related to intron in the WOS 

between the years 1984 and 2012, only 175 are identified as scientific literature cited by intron-

related patents (1284 records) during the same period. This means that approximately 1% of the 
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relevant publications cited in the patents were found. From the patent side, only 84% of the intron-

related patents do not contain identified NPLs.  

In a recent review published by van Raan (Van Raan, 2017), the author stated that Leiden 

University has a relatively high number of NPLs compared with other institutes active in medical 

research. Because patent documents in biomedical research fields, compared with engineering 

fields, generally have a higher proportion of NPLs. However, according to van Raan, only 2.7% 

of Leiden’s total publications were cited by patents between 2005 and 2008. This is a relatively 

small ratio, especially considering that Leiden has a larger number of publications resulting from 

university-industry collaboration (Van Raan, 2017).  

The distribution of NPLs varies across different technological fields, geographical locations and 

patent offices. For example, pharmaceutical patents tend to cite more scientific literature (Meyer-

Krahmer and Schmoch, 1998) and electronics-related patents contain a higher share of NPLs 

compared with materials-related patents (Meyer, 2000b). Moreover, the nationality of inventors 

may impact their behaviour when citing scientific output. Narin et al. (Narin et al., 1997) 

identified a pattern that inventors named in USPTO patents cite publications produced by their 

own country four times more. Inventors gravitating toward nationally-produced scientific output 

limits the scope of information derived from science-technology linkage studies. The availability 

of NPLs is also affected by the patenting procedures adopted by different patent authorities around 

the world (Meyer, 2000a). For instance, in the EPO system, including NPLs depends on the 

applicant’s decision, while in the US patent system, applicants are obliged by law to list all prior 

art, including NPLs, or their patent application can be invalidated (Meyer, 2000a). Thus, the 

difference between patent offices at the micro-level might affect the interpretation of NPLs or 

patent citations at the macro-level (Meyer, 2000a). Patents in the USPTO have a longer list of 

references compared with EPO patents.  

The cognitive relationship between the underlying content of patents and NPLs is also under 

discussion. Scholars argue that not all scientific literature cited in patent documents should be 

considered sources of inspiration for technological initiatives. NPLs might not reveal the original 

sources of the ideas leading to an invention, but, according to (Meyer, 2000b), these citations 

show that the invention belongs in a research domain where scientists have published their 

research endeavours before. A recent study also shows that a significant number of NPLs are 

listed to reveal general background information, not necessarily because of the scientific origin 

of the material (Callaert, Pellens, and Van Looy, 2014). The results of the survey (Callaert et al., 

2014) subsequently conclude that patent citations of papers are not an accurate reflection of the 

scientific contribution to an invention. This is a validity issue which is central for studies that use 

NPL citation to evaluate or link science and technology.   

These characteristics of NPLs in patents provides an idea regarding the probability of a 

publication being cited in a patent. These characteristics enlighten researchers during the process 

of interpreting S&T linkage using NPLs. In summary, the distribution of NPLs hinges on the 

following factors: the different routines practiced by patent authorities, having national priorities 

when citing NPLs, the underlying cognitive relationship between patents and their embedded 

NPLs and the specifications of the relevant technical field.  

2.6.3 Author and inventor name matching 

Matching the names of publication authors with those of patent inventors is another significant 

approach for bridging S&T linkages. (Coward and Franklin, 1989) were among the initial authors 
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attempting to match patents and publications using the name matching method. Coward and 

Franklin (1989) explored the possibility of pairing 100,000 patents with 2,452 papers in the field 

of semiconductor research field; they identified 247 inventor-author matching names. In their case 

study, they argued that the name matching method performed better than linking documents based 

on NPLs. The author-inventor matching method has been practiced in other technological fields 

as well, such as laser medicine research (Noyons et al., 1994), nanotechnology (Meyer, 2006) and 

tissue engineering (Murray, 2002).  

The central problem with the name matching approach involves identifying valid names prior to 

the matching process. In large-scale studies, a lack of name harmonisation (unification) and 

accurate identification of persons named in the patent or publication databases are considered 

obstacles to implementing author-inventor matching (Van Raan, 2017). In many cases, the name 

metadata is incomplete in patent or publication data sources. Incorrect spellings, name initials or 

mistakes while entering the information into the databases cause these problems. The difficulty 

of matching Chinese or Korean names and name duplications are also burdensome challenges. 

Consequently, most of the studies implementing this approach are small-scale (i.e. a single 

country or institution) (Maraut and Martínez, 2014) and are suitable for author-inventor matching.  

Until recently, only two large-scale studies had utilised author-inventor matching (Van Raan, 

2017). The first was conducted by the mutual effort of CWTS-Fraunhofer regarding the 

development of nanoscience and nanotechnology in European countries (Noyons et al., 2003). 

The second study, conducted by (Boyack and Klavans, 2008), used a string matching approach 

that identified matching names from both patent and publication databases.  

Validating name matching methods also requires an institutional match. Here, the issue is that an 

individual can be affiliated with more than one institute, or several researchers can come from the 

institution. Contact information, such as email, physical addresses, institution names and firm 

names, are complementary data required for the validation process. Most scientific journals or 

data sources, however, only publish the contact information of the corresponding author. The 

incompleteness of contact information in patent data sources also hampers the validation process. 

Thus, most large-scale studies require a considerable amount of time and labour resources to 

collect the data relevant for validation. Consequently, the name matching approach takes an 

extremely narrow view of the interaction between science and technology.  

2.6.4 Topological clustering method 

The relationship between science and technology has been investigated using citation network 

analysis or topological clustering (Shibata, Kajikawa, and Sakata, 2010). This method begins with 

separately creating the citation networks among patents and papers, respectively. The network for 

each document type is then split into smaller clusters based on the intensity of the citations. The 

topic of each cluster is defined based on the screening of the documents’ titles or abstracts. Once 

the topics are determined by the relevant experts, the topics between the patent and publication 

clusters are compared. The conceptual model of this method is shown in Figure 2, where nodes 

indicate the patent or publication documents and the links represent the interaction between them.  
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One limitation of citation network analysis occurs when clusters with fewer interactions (i.e. 

citations) with other larger clusters within the network are eliminated. This means that patents or 

publications that have not yet been cited are disregarded. This limitation could affect the 

interpretation of the results when exploring the relationship between science and technology in 

relatively niche technological areas. An empirical research by (Fukuzawa and Ida, 2016) shows 

that it takes a certain amount of time for a scientific paper or published patent to gain impact. For 

instance, analysing citation linkage between scientific publications and patents showed that 

medical-related publications by leading authors reach a peak of citations after an average of four 

years; the lag is even longer for patents (six years).  

2.6.5 Lexical approach  

The lexical relationship between patents and papers examines the linkage based on topic sharing 

rather than dependence (Bassecoulard and Zitt, 2005). A lexical relationship provides information 

regarding the similarities between the context of patent and the relevant publication documents; 

these are more common than citation data. The lexical approach is able to retrieve larger sets of 

“citable” documents without  being limited to only cited ones (Bassecoulard and Zitt, 2005). Only 

a few studies have utilised this text analytics approach for linking the text of patents with 

publications (Bassecoulard and Zitt, 2005; Magerman, Looy, and Debackere, 2015; Magerman et 

al., 2010) 

One of the initial works operationalising the lexical linkage between patents and publications was 

published in 2005 in the latest Handbook of Science and Technology Indicators by Bassecoulard 

and Zitt (Bassecoulard and Zitt, 2005). Their work involved creating a correspondence table 

between patent classes (IPC) and scientific disciplines (science categories). Their data was a 

homogenously text written patent and publications from the American Chemical Society database. 

Keywords were extracted from both the titles and the author-assigned terms. The similarities 

between the documents were determined using the Jaccard similarity measure. Documents with 

at least three words in common were kept in the sample. The major limitation of this study was 

the authors’ reliance on the indexed, author-assigned keywords. These indexed labels were made 

by human experts, biased toward subjective judgment. The co-word analysis method is also 

criticised due to the impact of the “indexer effect” (Leydesdorff, 1997), which refers to constantly 

changing keywords and contexts but index labels that are not regularly updated. Unlike 

publications, patent documents rarely contain keywords in patent databases. Eliminating the 

examples containing fewer than three words in common is another limitation of this method.  

Figure 2. Citation network analysis method proposed by (Shibata et al. 2010) 
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A recent study evaluated the use of the lexical approach to link patents and publications 

(Magerman et al., 2010). The authors applied text analytics to draw linkages between the abstracts 

of the patent and the paper. Their results indicated that using the latent semantic indexing 

technique (which is s clustering algorithm) is a valuable approach for detecting content 

similarities between patent-paper pairs, though it might not yield accurate outcomes in small 

datasets. Another study led by same author (Magerman et al., 2015) incorporates semantic text 

analysis with patents’ forward citations for detecting patent-paper pairs in biotechnology. The 

results showed that scholars involved in both scientific publishing and technological patenting 

have a larger scientific impact than their peers whose activities are restricted to scientific 

publishing. 
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3. RESEARCH METHODOLOGY 

This chapter details the research processes utilised in this dissertation, followed by details regarding 

the data collection and data analysis approaches.  

3.1 Research philosophy 

A research philosophy refers to a series of assumptions about the development of knowledge. Kuhn 

describes the research philosophies as paradigms, which are “a set of common beliefs and agreements 

shared between scientists about how problems should be understood and addressed” (Kuhn, 1970). 

The major paradigms in management research are positivism, critical realism, interpretivism, post-

modernism and pragmatism (Saunders, Lewis, and Thornhill, 2016). However, it is worth mentioning 

that there is no consensus over a single best philosophy among business and management scholars 

(Knudsen and Tsoukas, 2005). Scholars continue to debate paradigms (Deetz, 2009; Hassard and 

Kelemen, 2002). Recent discussions of the so-called paradigm wars (Shepherd and Challenger, 2013) 

imply there is disagreement over the Kuhnian notion of the incommensurability of paradigms, 

believing that emphasising the differences between paradigms leads to isolation. Although paradigm 

incommensurability delineates the field’s diversity in management research, the author agrees with 

contemporary scholars (Deetz, 2009; Hassard and Kelemen, 2002) that emphasise how particular 

paradigms restrict boundaries and limit the communication between scientific communities.  

From a philosophical point of view, this dissertation followed the pragmatism  approach, which 

recognises “… that there are many different ways of interpreting the world and undertaking research, 

that no single point of view can ever give the entire picture and that there may be multiple realities” 

(Saunders et al., 2016). For a pragmatism researcher, a research project starts with a research problem 

and further the author tends to contribute practical solutions that inform future practices. In another 

word within pragmatism philosophy, the main determinant of the research design and research strategy 

is the research problem that the author aims to address (Saunders et al., 2016). Pragmatism combined 

two extremely exclusive paradigms of positivism and interpretivism. Positivism accommodate 

quantitative research approaches, while interpretivism relies on qualitative research methods. Within 

pragmatism research philosophy researchers can integrate more than a single research strategy in one 

study. In this dissertation the author’s role was limited to data collection and interpretation, and the 

use of statistical methods. All of the appended publications depend on quantifiable observations and 

codified knowledge stored in patent and publication database. To validate the generated results, the 

author also utilised the qualitative approach of involving experts to learn about their interpretations of 

the material (e.g. Publications I, II, IV and V).  

This work seeks to understand how technological emergence can be traced using current data sources 

and how to quantify the dynamics of science and technology from an ontological perspective using the 

capabilities developed in machine learning. Ontology deals with different methods of constructing 

reality, which asks questions regarding “how things really are” and “how things really work” (Denzin 

and Lincoln, 1998). The author believes analysing complex patterns in the data would enable 

researchers to trace technology development. The author’s publications seek methods for tracing 

emerging technologies. The author does not question epistemological questions regarding whether 

certain observations approve or disprove a theory. In the context of science and technology indicators, 

“there is no final theory of science providing the methodology of measurement” and in fact “we are 

not troubled because of the absence of an explicit theory” (van Raan, 1997), page 21). According to 

van Raan, “we cannot develop a sound theoretical model of scientology of knowledge yet” as more 

empirical work need to be conducted for better quantitative understanding of the process science 
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progress (van Raan, 2004), page 21). More empirical works must be conducted using the available 

data sources to develop a better understanding of science, technology and innovation dynamics. 

Perhaps the low level of scholars attention in form of citation to the methodological articles in 

Scientometrics (Martin, 2012), can be related to the absence of a guideline or a theory for measuring 

STI.  

3.2 Research approach 

To accommodate the pragmatism ontology, the author has employed a mixed method research design. 

The research begins with an analysis of published secondary data, followed by employing qualitative 

and quantitative research approaches to explore the different interpretations of results. . There are 

several variations of mixed method approaches (Clark and Creswell, 2011; Saunders et al., 2016). The 

approach utilised by this study is the sequential multi-phase approach (Figure 3). The appended 

publications mentioned in this dissertation began with qualitative methods (literature review, screening 

and keyword collection to build the query), followed by a quantitative phase (machine learning and 

text analysis, statistics, and expert interviews) and a second round of qualitative methods (experts 

screening the results) for the purpose of validation or quantitative methods (applying metrics to 

measure the accuracy of clustering.)  

 

 

 

 

 

Figure 3. Sequential multi-phase research design adopted from (Saunders et al. 2016) 

 

From research design perspective, this work falls into evaluative research format. According to 

(Saunders et al., 2016) the mission in evaluative research is to investigate how well something works. 

In this type of research, the research questions are likely to begin with ‘How’ or include ‘What’ in 

form of ‘to what extent’. This research was designed to fulfil the evaluative purpose concerning how 

well machine learning approaches can be utilised to address analytical data challenges in the context 

of STI quantitative approaches. Using different case studies and technological domains, this study’s 

research questions seek to evaluate the usefulness of text analytics methodologies for tracing emerging 

technologies, the relationship between science and technology and any potential applications of 

emerging technologies based on STI data sources.  

The research strategy of this dissertation includes several case studies. Business and management 

research utilises several methods of conducting case studies. For instance, Yin (Yin, 2014) divided 

case study approaches into four dimensions: single case, multiple cases, holistic or embedded case. A 

single case study approach involves exploring a critical, extreme or unique situation that provides 

special conditions for observing a phenomenon. Several case studies examined in this study involve 

different areas of emerging technologies, allowing the author to evaluate the performance of proposed 

methodologies (e.g. low emission vehicle technologies in Publication II, fuel cell technology in 

Publication I, Taxol medicine in the pharmaceutical industry in Publication III and triboelectric 

nanogenerators in Publication V).  
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3.3 Overview of the data sources and methods utilised in publications 

This section contains descriptions of the data sources and methodological approaches used in the 

publications appended to this dissertation (Table 1). Detailed descriptions and background literature 

are provided for both the quantitative and qualitative approaches discussed in sections 3.3.2 and 3.3.3.  

A methodological description also refers to which methods were applied in each of the five 

publications.  

3.3.1 Data sources  

This study utilised several data sources (presented in Table 1). To retrieve information about 

technological developments, patent data was collected from the PATSTAT database, the Derwent7 

Innovation Index (DII), the EuropePMC API and Relecura, which is a commercialised data source. 

For retrieving and analysing the scientific literature, this study primarily relied on the Core Collection 

database provided by Thomson Reuters’ Web of Science (WOS).  

PATSTAT contains raw patent data information extracted from patent documents stored in the EPO8’s 

master bibliographic database, called EPO worldwide bibliographic database (DOCDB). This database 

covers information from more than 90 patent authorities worldwide. Before 2016, PATSTAT used to 

be distributed on DVDs. The author can access PATSTA from the Lappeenranta University of 

Technology, as it has been installed locally. Retrieving patent data from the PATSTAT database 

requires some knowledge of database languages, such as SQL9. PATSTAT provides information about 

patent applications, publications, the names of applicants or inventors, citation information, patent 

families, technological categories and priority dates.  

PATSTAT has several drawbacks. A significant issue is that the applicant and inventor names are not 

harmonised in PATSTAT (Kang and Tarasconi, 2016). This was a significant challenge for completing 

the tasks in Publication II, where the reviewers asked for detailed descriptive statistics of the inventors 

and companies involved in the dataset. Problematically, industrial or individual entities can appear in 

many formats or as different names. (Kang and Tarasconi, 2016) give the following example: Toyota 

Motor Corporation appears as “Toyota Motor Corporation,” “Toyota Motor Co,” “Toyota Jidosha 

Kabushiki Kaisha” (“Jidosha” and “Kabushiki Kaisha” mean a car and a corporation in Japanese, 

respectively), “Toyota Jidosha K. K.,” and so on. Similarly, “Yılmaz” and “Şahin,” which are Turkish 

common names, become “Yilmaz” or “Sahin” in the US patent office due to different character sets 

for documents written in English.  

Entities with numerous appearances increase the difficulty for users trying to find and analyse all 

relevant patent data. To complete the task in Publication II, the list of companies was searched for 

manually by using and modifying google search engines. Another significant issue with patent 

databases involves the technological classification codes, as explained in section 2.4.2.  

The Derwent Innovation Index (DII) is another source for patent data provided by Thompson 

Reuter’s database collection. It is accessible via the author’s university. This study used DII in 

Publication IV and Publication V. DII was used Publication IV because the data structure of patents is 

similar to that of scientific literature. The similarities between the tag fields and the data organisation 

made patent and publication data a comparable pair to create CPPAT to compare and visualise the 

scientific and patent landscapes. The unique structure of the patent abstracts created and maintained in 

                                                 
7 Worldwide Patent Statistical Database (PATSTAT).  
8 European Patent Office. 
9 Structured Query Language. 
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DII made this database useful for implementing the second phase of the analysis in Publication V. 

Patent abstracts are re-written and divided to sub-sections in DII to facilitate prior art searches. The 

abstract subsections are detailed description, activity, use, advantage, drawing and novelty. The use of 

subsections highlights the section of the patent abstract relevant to possible applications or usage of 

the invention. In Publication V, the “use subsection” is retried from patent abstracts in DII and 

underwent text analytics process to reveal the technological application. However, a disadvantage of 

using DII or ISI is the limitations regarding downloading data on a large scale, as there is a limit of 

500 records per download. Consequently, it takes time and effort for users to download the data and 

merge the records.  

To conduct the quantitative analysis in Publication III, the authors used the EuropePMC10 database. 

This database contains articles from the life sciences, as well as patents and clinical guidelines, which 

collectively provided a corpus of roughly 31.9 million records. Using a Python programming language 

script created by the authors, the database was accessed and text-mined using an Application 

Programming Interface (API). The API was used to search for documents with the terms “Taxol” 

(Taxol’s commercial name) or “paclitaxel” (Taxol’s chemical name). The API was then used to 

retrieve the metadata foreach document, such as the authors, inventors, publication year and abstract. 

One of the advantages of using EuropePMC API compared with DII or IST is that users can search, 

select and download both patent and publication data in a single query without any record limitations.  

Relecura 11 is a commercialised data source that was used in Publication V. The author’s co-authors 

at the Georgia Institute of Technology had access to Relecura. It was used to collect patent transaction 

data, which clarified the exchange of patent licences between industrial entities. Analysing the 

transaction data of sensor patents provided information regarding the industries and most 

traded/reassigned patents involved.  

The Web of Science (WOS) Core Collection was the source for scientific publications utilised in this 

research. Relevant scientific publications on the quantitative study of STI were retrieved for the 

literature review in Publication I. One of WOS’ advantages compared to other databases is its coverage. 

WOS contains records dating to 1900, making it a valuable data source for any prior art search. 

Moreover, all journals and books covered by WOS are classified under a subject category created 

within the database. The WOS subject categories allow users to narrow down the results of their search 

query and remove all irrelevant documents. In Publication I, the search query was limited to the 

following subject categories (as practiced in previous literature reviews, i.e. (Martin et al., 2012): 

business, management, economics, multidisciplinary science, social science interdisciplinary, 

operation research management science, information science, library science and computer science 

multidisciplinary application. This limitation allowed the authors to retrieve the documents relevant to 

the field of STI. The WOS was also used by scholars from the Georgia Institute of Technology in 

Publication V as a starting point for projecting the future industrial applications of triboelectric 

nanogenerators as a newly introduced technology (Fan, Tian, and Lin Wang, 2012). 

 

 

 

  

                                                 
10 https://europepmc.org/ 
11 https://relecura.com/ 
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Table 1 Publications overview in terms of utilized data source and methods 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

                                                 
15 https://www.thevantagepoint.com/ 
16 Natural Language Toolkit (NLTK) python library available at: https://www.nltk.org/ 
17 https://rapidminer.com/ 

 
 

Publication I Publication II Publication III Publication IV Publication V 

Data sources ₋ ISI Web of 

Science (WOS) 

₋ PATSTAT 

PATSTAT EuropePMC API ₋ ISI Web of science 

(WOS) 

₋ Derwent Innovation 

Index (DII) 

₋ ISI Web of 

Science (WOS) 

₋ Derwent 

Innovation Index 

(DII) 

₋ Relecura  

Quantitative 

method 

₋ Pearson 

correlation 

₋ Text 

mining/processing 

₋ Support vector 

machine  

₋ Latent Dirichlet 

allocation 

algorithm 

₋ Text 

mining/processing 

₋ Support vector 

machine classifier 

₋ Growth curve 

(Fisher-Pry 

function) 

₋ Text 

mining/processing 

₋ Latent Dirichlet 

allocation 

algorithm 

₋ Network analysis 

₋ Bibliometric 

analysis 

₋ Text 

mining/processing 

₋ Bibliometric 

analysis 

₋ Text 

mining/processing 

₋ Latent Dirichlet 

allocation 

algorithm 

₋ Factor analysis 

Qualitative 

methods 

₋ Systematic 

literature review 

₋ Expert opinion 

Expert opinion Expert opinion - Expert opinion 

Case study ₋ Fuel cell electric 

vehicle  

₋ Fuel cell as a 

generic 

technology 

₋ Electric vehicle 

₋ Hydrogen vehicle  

Taxol drug Online gaming  Triboelectric 
nanogenerators 

(TENG) 

Analysis 

level 

Technology level Technology level Technology level  Technology level 

Tools/ 

software 
₋ VantagePoint

15
 

₋ Python libraries: 

Scikit-learn 

₋ Gensim, NLTK 
16

 

₋ Gephi 

visualisation 

software 

₋ RapidMiner
17

 

software (text 

processing 

extension), Matlab 

₋ Python libraries:  

Gensim, NLTK  

₋ Gephi visualisation 

software 

 

R libraries  ₋ VantagePoint 

₋ R libraries: TM, 

LDA, LDAvis 
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3.3.2 Quantitative approaches 

The quantitative approaches utilised in this study are based on a series of processes including 

bibliometric analysis, keyword correlation analysis, growth curve extrapolation, natural language 

process (NPL), text mining or text processing and machine learning techniques to address the research 

challenges in the appended publications. Network analysis was used to visualise and interpret the 

results.  

I. Bibliometric analysis 

The bibliometric approach is a practical analytical tool for monitoring technology development (Coates 

et al., 2001) and scientific research. The origin of the bibliometric approach is the famous works of 

measuring scientific activities by Price (Price, 1965). The creation of Science Citation Index (SCI), 

which is now owned by Clarivate Analytic, was the first bibliometric analysis product, was created by 

Eugen Garfield in 1964 and it boosted research field development. The bibliometric analysis spectrum 

consists of methods such as publication patterns analysis, bibliographic coupling and citation analysis. 

This study used publication pattern analysis to conduct the literature review in Publication I. The 

analysis results show the publication’s types, proportion of publications per year and the corresponding 

top journals. In addition, the author-assigned keyword used for evaluating the field-specific topics. The 

keyword co-occurrences were identified based on the Pearson correlation in the VantagePoint 

software. The results presented two clusters of keywords: the first cluster represented text mining and 

machine learning methods and concepts, while the second cluster described the STI subfields and 

scientometrics tools. The relationship between the clusters illuminated the STI research areas that take 

advantage of text mining techniques. The sample literature was also filtered based on other 

bibliometric features, such as the types of publications (journal, conference proceedings, books, and 

editorial reviews) and the publication data and publisher names (e.g. name of journals and 

proceedings).  

 

II. Growth curve 

In Publication II, an s-shaped growth curve approach was used to compare the technological lifecycle 

of two low-emission vehicle technologies. The historical patent data (from 1990 through 2010) was 

modelled using the Fisher-Pry function. It is assumed the number of patent applications follows an s-

shaped curve over time. The curve starts with a low level of patenting activities, which is followed by 

an exponential growth, before the curve reaches a saturation level. A saturation level implies that the 

patenting activity might shift toward a new technology or an existing competing technology.  

Extrapolating patent documents on growth curves links the patenting activity with technology lifecycle 

analysis. However, the growth model must be interpreted with caution due to the subjective estimation 

of L as the upper boundary (Suominen and Seppänen, 2014). In the following year, new patent data 

might change the extrapolation results. The yearly updates of the data and the model might provide 

insights regarding patenting activities. Patent data in Publication II was modelled using Fisher-Pry 

function. The Fisher-Pry function formula is presented below, where y(t) is the rate of technological 

change (patenting proportion based on application numbers) per year; t, L is the upper bound range 

from zero to L and the calculation of a and b coefficients was conducted using the least square method 

in Matlab.  

𝑦 (𝑡) =
L 

1+a𝑒−𝑏𝑡                                                            (3.1) 
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III. Text mining and text pre-processing 

Text pre-processing and text mining have been used in all five publications. The major goal of text 

processing is converting the textual part of documents (patent and publication abstracts) to numbers 

so the data is readable for further statistical analysis. The core functionality of the text mining approach 

lies in the identification of concept co-occurrence patterns across document collections (Feldman and 

Sanger, 2006). In practice, text mining utilises algorithmic approaches to identify distributions, 

frequency sets and associations of concepts at an inter-document level, illustrating the structure and 

relationships of the concepts as reflected in the corpus (Feldman and Sanger, 2006). The main goal of 

text mining is to derive implicit knowledge from textual information by applying an array of methods 

from statistics, natural language processing and machine learning. 

Text mining algorithms require a mathematical representation of text documents; thus, a wide range 

of text extraction and transformation approaches are available (i.e. in the text-pre-processing phase). 

The first step of text pre-processing is feature extraction. The process starts with tokenisation, which 

reduces sentences to words (tokens) and removes punctuation. Then, during the stop-words removal 

phase, words that carry no semantic meaning, like “a”, “the” and “and”, are eliminated. Following this, 

stemming, a linguistic normalisation technique by which a token is reduced to its root (stem) by 

removal of derivational suffixes, is employed. For instance, all variations of the verb “starting, started, 

starts” are converted to “start”. In some cases, the final appearance of a word might not be recognised 

by the user or the text analytics algorithm. For example, the root of “battery, batteries” will be “batter” 

which is difficult to understand. As a remedy, the more sophisticated method of lemmatisation can be 

used to convert the words of a sentence to their dictionary base. Lemmatisation would return “batter” 

to a common form. N-gram is another common method that analyses words at a single word (unigram) 

or phrase level.  

Feature selection is the second phase in text processing. During this process, documents are represented 

based on a fixed informative subset of terms by removing redundant information. The Vector Space 

Model (VSM) (Salton, Wong, and Yang, 1975), which is grounded on the Singular Value 

Decomposition (SVD) method, is a document representation approach. The VSM model represents 

documents as weighted, high-dimensional vectors, where the dimensions pertain to individual features 

like words or phrases. In Publication I and Publication II, when the patent abstracts were pre-processed, 

the corpus was represented as document-term matrix (DTM), which is a most common VSM 

representation format. 

DTM structure is shown below, where 𝑤𝑗,𝑖the word count frequency is related to i’th word in j’th 

document: 

 

DTM = 𝑑𝑗  (

𝑤1,1 ⋯ 𝑤1,𝑖

⋮ ⋱ ⋮
𝑤𝑗,1 ⋯ 𝑤𝑗,𝑖

)                                                (3.2) 

 

To select the most relevant feature (words or phrases), the DTM matrix is modified using weighing 

schemes. TF–IDF (term frequency–inverse document frequency) measures are widely used to 

normalise word frequency across the corpus (Boyack et al., 2011; Nallapati, McFarland, and Manning, 

2011; Zhang, Yoshida, and Tang, 2011). The assumption is that terms occurring in too many 

documents are not valuable discriminators and should be given less weight than those terms that rarely 

appear in the document collection.  
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In Publication I (in the first case study) and Publication II, TF–IDF was used as a weighing scheme to 

assign weights to the keywords extracted from the patent abstracts. The TF–IDF matrix containing the 

most important features (terms) of the patent abstracts was used as an input during the document 

classification phase. The aim was to organise patents into similar classes if they shared similar features 

on a specific probability threshold. In Publication III, the TF–IDF method was applied to both the 

patent and scientific publication output to extract the most important keywords for comparison. The 

TF–IDF formula is below:  

 

𝑤𝑖,𝑗 = 𝑡𝑓𝑖,𝑗 × log (
𝑛

𝑑𝑓𝑖,𝑗
)                                                            (3.3) 

 

In the TF–IDF formula, 𝑤𝑖,𝑗 is the word i’th in document j’th, n is the total number of documents in 

the sample collection, 𝑡𝑓𝑖,𝑗 is the frequency value of the word i in document j, and 𝑑𝑓𝑖,𝑗 is the document 

frequency value of word i in the sample collection. RapidMiner software and the NLTK Python library 

were utilised to implement text pre-processing (Table 1). 

IV. Machine learning approaches 

This study utilised machine learning approaches to: 

• classify patent documents relevant to low emission vehicle technologies (Publication I, case 

study 1 and Publication II) 

• cluster scientific publications related to fuel cells, i.e. science mapping (Publication I, case 

study 2)  

• cluster patent and publications related to Taxol medicine based on their topical similarity 

(Publication III) 

• detect the underlying topics and subtopics of scientific publications related to triboelectric 

nanogenerators (Publication IV) 

Document categorisation using the machine learning approach falls into two primary tasks: supervised 

and unsupervised machine learning. In the machine learning literature, the supervised machine learning 

refers to the categorisation of documents in a supervised manner based on a set of predefined patterns, 

called the training dataset. In the case of the automatic classification of patents related to low emission 

vehicles (Publications I and II), the training set was prepared based on a set of patent documents that 

the authors were certain were relevant. The SVM classifier was utilised to learn from the pattern of the 

training set and was later used to classify an unknown set of patents. RapidMiner software and the 

Scikit-learn Python package were used to implement the SVM classification in this study (Table 1).  

Unsupervised machine learning classification methods categorise documents based on their similarity 

without a priori knowledge from training data. This study utilised the latent Dirichlet allocation (LDA) 

algorithm to map and detect the topical overlap between patents and publications.  

Supervised classifier: Support vector machine (SVM); SVM is a powerful approach, developed by 

(Cortes and Vapnik, 1995), for classifying high-dimensional data. Documents with text are considered 

high-dimensional data since they contain numerous features (words). SVM is an unsupervised machine 

learning method that conducts classification tasks by determining a hyperplane in a high-dimensional 

data space. The underlying idea of SVM functionality is to detect a unique discrimination profile 

between the sample input data. SVM was initially designed for binary classification problems, not to 

solve multi-classification problems. SVM capabilities are limited to “One-Against-All” and “One-
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Against-One” separation tasks (Platt, Cristianini, and Shawe-Taylor, 1999). The outcome of SVM is a 

line (hyperplane) which is created with a distance from the two samples as far as possible. By 

increasing the distance margin, SVM tends to minimise the risk of false classification and, 

consequently, bad decision-making.  

As a binary classifier, SVM answers yes or no questions. In the case of the automatic patent 

classification system used in Publications I and II, the goal was to decide if a given patent document 

was relevant to a certain technology domain. Prior to SVM classification, the patent data were 

converted to vectors of numbers (i.e. the vector space model). Then, the dataset was separated into 

labelled (training set) and unknown (test set). The training set was a labelled pair denoted with (𝑥𝑖 , 𝑦𝑖), 

where i = 1… l, 𝑥𝑖 ∈ 𝑅𝑛 and 𝑦𝑖 ∈  {1, −1}. During automatic classification, i represents the patent 

documents, 𝑥𝑖 are the keyword vectors (i.e. the TF–IDF score vectors assigned to each term) and  𝑦𝑖 ∈
 {1, −1} is the relevancy decision for each patent document, showing how it falls into to one of the 

classes. The mathematical representation of the method is provided below (Hsu, Chang, and Lin, 

2003), as an optimisation problem SVM needed to solve: 

 

min𝑤,𝑏,𝜀        
1

2
 𝑤𝑡𝑤 + 𝐶 ∑ 𝜀𝑖

𝑙

𝑖=1

 

                   Subject to     𝑦𝑖(𝑤𝑇 ∅(𝑋𝑖) + 𝑏) ≥ 1 −  𝜀𝑖 

 

                                                     𝜀𝑖 ≥ 0                                                          (3.4) 

 

In the equation above, W denotes the vector between the hyperplane and the parallel lines defined by 

the training data (support vector). ∅ is the kernel function, which formulates the type of mapping 

distances in the space (depending on the data, the kernel function can be set to linear, polynomial, 

radial basis function or sigmoid). The C parameter shows the error term.  

This study used RapidMiner software and the Scikit-learn Python library for implementing SVM 

classification. Both platforms allow users to fine-tune the parameters. Details about the procedure and 

scripts are provided in Publication I.  

Unsupervised classifier: latent Dirichlet allocation (LDA): LDA is a topic modelling technique that 

detects latent patterns in a text. LDA has been used to address different research problems in 

scientometrics and innovation management; for instance, topic modelling has been utilised for 

measuring time intervals between multiple STI resources (patents, papers and web articles) (Jeong and 

Song, 2014), developing knowledge organisation systems (Hu, Fang, and Liang, 2014), assessing the 

relationships between research and teaching (Lee et al., 2014) and distinguishing novelty from the 

usefulness of inventions (Kaplan and Vakili, 2013). 

For topic modelling, or from the wider perspective of the information retrieval field, the probabilistic 

latent semantic indexing (PLSI) method was initially proposed (Hofmann, 1999). Even though PLSI 

provides a valuable contribution to the document clustering field, it lacks a probabilistic model at the 

document level because documents in PLSI are represented as lists of numbers without any generative 

probabilistic modelling. LDA, proposed by Blei and his colleagues in 2003 (Blei et al., 2003), 

overcomes the limitations of PLSI and provides probabilistic models for both documents and words. 

LDA outperforms other methods in the information retrieval area (Wei and Croft, 2006). LDA is a 
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predictive model that draws latent topics from textual data. In LDA, documents are represented as a 

random mixture of latent topics and each topic is based on a distribution of words. Blei and Lafferty 

(Blei and Lafferty, 2007) highlighted that LDA “…can extract surprisingly interpretable and useful 

structure without any explicit ‘understanding’ of the language by computer”.  

LDA is a three-layered Bayesian model and a soft partitioning algorithm. The soft partitioning feature 

allows researchers to assign documents to more than one cluster (topic) with different probability 

distribution levels. Thus, when utilising patent or paper clustering with LDA, documents might share 

a similar set of topics with different proportions to each corresponding topic. The graphical 

representation of the LDA model is presented in Figure 4, followed by the LDA mathematical equation 

and an explanation of the notations.  

  

 

 

 

 

 

 

 

  

p(D|α, β) = ∏  ∫ 𝑝(θ𝑑  |α)𝑀
𝑑=1  (∏ ∑

𝑁𝑑
𝑛=1  p(𝑍𝑑𝑛 | θ𝑑)p(𝑊𝑑𝑛 |𝑍𝑑𝑛, β)) 𝑑θ𝑑              (3.5) 

• K is the number of topics θ 

• N is the number of words in the documents, denoted by w (d,n) which is the n-th word in the 

d-th document 

• M in the number of documents in the collection 

• α is the Dirichlet-prior concentration parameter of the per-document topic distribution 

• β is the same parameter of the per-topic word distribution 

• Φ(k) is the word distribution for topic k  

• Θ(d) is the topic distribution for documents d  

• Z(d,n) is the topic assignment for w(d,n) 

• Φ and Θ are Dirichlet distributions, z and w are multinomials 

For the topic modelling task, the authors were interested in calculating the topic distribution for each 

document (α) and the word distribution of each topic (β). In other words, two important outputs of 

topic modelling are the document-topic distribution matrix and the word-topic distribution matrix. The 

former shows how different documents within the sample share similar features (topics) and the later 

informs shows the content of each topic based on the highest-probability keywords. The optimisation 

of α and β requires inference methods. The two major inference approaches are Gibbs sampling 

(Griffiths and Steyvers, 2004) and variational expectation-maximization (EM) algorithm (Blei et al., 

2003). This study uses Gibbs sampling, as it is embedded in the Genism Python library used for 

implementation in this study (Publications I, III and V).  

Estimating the number of topics must be performed by the user. This is a limitation of an automatic 

unsupervised classifier. There is currently no consensus on the most practical method for assigning the 

Figure 4. Graphical illustration of LDA model 

adopted from (Blei et al. 2003) 
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number of topics. (Chang et al., 2009) argued that the trial-and-error method of testing a different 

number of topics with given input data produces results that are the most convenient for human 

interpretation. However, a number of other mathematical approaches have also been proposed, such 

as using Kullback–Leibler (K-L) divergence to estimate the input (Arun et al., 2010). 

This study controlled the limitation of estimating the number of topics by using quantitative (the K–L 

divergence metric) and qualitative approaches. In Publication I (case study 2), the number of topics 

was defined using the K–L divergence function. In practice, the K–L divergence metric compares the 

distance between the probability distributions of two matrices generated by LDA (i.e. document-topic 

and word-topic). The trial-and-error qualitative approach and word-cloud visualisation used in 

Publications III and IV were used to estimate the number of topics. Trial-and-error means that the LDA 

model was generated with different values of K in a repetitive process and the results were compared 

with each other. The word-cloud visualisation was created using the word-topic matrix. This 

visualisation shows the important keywords represented in each topic and was utilised as a tool to 

communicate with experts in the relevant technological fields. The word-clouds provide insights about 

how topics are distinguished conceptually from each other. Topics are a collection of terms. Each term 

has a specific weight within the topic. Some terms are more dominantly represented in the topics than 

others. In practice, the most dominant words appear larger in the word-cloud visualisation, allowing 

the experts to identify the contents of each topic.  

3.3.3 Qualitative approaches 

This dissertation utilised two qualitative approaches: expert opinions and a systematic literature 

review. Expert opinions have been used to complement the quantitative methods. For example, 

preparing the patent training sets for Publication I involved five researchers from the Lappeenranta 

University of Technology annotating the patents based on their topic relevancy. Validating the 

automatic patent classification results by SVM required manual patent screening. In Publication I, the 

author was responsible for reading the abstracts and titles of approximately 4,970 patent documents 

and annotating their relevancy to fuel cell electric vehicles.  

The results of the topic analyses in Publications I, II, III and V were evaluated by expert co-authors 

active in the research fields of fuel cells, Taxol medicine and triboelectric nanogenerators.  

Part of the systematic literature review in Publication I was done qualitatively. The author was 

responsible for reading 154 selected papers and extracting the required information for the literature 

review (including the research objective, the applied methods, the data utilised, and any major research 

contributions). 
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4. SUMMARY OF THE PUBLICATIONS 

This chapter provides an overview of the five papers appended to this dissertation. The aim is to 

discuss the major objectives and contributions of each publication.  

4.1 Publication I 

Title: Application of text-analytics in the quantitative study of science and technology  

The first publication (Ranaei et al., 2018) provides the state of the art  regarding the exploitation 

of text-analytics-based methods for addressing STI research objectives. The paper includes two 

key contributions: a systematic literature review to assess if the adopted text-mining approaches 

have increased the overall understanding about STI sub-categories of research and the accuracy 

of a text-mining-based method by looking at two case studies in patent classification and science 

mapping.  

The systematic literature review involves 154 articles from 18 different journals within the area 

of STI that utilised text mining methods as either an independent research tool or as a 

complementary approach to the existing scientometrics methods. The review shows that the 

number of published scientific articles applying text-mining techniques within the STI field is 

growing gradually. The absence of a unified methodological framework may partially explain 

why quantitative methods are not yet visible within the corresponding scientific communities. 

The auto-correlation analysis of author-assigned keywords reveals two distinct clusters. The first 

cluster explains the underlying theoretical topics within quantitative STI. The second cluster 

shows specific terminologies that reflect methodological approaches. The relationship between 

the clusters sheds light on STI research areas that take advantage of text-mining techniques. These 

quantitative STI research areas are then divided into research tools and research objectives. 

Research tools involve patent mapping, science mapping and measuring interdisciplinarity, 

science and technology interaction and literature-based discovery. The research objectives class 

comprises sub-topics like research evaluation, technology transfer, technology opportunity 

analysis and technology forecasting. Technology forecasting is an umbrella term for a series of 

research approaches, such as technology assessment, technology monitoring, technology road 

mapping and foresight.  

The data sources analyses utilised by the papers indicates a shift from conventional STI data 

sources (patent and publications) to more novel sources (e.g. social media, news streams, research 

projects or proposals, policy documents, lecture notes). Still, over two-thirds of the studies relied 

on patents and publications, but the growing availability electronically formatted data provides 

new opportunities for social scientists to support their studies. For instance, one study used non-

conventional data sources, such as content analysis of National Science Foundation (NSF) 

proposals, to measure research interdisciplinarity. Applying sentiment analysis on the textual 

information available on social media facilitates research evaluation or impact analysis. Other 

data sources utilised included lecture notes, policy documents, news articles and research projects 

and proposals.  

This literature review reveals the advantages context-based text analytics methods and predictive 

models have not fully captured in STI research yet. Detailed analysis of the appended publications 

shows a wide variety of advanced machine learning algorithms related to analysis of textual part 

of STI documents. A gradual shift can be seen from count-based models (e.g. conventional 

principle component analysis) to context-based models (e.g advanced machine learning and 
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probabilistic models) evidenced by few papers in the sample that used context-based methods. 

However, still the dominant methodological approaches fall into the count-based method 

category. Context-based models have shown better performance in the natural language 

processing setting to address the research challenges such as text ambiguity, redundancy and the 

absence of semantic relationships.  

The two case studies at the end of this paper apply advanced machine learning algorithms and 

predictive models to address two problems in the quantitative study of STI: classifying relevant 

patent documents and science mapping. Both case studies were presented in a hands-on manner 

to facilitate reader replication. The two emerging technological areas of fuel cell electric vehicle 

(FCEV) and fuel cell technology have been selected for conducting the case studies.  In addition, 

a detailed description of the data along with the codes utilised in the Python programming 

language is also available.  

Even though quantitative STI is not considered the most visible (in terms of citation) research 

stream in the context of STI, literature analysis shows that adopting text analytics enhanced 

established understanding regarding the STI research domain by answering old research question 

with new data-driven approaches. Moreover, the case studies show how advanced text analytics 

methods can provide insights regarding how to collect relevant technical data or to detect the 

dynamics of research topics in different emerging technology domains.  

4.2 Publication II 

Title: Patent-based technology forecasting: case of electric and hydrogen vehicle 

The second study’s primary objective was examining the evolution of emerging technologies 

within the automotive industry using patents as a proxy. A mixed-method technology forecasting 

approach was used in this paper, including both quantitative growth curve analysis based on 

patents and qualitative approaches (expert opinions and secondary literature). Previous studies 

reported that conventional patent search methods relying on classification codes or keywords 

might not accurately define the boundaries between generic patents and industry-specific patents. 

In the case of emerging low emission technologies, conventional patent search queries were not 

able to draw a clear boundary between generic patents related to electric devices and automotive-

oriented patents. Within an emerging technology context, the uncertainty and inconsistency of the 

terminologies used by patent attorneys, inventors and researchers is challenging.  

Consequently, this paper proposes an automatic patent classification tool based on text analytics 

and machine learning algorithms for facilitating the data collection phase prior to engaging in a 

forecasting task. The functionality of the method is not dependent on classification codes or 

keywords. The underlying assumption of the supervised machine learning model (support vector 

machine algorithm) is to cluster patents into two classes: relevant and irrelevant to electric 

vehicles. The classification process assigns relevancy scores (1 to 100) to patent documents based 

on their abstract similarity to two classes. This method was also used in the first publication of 

this thesis in the form of a case study. The accuracy of the proposed patent classification method 

has been evaluated in both publications (Publication I and Publication II) using a cross-validation 

framework. Also, two datasets (a training set and test set) have been used in these two 

publications. Publication I included a larger dataset, and the accuracy of SVM classification has 

been validated using a set of IPC classes as a benchmark. The qualitative validation process lasted 

four weeks and included manual screening of the patent titles and abstracts by the author. In this 
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publication, the validation process of the training set was conducted over five weeks by six 

experts.  

Furthermore, extrapolating the patent data related to electric and hydrogen vehicle provided 

insights on the technology lifecycles of these competing technologies. The Fisher-Pry function 

was utilised to fit the patent data into a growth curve. Though the growth curve shows electric 

vehicles as the frontrunner technology in terms of patent shares, this interpretation should be 

examined with caution. This paper used a set of journal articles, DOE reports and expert opinions 

to explain and compare the technological trend. The findings suggest a faster and higher rate of 

development for the electric vehicle compared to hydrogen vehicle, if all external forces remain 

unchanged. 

4.3 Publication III  

Title: A topic model analysis of science and technology linkages: a case study in 

pharmaceutical industry 

The third publication contributes to the discussion of science and technology (S&T) interaction 

by introducing a text analytics approach linking S&T data sources. The major established 

scientometrics methodologies for studying S&T linkages are based on direct link metrics: either 

non-patent literature (NPL) citations listed on the first page of patent documents or author-

inventor name matching. However, state-of-the-art approaches for studying S&T linkages offer a 

narrow window for industry-level analysis. Studying S&T linkage using NPLs is not simple, as 

NPL data is often incomplete and its organisation varies among different worldwide patent 

offices. The central problem with name matching methods occurs with name disambiguation and 

identifying both inventors and authors. Moreover, in the context of emerging technologies, 

previous studies have rarely involved both scientific publications and patents in their analyses, as 

few patents are published when technology is at an early stage of development. Only a recent 

review published by van Raan (Van Raan, 2017) and two studies published by the Leiden research 

group have utilised both patents and publications in their citation network analysis when studying 

S&T linkages.  

The primary purpose of this paper is examining whether a document’s topic (i.e. the abstracts of 

patents and papers) can be used as a unit of analysis for studying S&T linkage. The novelty of 

this study is related to utilising the two different data sources of patents and publications. The 

selected case study was Taxol, a cancer treatment drug. The latent Dirichlet allocation (LDA) 

algorithm was used as a topic modelling approach. The analysis shows the topical overlap 

between patents and papers in ten research area within the scope of Taxol drug development. The 

evaluation process of the topical overlaps was done qualitatively. Word clouds has been generated 

for each ten clusters highlighting the most probable words associated with each topic. Visualising 

word clouds allows experts to interpret the subject of each cluster and assess their coherence.  

The proposed method expands the conventional tools for analysing the intellectual capital of 

organisations (patents or papers) and the technological opportunities existing within industries 

(patents). Identifying S&T linkages and employing the presented approach to distinguish between 

categories of activity will offer managers more information for strategic decision-making. 

Knowing the origins of scientific knowledge allows policymakers to encourage beneficial 

investments that strengthen university-industry collaboration.  
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4.4 Publication IV  

Title: Cloud-based patent and paper analysis tool for comparative analysis of research 

Aligning with the discussion of the methodologies for studying the dynamic of S&T linkages, this 

paper developed an open source, cloud-based patents and papers analysis tool (CPPAT). Previous 

literature viewed science and technology as dance partners and key elements of a knowledge-

based economy. Scientific and technological progress are central to almost all innovation models, 

from linear innovation models to national innovation systems (NIS) or triple helix innovation 

models. Tracking the dynamics of S&T progress using published scientific literature and patent 

documents is a complex and time-consuming task. Therefore, automating S&T monitoring tasks 

provides valuable insights for prior-art-searches within specific research or technology domains.  

CPPAT is a platform for bibliometric analysis and visualising both patent and publication data on 

a single interface. As an open source tool, CPPAT is free for all users in academia or industry. 

The cloud-based features provide flexibility, allowing users to access the tool from any device 

without downloading it. The tool is compatible with the WOS Core Collection and the Derwent 

databases. CPPAT includes a keyword recommendation system that suggests the most important 

and frequent keywords used in document titles and abstracts in a given year. The keyword 

recommendation system is built on a series of text analytics methods and its functionality is based 

on the term weighting metric (term frequency– inverse document frequency). The provided 

keywords allow users to refine their initial search queries, improving the precision and recall of 

the document retrieval process.  A comparison of CPPAT with other analysis systems could not 

be included in this paper as, to the author’s best knowledge, no other tools with similar features 

exist. 

A case study of the online gaming subject domain was presented to show the usability of CPPAT. 

Patents and scientific publications related to online gaming were collected from both databases 

and analysed using CPPAT. The overall bibliometric analysis uncovered a shift in the research 

and development of online gaming toward cloud-gaming and virtual reality technologies.  

4.5 Publication V 

Title: Forecasting potential sensor applications of triboelectric nanogenerators through 

tech mining 

This paper’s primary objective was detecting potential industrial applications of triboelectric 

nanogenerator (TENG) technology using a bibliometric and text analytics approach. TENG is an 

emerging technology introduced in 2012 by researchers at the Georgia Institute of Technology. 

TENG is in an early stage of development. Even though patent analysis could potentially identify 

industrial applications for TENG, few patents related to the technology are available. Therefore, 

this paper proposed a tech mining approach that applied a combination of bibliometric analysis 

and text analysis to three STI data sources.  

The methodology framework comprises three phases. In the first, scientific literature related to 

TENG was collected from the Web of Science (WOS) and underlying research topics were 

defined using topic modelling analysis of the documents’ abstracts. The topic analysis revealed 

key research streams related to sensors sub-topics. The second phase involved collecting patents 

related to 12 types of sensors. Patent abstracts were analysed using the principle component 

analysis method, which is based on the co-occurrence of frequent words and phrases. As a result, 
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seven key application clusters were defined. The third phase utilised patent transaction data 

extracted from the Relecula commercialised patent database. Analysing the traded sensor patents 

illuminated the technology or industrial applications the patent was sold or licenced for. 

Alongside this quantitative STI data analysis, several workshops with two TENG researchers 

from the School of Materials Science and Engineering at the Georgia Institute of Technology 

were held to validate the findings. To collect the relevant keywords to TENG and validation 

generated topic modelling results, interviews were conducted with several experts in electronics, 

the automobile industry and venture capitalists collaborating with the Chinese Academy of 

Science (CAS).  

This paper indicates how technology forecasting tasks related to recently introduced 

breakthroughs can be implemented in the absence of historical patent data using STI methods and 

data sources. The research results provide insights to researchers and decision makers who are 

interested in the future development of TENG. 
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5. CONCLUSION  

5.1 Answering the research questions 

The overall objective of this dissertation was to answer questions about how to trace technological 

emergence from the scientific and technological perspective. Rapid and continuous technological 

advancements are generating an abundance of information regarding technological development 

in public or private data sources. This study addressed the practical issues related to conducting 

technology forecasting tasks.  

Facing the rapid growth of technological development, scientific progress, ambiguous interplay 

between science and technology and the uncertain future of emerging technologies, empirical 

tools related to technology forecasting have been widely adopted. Most of these empirical 

methods are rooted in scientometrics, quantitative STS and STI measurement.  

Over the last decade, these empirical approaches have evolved and been enhanced by using 

methods from the computer science discipline. This methodological evolution was marked by the 

emergence of the tech mining concept in 2005 (Porter and Cunningham, 2005). Consequently, 

the first research question was: What is the state-the-art in application of text analytics and 

machine learning methods in science, technology and innovation (STI) research domain? To what 

extent have these advanced methods enhanced researchers’ understanding of STI? The objective 

was to provide an overview of advanced text analytics and machine learning approaches that have 

been utilized in STI domain during the last decade.  The previous overview of text mining 

methods that can be used in STI was published in previous version of the Science and Technology 

Indicators handbook by Leopold (Leopold et al., 2004). Therefore, the primary motivation of the 

author was to investigate how these methods have been adopted by STI community. Reviewing 

the literature (Publication I) showed that text analytics methods have been incorporated in several 

STI research streams, such as research evaluation, technology forecasting, technology 

management, technology opportunity analysis, technology transfer, measuring inter-disciplinarity 

and S&T interaction. Moreover, the detail analysis of the reviewed text analytics methods showed 

there is still room for exploiting the new context-based methods with better performance in 

addressing natural language processing obstacles.  

The second research question was: How to study emerging technologies utilizing text analytics 

and machine learning methods within science, technology and innovation (STI) research area? 

To provide evidence on “how” part of this question, different aspects of emerging technologies 

(from data collection point of view, its relationship to scientific data sources and future industrial 

applications) should have been investigated. Therefore, the first partial question was:   How the 

information extraction process can be enhanced in conducting empirical technology forecasting 

for emerging technologies?  In response, this study provided an automatic patent classification 

system to facilitate the data collection phase prior to any patent landscape or forecasting tasks. 

The proposed method relies on a machine learning algorithm’s judgment in classifying vehicle-

oriented patents from irrelevant documents. This approach was evaluated based on two different 

case studies. In Publication II, the patent dataset was related to electric and hydrogen vehicles, 

and the cross validation results indicated a classification accuracy of around 90%. Five experts 

were involved in reviewing and formulating the training set. The second case study was presented 

in Publication I and focused on classifying the patents related to fuel cell electric vehicles (FCEV) 

within a larger dataset. Manually screening the titles and abstracts of the classified patents 

indicated that using an IPC code to collect FCEV-related patents had a precision of 33%, while a 
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machine learning classifier could distinct FCEV-related patents with about 73% precision. In 

summary, both case studies indicated that the proposed patent classification approach 

circumvented the challenges arising from the broadness of IPC codes and the inconsistency of 

keyword-based queries that are the inevitable obstacles in the case of relatively new technologies. 

Further technology forecasting tasks were practiced based on a dataset related to alternative low 

emission vehicle technologies using a growth curve approach.  

The second partial research question was: How the links between science and technology can be 

quantified based on their semantic characteristics? The motivation for raising this question was 

that the state-the-art quantitative approach for revealing the links between science and technology 

has limited value in macro-level analysis, such as at industry or technology levels. This study 

highlights the importance of understanding the dynamics of science and technology interaction 

(as addressed in section 2.5). Additionally, numerous challenges identified in the literature show 

that revealing the linkages between science and technology is not a straight forward task; for 

instance, the incompleteness of NPL citation data, the different routines practised among patent 

authorities around the world, the ambiguous motivations behind listing NPLs and the variations 

of NPL distribution among different technological fields. This study proposed a topic-related 

modelling framework that reveals the S&T linkages based on topical overlap. The evaluation 

phase of the study relied on interpreting and validating the topics using visualisation and expert 

opinion. The primary results published in a conference paper (Publication III) indicated that the 

topic modelling approach appears promising. The study’s results showed the share of scientific 

activity or patenting in detected topics relating to a case study of a cancer treatment drug, Taxol. 

Fewer than 17% of the Taxol patent documents contained NPL citations. Thus, following the 

quantitative evaluation of the methods used in the journal version of this paper (currently under 

second revision) indicated that the proposed topic-based method can be used on the abstracts of 

patents and paper-based articles. The proposed approach can be considered as a complementary 

approach when NPL data is not available. Topical similarity (using document’s abstract) provides 

an overview of the thematic overlap between research and development efforts at a general level. 

Patent abstracts are condensed summary of the inventions, and do not contain very specific or 

detailed terminologies. The primary usage of a patent abstract is to be an efficient scanning tool 

within a technical field. Patent abstract are written in a way that a reader (regardless of his or her 

background) can quickly understand the subject which is covered by the patented invention. 

Therefore, the topical similarity between patent and publication, when using abstract, is at high 

aggregation level. To extract the detailed technical terminologies, it worth’s to use text data from 

patent description or technical background sections. Recent research endeavours such as (Hu et 

al., 2018) has evaluated the discriminatory power of different patent sections (title, abstract, claim 

and description) for classification of patents as subclass IPC level. Their result shows that when 

patent description text is used as input, the classification model reach its highest accuracy level 

in distinguishing patents from different sub technology area. Future research is encouraged to 

experiment with the different text section of patents and paper and investigate which sections can 

lead to detect topical overlaps at lower aggregation level. Moreover, in line with the discussion 

of science and technology linkage, this study provided a cloud-based analysis platform for 

screening and visualising patents and publication data. The analysis platform can be using as a 

monitoring tool to assist the prior-art search and patent landscaping.  

The last partial research question was: How can the potential industrial applications of emerging 

technologies be predicted based on science and technology data sources? For this purpose, the 

most effective forecasting approach would be technology monitoring based on patent statistics. 

However, questions remain about the starting points for cases of niche technological 

breakthroughs with few filed patents or publicly published papers. The fifth appended publication 
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to this dissertation proposed a three-phase methodology framework containing three different data 

sources (scientific literature, patent databases, and patent registration databases). A series of 

bibliometric analyses, text mining approaches and topic analyses were utilised.  

5.2 Research implications 

This study’s motivation was shaped by an awareness of the practical issues regarding the 

quantitative study of science, technology and innovation (STI) (Laestadius, 1998; Rotolo et al., 

2015). Rapid technological progress and scientific advances continuously generate a wealth of 

information related to STI data sources, such as patents and publications. To address the 

overwhelming amount of information, empirical approaches and instruments (Daim et al., 2006; 

Guo et al., 2012; Porter and Cunningham, 2005; Porter and Newman, 2011) have been widely 

developed for monitoring technological changes related to various STI application areas. 

Even though the developed instruments for tracking technological emergence have attracted 

considerable attention and have undergone developments, the challenge relating to the lack of 

comprehensive perspectives on ET analysis in existing approaches and applications remains. The 

deficiency of a unified approach or metric for emerging technologies derives from the ambiguous 

definition discussed at length in Chapters 1 and 2 of this study. Identifying relevant information 

from STI resources is the initial challenge in conducting a technology forecasting task. Even 

though some definitions and relevant patent classes are published annually by patent offices18 

(e.g. hybrid vehicle, ICT, biotechnology or renewable technology), they remain too broad 

(Pilkington and Dyerson, 2006) and are not adequate for studying the technology development of 

electric vehicles. The CPC19 classification system jointly initiated by the EPO and USPTO seeks 

to harmonise patent classification and move to one single scheme. The addition of the Y section 

to CPC is crucial a step, as it includes emerging technologies or technologies that span different 

classification codes. In practice, all previously published patents will be reclassified and tagged 

by the Y section if they are related to emerging fields. For instance, section Y02T is related to 

“climate change mitigation technologies related to transportation”, which encompasses all ranges 

of low emission vehicles and associated components. However, CPC only emerged in the 

beginning of 2013 and most of the Y section is still under development. Various empirical and 

bibliometric approaches have been devised to overcome the problem of identifying relevant 

patents; for instance, the Boolean search approach proposed by (Youtie, Shapira, and Porter, 

2008) and later revised by (Arora et al., 2013). The proposed automatic patents classification 

method (Publications I and II) in this study extends beyond keyword bases or classifications 

schemes; firstly, it is independent of the patent schemes, secondly reduce the human involvement 

and bias opinion on forming the search queries, thirdly the identification of patents based on their 

contextual features eliminates the problems of selecting documents within the limited linked 

network posed by citation approaches. The implication for technology management community 

is that technology forecasting task and its accuracy is a data analytics problem. The exploitation 

of the STI data sources by leveraging advanced text analytics methods would facilitate the process 

of acquiring a well-founded input data for the decision-making process.  

This study has implication for many innovation management and strategy studies. Traditionally 

the technology classification schemes developed by patent offices have been heavily used as 

technology similarity measure by innovation research community to address different questions 

                                                 
18 https://www.dpma.de/english/our_office/publications/annual_reports/index.html 
19 Cooperative patent classification  
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such as; to measure firms technological footprint and technological overlap (Aharonson and 

Schilling, 2016), to measure the similarity between firms patent portfolio (Bloom, Schankerman, 

and Reenen, 2013; Makri, Hitt, and Lane, 2009) or to define geographic localization of knowledge 

spill overs (Singh and Marx, 2013). However, the patent office’s technology classification 

settings might not cover all technological characteristics of an invention (Singh and Agrawal, 

2011; Thompson and Fox-Kean, 2005). Thompson and Fox-Kean (2005) even suggested to not 

use technology classes as a technology proximity measure “… perhaps a more productive route 

in research for localized knowledge spill-overs is to move away from USPTO classification 

scheme altogether, merge citation data with other measures of technological and industrial 

proximity…”. The underlying idea behind this dissertation was to explore the new 

methodological options that became available from data science perspective. New technological 

measures can be developed relying on the natural language of technical documents to reveal 

technological similarities or novelty. By using the context-based metrics, the previously raised 

research questions can be re-evaluated; for example  geographic meta data, citation information, 

authorship details and topical similarity measures can be combined to address the questions  such 

as “are knowledge spill-overs geographically localized?”(Jaffe, Trajtenberg, and Henderson, 

1993), does the mobility of patent holders impact the knowledge transfer between firms and 

regions? (Almeida and Kogut, 1999), for a successful M&A does firm need to consider the firms 

with similar technological and scientific knowledge capabilities? (Makri et al., 2009).  

The focus of this study on the textual part of STI data sources as a unit of analysis has also 

theoretical implications for the field of science and technology studies. Widely-used 

scientometrics methods are based on individuals (citations, actors in network approach). This 

approach has been criticised (Leydesdorff and Milojević, 2015) as a way of evaluating researchers 

and ranking universities or institutes. A literature review of the quantitative methods used in STI 

(Publication I) highlighted the wide application of lexical-based methods across several research 

subfields in STI. In traditional scientometrics methods, it is assumed that interactions can be 

reduced to the individual or organisational level. While the shift toward using lexical analysis 

where the context is a unit of analysis would provide valuable insights to the same research 

objectives in STI. Drawing from Kuhn’s argument, as cited in (Kaplan and Vakili, 2015), 

“…scientific ideas are embedded in vocabularies, and therefore shifts in ideas can be detected in 

shifts in language.” Kuhn’s argument suggests that if researchers are interested in tracking 

innovative activities, they require methods that pay attention to the language of the documents. 

Based on the text analytics methods used in Publication III to address S&T dynamics, it can be 

suggested that these quantitative methods, in addition to current scientometrics approaches, may 

provide new insights to old questions regarding STS. Linking science and technology based on 

content rather than the direct linkages between author-inventor names or citation links can be 

more meaningful when innovation is not assumed to be a linear activity.  

Overall, this research supports companies, venture capitalists and academic and research institutes 

in identifying and understanding S&T topic distribution and development trends in specific 

technology domains with limited human involvement. For industrial use, the proposed CPPAT 

cloud-based tool from Publication IV and the science mapping feature seen in Publication I 

provide a topics-based summarisation and technology landscape useful for proposal preparation 

or prior art searches. From an academic point of view, these analytics frameworks and tools can 

provide insights related to the strength of the sub-topics in certain technology domains that 

support the process of seeking potential funding or collaboration opportunities. Moreover in the 

past, forecasting was limited to military, governmental or specific industrial sectors with adequate 

technological and human resources. Currently, the required data sources and tools for such 

analyses are unavailable. The availability of data and the proposed data-driven empirical 
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approaches practiced in this study concerning how to exploit STI data sources (Publications II 

and V) allow for forecasting from a technological point of view.  

5.3 Limitations  

This study is not without limitations. Science and technology information is published and 

distributed in data sources other than patents and publications (e.g. technological manuals, firm 

websites, social media pages and news articles). Regarding intellectual property rights, patents 

are not the only way of exploiting technological innovation, as not all inventions are patented. 

Other forms of intellectual properties include secrecy, lead time advantage, copyrights and 

trademarks. The focus of current study was limited to patent documents and scientific articles 

(including journals and conference proceedings), as well as informal interviews and discussion 

with experts.  

Furthermore, the proposed empirical methods for identifying relevant patents, linking patents 

with publications and projecting potential applications of emerging technologies were evaluated 

based on one technology area. Thus, how the performance levels of these empirical methods 

would be in other technology areas is unknown. For instance, it may be worth evaluating whether 

the automatic patent classification system could be useful in chemical research fields, where the 

vectors may contain numerous compound names combining letters and numbers in a single 

phrase. 

Another limitation is that this study utilised only the titles and abstracts of the relevant documents 

to extract the language features. Finally, the identification and analysis tools related to patents 

and scientific publications were limited to English language documents or the translated abstracts 

provided by the DII database.  

5.4 Recommendations for future research 

There is abundant room for further studies to add to this research. Even though this study treated 

patent and publication abstracts equally during the feature extraction process, future studies are 

advised to consider the inherent differences in the structures of both documents. In academia, 

researchers are obliged to fully disclose their research objectives and detail their analysis 

processes and findings, so the research is reproducible by other scholars. In the competitive 

industrial domain, however, inventors or patent applicants tend to cover or rephrase the 

invention’s description to avoid competitors easily replicating their discoveries. Moreover, the 

authors of scientific journals are required to follow precise rules in terms of structure and length 

imposed by journals when writing their abstracts. This is not the case when writing patent 

abstracts, which vary from long paragraphs to a few short sentences. Thus far, numerous studies 

have utilised different sections drawn from patents or publications for different purposes, such as 

using full publication texts in science mapping (Suominen and Toivanen, 2015) or patent 

descriptions and claims for novelty detection (Lee, Kang, and Shin, 2015). Further research 

questions involve whether the differences in the structure of patent and publication abstracts affect 

the document similarity analysis, or if the document’s structural differences affect the 

interpretation of findings when language features are considered a unit of analysis.  

Patents and publications are the established sources of data for measuring technological progress 

in the scientometrics or technology management fields. The goal of technology forecasting, 

however, is detecting technology emergence as early as possible. However, a time lag exists 

between registering data and the public disclosure of both types of data. It may be worthwhile for 
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future studies to investigate what effect the existing time lag has. Does the comparison between 

emerged and not emerged technologies provide any insights on this issue? What other novel data 

sources are available for spotting the pre-emergence phase (e.g. full text of funding proposals, 

laboratory reports, working papers, etc.).  

Finally, preparing the training sets for the automatic patent classification system used in this study 

was challenging. During the first round (Publication II) of the experiment, the training set was 

formed based on five experts manually screening and validating the relevant and irrelevant 

patents, which was a labour-intensive and time-consuming process for creating a set of patents to 

train the SVM classifier. In the second round of the experiment (Publication I), the training set 

was formed based on the recently introduced and incomplete Y section of the CPC scheme 

developed for retrieving information related to emerging technologies. The author was troubled 

that the classification system is not fully automatic, as the formulation of the training set relied 

on human intervention at some stages. This creates a strong motivation for future researchers to 

investigate solutions regarding either training set preparation or circumvention using 

unsupervised solutions. For instance, it would be interesting to conduct an unsupervised clustering 

on an unknown dataset and select and save the language pattern of the clusters relevant to the 

domain of technological interest. The captured pattern, which contains the probability distribution 

of topics and words, could then be used as an input for further supervised tasks.  
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1 Abstract

The quantitative study of ’Science, Technology and Innovation- ST&I’ is grown
with the advancements in disciplines such as mathematics, computer science
and information sciences. From the early studies utilized the statistics method,
graph theory to citations or co-authorship, the state-of-the-art in quantitative
methods leverages natural language processing and machine learning. There is,
however, a lack of unified methodological approach within the research com-
munity and an absence of a comprehensive knowledge on how to exploit text
mining potentials to address ST&I research objectives. Therefore, this chapter
tends to present a state-of-the-art of text mining framework applied to ST&I.
The major contribution of this chapter is twofold; first, it conducts a litera-
ture review on how text mining extended the quantitative methods applied in
ST&I and highlights major methodological challenges. Second, it provides two
hands-on detailed case studies on how to implement the text-analytics routine.

2 Introduction

Quantitative study of Science, Technology, and Innovation (ST&I) is an inde-
pendent part of Science and Technology Studies (STS) [1], and a research area
that has been seen notable growth since the 1980s. This subset of the field of
STS utilizes social science approaches to examine the relationships between sci-
ence, technology and innovation via quantitative methods. Within the context
of STS, ST&I refers specifically to the production and utilization of codified
technical and scientific knowledge [2]. A wide range of qualitative approaches
are available for ST&I research, for instance, laboratory ethnography [3] which
utilizes systematic observation of participants in science and technology set-
tings; in other words, observing or interviewing scientists and engineers. Other
qualitative methods use interviews with expert panels, which is the approach
found in the Delphi method [4]. Although qualitative research results are rich in
detail and quite rigorous, they are not scalable. Therefore, if automatic tracing
of technological development and innovation activities on a worldwide scale or
country/organization level is desired, quantitative methods would be far more
useful.
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Quantitative ST&I approaches have been grounded as an independent stream
of literature by the introduction of various methods and indicators that enabled
empirical research using patents, scientific papers [5–9] and other quantifiable
sources. Analyses of empirical data with quantitative techniques increasingly
contribute to ST&I endeavors. Mining R&D electronic data sources [10–12] can
provide firms with technical intelligence capabilities.

There is a long history of research related to the quantitative analysis of sci-
ence and technology. Development of approaches for the measurement of scien-
tific output date back to as early as 1926, when Lotka [13] examined the scientific
productivity of chemistry and physics researchers. Later, in 1949, Zipf’s law,
with its insight into word frequency versus rank frequency in natural language,
provided a statistical basis for quantitative textual analysis. In 1965, the work
of Derek de Solla Price [5] laid a strong foundation for the quantitative study of
S&T using citation patterns. The invention of the Science Citation Index (SCI)
by Eugene Garfield in 1965 was a turning point in quantitative STS, and since
that time, numerous bibliometric methods have been developed that are based
on statistics related to the production and distribution of documents rather
than the textual content of the documents themselves; such methods include,
for example, bibliographic coupling [14], and citation [6] and co-citation anal-
yses [7]. Later co-word analysis [15] enabled examination of technical phrases
extracted from the abstract, title, or keywords. More recently, the proliferation
of data sources and increasingly complex analysis in S&T management have led
to data mining methodologies being applied to textual data [16–22].The trend
in quantitative ST&I research of using increasingly complex methodologies is
evidenced by the emergence of concepts such as “tech mining” [16], which em-
ploys text mining to the natural language of research documents with the aim
of extracting valuable intelligence.

Despite the considerable attention given to quantitative methods in ST&I
and the clear research advantages brought by text mining, there is, thus far, no
consensus over a particular quantitative method, R&D or innovation indicator
within the research community [1]. The quantitative study of ST&I has become
distanced from the mainstream of qualitative ST&I and has become aggregated
with fields like information science (informatics) [1]. Yet, there is a lack of
comprehensive knowledge on how to fully exploit the potential of text mining
to satisfy ST&I research objectives. Therefore, a major goal of this chapter is
to present a state-of-the-art text mining framework for application with ST&I
research.

Narrowing down our focus to the application of various text mining tech-
niques to ST&I data sources, the contribution of this chapter will be twofold:
First, a systematic literature review covering text analytics techniques utilized
in research articles in the ST&I research area is presented. The main objec-
tives are to identify the types of text mining methods that have been used to
address ST&I research questions and to highlight the current challenges from
a methodological perspective. Second, two hands-on case studies with detailed
descriptions of the methodological process are presented to illustrate: a) how
to apply text mining to enhance a conventional patent search by capturing
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contextual information rather than using a Boolean search and identifying and
discarding irrelevant documents; and b) how to cluster scientific publications
based on their content similarity and define the underlying topics. For the
purposes of hands-on application, the two case studies are complemented with
Python programming codes to enable adoption of the methods by researchers
and practitioners.

3 Literature review on the application of text
mining

For literature review, the data collection process was started by formulating a
search query on the Web of Science (WOS) database based on a list of terms
such as text mining, text analytics, document clustering or classification, ma-
chine learning and tech mining. The keywords were selected by the manual
screening of recently published papers in terms of authors’ keywords and key-
word plus assigned by WOS. Vantage Point software was used in an iterative
process for keyword consolidation. The first result list contained the WOS cate-
gories of computer science and linguistics as dominant clusters. Since this paper
focuses on the application of text mining in ST&I, the search query was limited
to articles classified under the WOS categories that gained the largest citations
from ST&I methodological papers. A previously published literature review by
Martin et al. [1] has identified highly cited research fields by papers in the quan-
titative study of science and technology (p.1188). The WOS categories selected
for this study are similar to Martin et al. [1] as follow; business, management,
economics, multidisciplinary science, social science interdisciplinary, operation
research management science, and information science and library science, com-
puter science multidisciplinary application and planning development. To assure
the relevancy of the selected WOS category and articles, the analytics option of
the WOS database was used to repeatedly screen top journals while selecting
and excluding WOS categories. The titles and abstracts of the resulting 590
records were then manually screened to evaluate the relevancy of articles that
employed text mining techniques to address ST&I research questions.

3



20
15

20
14

20
13

20
12

20
11

20
10

20
09

20
08

20
07

20
06

5

10

15

20

N
u
m
b
er

o
f
p
u
b
li
ca
ti
o
n

Figure 1: Annual number of published scientific articles utilizing text mining tech-
niques in the field of ST&I (2006-2015)

As a result of the screening, a fine-grain sample of 154 papers from 18 jour-
nals was selected for the literature review process. The top three journals,
namely, Expert Systems with Applications, Technological Forecasting and Social
Change, and Scientometrics accounted for more than half of the 154 papers
reviewed (see Table 1). The annual distribution of the selected journal articles
(see Figure 1) shows a steady growth of papers using text mining based methods
under the ST&I research theme. The year 2006 was selected as a starting point,
because the previous version of the handbook titled as Handbook of Quantitative
Science and Technology Research:The Use of Publication and Patent Statistics
in Studies of S&T Systems [23] was published in 2005.

Table 1: Top Six Journals

Journal Title Number of Papers

Expert Systems with Applications 42
Technological Torecasting
and Social Change 23
Scientometrics 22
Information Processing & Management 17
Journal of the American Society for
Information Science and Technology 13
Journal of Information Science 6
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Figure 2: Auto-correlation map of author-assigned keywords

To examine field-specific topics, key word co-occurrences based Pearson cor-
relation between the author-assigned keywords were analyzed in VantagePoint
software. Figure 2 shows two distinct clusters. Keywords on the left represent
text mining and machine learning methods and concepts, while the cluster on
the right describes ST&I subfields and scientometric tools. The relationship
between the clusters shed light on ST&I research areas that take advantage of
text mining techniques. For instance, patent mapping has a strong correlation
with the subject-action-object text based method(see Figure 2), which indicates
that many authors carried out patent mapping using a text analytics approach.
To examine correlations in more detail, the 154 papers were reviewed based on
the concepts presented in Figure 3. The papers were examined and annotated
in terms of three criteria; their major practical or theoretical contributions to
ST&I, the data-sources used to support the research objectives, and the princi-
ples of the utilized text mining based methodology.

• Contribiution to ST&I. This criterion divided the papers in terms of their
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contribution to consideration of ST&I research objectives (ends) or devel-
opment of tools (means) in operationalization of the research targets. As
can be seen in Figure 3, many research tools have benefited from the ap-
plication of text mining methods. The arrow suggests these developed re-
search tools can be used to fulfill research objectives in multiple sub-fields
of ST&I. For instance, patent mapping in operationalization of technol-
ogy forecasting activities, technology transfer and detection of techno-
logical opportunities. Science mapping and quantitative measurement of
multi-disciplinarity have been utilized in research evaluation projects. The
literature-based discovery method and measurement of S&T interaction
have been employed in research papers utilizing technological opportuni-
ties analysis (TOA).

 

       Data Sources (Section 2.2) 
 Patents 
 Journal articles and conference 

proceeding 
 Lecture notes 
 Policy documents 
 Research projects/proposals  
 Social media (Twitter, Facebook, online 
forums, … etc.) 

 News articles  
 

   Text mining Methodology (Section 
2.3) 
 

 
I. Text preprocessing (Feature selection)  

II. Document representation (Feature 
extraction) 

III.  Document mining (Classification and 
clustering) 

       Contribution to study of Science, Technology and Innovation (Section 2.1) 
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Patent mapping 
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Measuring research inter-

disciplinarity 
Measuring Science & technology 
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Literature based discovery 

Technology Forecasting and 
Management 

Research Evaluation 
Technology Transfer 
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Figure 3: Conceptual components of the literature review

• Data Sources. The increasing availability of electronic documents, the enor-
mous amount of information stored in ST&I data sources and rapid growth
of social web documents have opened up new opportunities for social sci-
entists to analyze and use these data in their research projects. Section
2.2 discusses the data sources used by the reviewed papers.

• Methodological approach. While the main role of ST&I data sources is
data storage and responding to users’ search queries, a substantial stream
of research is directed largely toward the development of methodologies
to extract data, and to process and reveal useful information. Text min-
ing ST&I has been applied in ST&I research as a complementary tool to
bibliometric approaches. Leopold et al. [24] presents an overview of text
mining and its relation with natural language processing and machine
learning, and how the techniques work together to tackle research prob-
lems in science and technology studies. As a continuation to [24], Section
2.3 evaluates ST&I papers from the perspective of text-based methodolo-
gies employed during the last decade.

6



3.1 Major research fields and contribution of text mining
methods

3.1.1 St&I related Research objectives

The final labeling of 154 papers resulted in 112 documents directly contributing
to the enhancement of research tools or fulfilling the ST&I research goals. The
contribution of the remaining 44 records can be summarized as purely method-
ological; proposing a new text analytics method or the improvement to existing
approaches, which is tested on ST&I related data sources (e.g., news articles,
social media, scientific publication, etc.)

A number of research sub-fields were identified in the selected papers. The
largest research sub-field is related to technological forecasting (TF) and man-
agement (see Figure 3) and approximately one-third of the collected papers
examined subjects in this area. In the past, forecasting of technological devel-
opment relied on qualitative methodologies (e.g., expert opinion and the Delphi
method) and text mining based methods provided data-driven evidence to back
up forecasting practices ST&I. According to Porter [25], technology forecast-
ing is a broad concept that intersects with several research activities: tech-
nology monitoring [26], technology assessment [27–29], technology road map-
ping [30–33], foresight research [34,35] and impact analysis [36].

Technology monitoring refers to the process of identification and evaluation
of technological development trends that are critical to a firm’s competitive po-
sition. Departing from the established citation based analysis, Lee [26] built a
mathematical framework based on patent keywords that can overcome the lim-
itations of conventional patent citation maps. The major drawback of citation-
based methods for most technology forecasting purposes is that only citing-cited
patents are considered and it usually takes some time for a patent document to
receive a citation so that it would be included in the analysis. Thus, a clear lim-
itation to using patent citation-based methods is that patents without citations
are omitted.

In the context of technology assessment, Britt et al. [28] suggested that the
overhead costs associated with technological readiness could be reduced by uti-
lizing text mining techniques to exploit the technology readiness reports [28] and
to semantically cluster textual documents. Automatic interpretation of technol-
ogy readiness documents can allow firms to keep abreast of rapid changes in the
market. Kostoff et al. [27] classified scientific publications based on content sim-
ilarity as part of a methodology used for country level technology assessment.
Similarly, Alencar et al. [29] assessed the nanotechnology development efforts
of Japan, the USA and Europe based on textual content analysis of patent
abstracts.

Technology road mapping (TRM) is a strategic product planning tool first
introduced to the academic community in 1987 by the Motorola company [37]
The approach links strategic management goals to product development at the
firm level. Conventional TRMmethods emphasize qualitative and expert knowl-
edge rather than utilizing quantitative information. However, a recent biomet-
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rics analysis and review of TRM research shows growing use of quantitative
approaches in operationalization of TRM [38]. The application of text min-
ing allows exploitation of a large quantity of important information sources,
from product manuals to patent documents, that might otherwise be left un-
tapped [31, 33]. The extracted key information consists mainly of the most
important keywords that frequently occur in the documents served as an in-
put for the examination of the relationships among the documents. Yoon and
Phaal [32] identified a series of data mining and text mining techniques that can
be specifically used in TRM to yield important information from raw textual
data. Lee et al. [39] formulated a technology driven road map by combining text
mining techniques with citation network analysis to extract information from
patent data.

Foresight research is another core avenue of research focused on supporting
decision- making processes related to ST&I policies and activities at the coun-
try level. Foresight is operationalized by mainly qualitative approaches, such
as communication and discussion with stakeholders, systematic interviews and
expert panels. The combination of conventional foresight research methods with
quantitative methods has shown promising research output [34]. A case study
was carried out by the Center for Management and Strategic Studies (CGEE) in
Brazil [34] that made use of text mining techniques in combination with expert
opinion to analyze nanotechnology R&D activities. The data-driven output of
their foresight practice assisted funding agencies in the decision-making process.

Research evaluation is the process of measuring the impact of academic pub-
lications in the scientific community, and research evaluation commonly uses
bibliometric approaches. An increasing number of researchers have questioned
the validity of raw citation counts as a proxy for research evaluation and journal
and author ranking [40], which has led to consideration of alternative text-based
approaches [41–46]. Liu et al. [41] enhanced the performance of scientific pub-
lication ranking by combining full text citation analysis with document content
analysis. The analysis of the papers’ textual information characterizes the cita-
tion relationships between the papers. As a result, the published papers could be
ranked based on their scientific contribution to the associated topic, rather than
the number of received citations. In comparison with traditional citation-based
journal ranking approaches, the new journal ranking system favors new publi-
cations with significant contributions to the field from not well-known authors
who have not yet received many citations.

The detection of core documents within a particular circle of the scholars
is an important topic in research evaluation. Initially, the concept of core doc-
uments was introduced by Henry Small in 1973 using a classical co-citation
method [7]; later, detection of core documents was carried out based on bib-
liographic coupling by Glänzel and Czerwon in 1996. Recently, Glänzel and
Thijs [42] have extended the notion of core documents by merging bibliographic
coupling with a lexicon similarity component. In the case of missing citation
links, the new hybrid method [42]] is able to connect documents with textual
similarity and calculate term frequencies to label the citation-based clusters.
Investigating research trends, Sunikka and Bragge [43] applied a research profil-
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ing approach [39] built upon text mining to distinguish two new niche research
streams in marketing and management research.

When tracing research trends, detection of leading scientists’ names (eponyms)
is equally as important as identifying their research output. Cabanac [44] per-
formed a semi-automated text mining of 821 Scientometrics papers that led to
the unveiling of numerous already known and emerging eponyms. Other work
utilizing text mining for research evaluation purposes includes [45] where the
impact of European Union (EU) funded research in social sciences and human-
ities on EU policies was evaluated by analyzing the content of research papers
and policy documents, and [46], where, based on an assumption that research
quality is dependent on the education system, institutions’ research capability
was assessed by analyzing the contextual relationship between lecture material
and research output

Technology transfer refers to the process dissemination of technologies from
the original producers to a group of firms or non-commercial actors (e.g. uni-
versities) that are seeking to exploit external knowledge and innovation. The
underlying tasks in successful technology transfer include the detection and ac-
quisition of high-value technologies and/or commercialization of a firm’s tech-
nological output. In [47], a text-mining approach based on TRIZ theory that
enables the automatic detection of a promising solution from patent texts was
employed to address a technological problem related to floating wind turbines.
The function-based patent analysis method proposed in [48] provided firms the
knowledge about the potential applications of a particular technology in differ-
ent industries. It was argued in [48] that there is a lack of consistency between
industries as regards the use of terminology to describe different technologies
with similar functionality. First the terminologies used to express a functional-
ity in patents are extracted. Second, authors in [48] linked these terminologies
to similar functions in different industries. This linkage process may lead to
the detection of additional applications for a technology. Other work using
text analytics to ascertain technological and business opportunities from patent
documents include [49–52].

3.1.2 Research tools

A number of scientometrics studies have designed research tools based on text
analytics methods that fulfill multiple research objectives in ST&I (see Figure 3).
As a sub-field of TF activity, such tools attempt to detect emerging technologies
(ET), make new scientific discoveries, or identify hot subjects in social media
and news. Classical tools for the detection of ETs are bibliometric analysis and
citation based approaches; this section focuses on methods utilizing text mining
or combining text mining with other approaches.

Available, established ST&I related data sources are designed primarily for
data storage and information retrieval and not for the purpose of scientometrics
research. For instance, major ST&I data sources like patent and publication
databases are designed to facilitate data storage and easy information retrieval
through a classification systems and to be organized by patent examiners and
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librarians, respectively. It is thus a challenging task to link database classifi-
cation schemes to specific products [53] or industries [54] to retrieve relevant
information for the detection of ETs. Extraction of topics from the abundance
of user-generated information available in social media or news streams requires
advanced text mining methods to be used. Therefore, numerous studies have
explored alternative quantitative methods to circumvent the limitations of tra-
ditional approaches for data retrieval from ST&I data sources.

The Science, Technology & Innovation Policy (STIP) research group at
the Georgia Institute of Technology devised a bibliometrics-based search strat-
egy [55] using a text mining software (VantagePoint) to capture the emergence
of nanotechnology research output. In addition to the formulation of a search
query for the bibliometric analysis of nanotechnology, Kostoff and colleagues [56]
identified institutions and countries with mutual interests in nanotechnology re-
search by using similar terminologies extracted from the literature as a proxy
to map them into the corresponding institution or country. Newly Emerging
Science & Technology (NEST) has been studied by a combination of biblometric
analysis and text mining in support of technology management and policy [57].
Literature-based discovery (LBD), whose foremost advocate is Ronald Kostoff,
refers to a particular type of text mining that seeks to identify nontrivial in-
formation from a large body of documents, and the approach has been applied
to a number of real-world case studies, for example, to discover resolutions for
water purification and the treatment of human diseases [58–61].

Several studies [62, 63] argue that current text mining methods for the de-
tection of emerging research topics overlook the novelty of subjects by focusing
only on frequency measures. Tu and Seng [62] proposed two indices based on
publication time, journal volume and subject frequency to capture the novelty
of the research topic, and Tang Tang2010 proposed a blended index by inte-
grating a text similarity measure with word frequency at the sentence level for
real-time novelty mining. To uncover latent research topics in the e-commerce
field, Liang et al. [64] utilized a chance discovery method grounded in artificial
intelligence that evaluates data from the perspectives of term frequency and
association links. Other work exploring research trends includes research by
Delen and Grossland [65], who described a semi-automated text mining method
to detect research trends, and Yang et al. [66] proposed a Link-Bridged Topic
model (LBT) that combines linkage between documents defined by co-citation
and a document’s textual content.

Patent mapping is a patent analysis tool that has been used for many dif-
ferent purposes in technology management and various text mining methods
have substantially facilitated its implementation. An extensive procedure for
automating the whole patent mapping process by incorporating text mining
techniques for summary extraction, text segmentation, term association, doc-
ument cluster generation and topic identification is described in [67, 68]. The
manual implementation of these tasks requires an analyst with knowledge and
expertise in the disciplines of information retrieval, natural language processing,
technology domain knowledge, and business intelligence. According to [67], the
creation and maintenance of a patent map on “Carbon nanotubes” technology
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from one hundred patent documents takes five analysts more than one month.
The proposed automated patent mapping tool [67] facilitates the detection of
previously unknown and useful patterns from large patent text repositories.
Trappey [69] studied patent summary extraction by combining ontology and the
concept clustering approach to capture general knowledge and the core meaning
of patents in a given domain. Other studies that utilize text mining methods
for the construction of patent maps, for instance Lee and Son [39,70], have pro-
posed a keyword-based patent map for discovering undeveloped or unexplored
technological fields and significant rare keywords [71] from patent databases.
A text mining based patent map has been developed to support the merger
and acquisition (M&A) decision process by evaluating firms from the techno-
logical perspective [72]. Keyword based patent maps show the topology of the
target technology, from which researchers can learn about core technological in-
formation. In patent maps the relationship between core technologies within a
technology domain is lacking. A recent patent map proposed by Choi [73] com-
bined a keyword-based patent map with a community network approach that
informs researchers about the interaction between essential technology elements,
highlighted as important keywords, in corresponding technology fields.

Retrieval of relevant patent documents is an essential step prior to any
mapping and patent analysis task. The dominant approach for finding similar
patents or retrieving relevant patents for a technology domain is construction
of complex search queries based on International Patent Classification (IPC)
classes and/or keywords. However, such patent searches are challenging as re-
gards linking IPC classes to an industry [54] or product level analysis [74].
The IPC classification scheme has been designed to ease the process of storing
documents by examiners and does not directly facilitate the retrieval process.
Furthermore, patent classification schemes are somewhat subjective due to their
being based on examiners’ judgments [75] and IPC classes are often considered
too broad or detailed to be applied directly to a specific area of technology or
research interest . Recent studies have introduced semantic patent retrieval sys-
tems as a complement to keyword based [76] methods or in combination with
bibliometric coupling [77]. Venugopalan et al. [78] applied a machine learning
algorithm to classify patents to relevant/irrelevant groups based on extracted
linguistics features.

Science mapping represents a family of tools that have been applied widely
by the scientometrics community for research evaluation, measuring research
interdisciplinarity and visualizing knowledge structure. Several studies have
attempted to use text analytics to execute subject-based journal classification
schemes [79,80], build keyword-based knowledge maps that illustrate key infor-
mation from a research proposal repository [81], and compensate the absence
of semantic linkages in existing word co-occurrence-based knowledge maps [82].
Mapping of scientific disciplines facilitates the identification of boundaries and
measurement of interdisciplinarity. Interdisciplinary research (IDR) is a mode
of research that integrates concepts, theories and techniques from different dis-
ciplines [83]. IDR has a crucial role in pushing scientific boundaries forward as
it seeks to solve research problems whose solutions lie beyond a single body of
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knowledge [84]. Topic mapping and text analytics of research proposals has pro-
vided new informative information about interdisciplinary research (IDR) [85].

Debate over the interaction between science and technology (S&T) has a
long history in scientometrics and dates back to 1963 when Toynbee compared
S&T to dance partners [86]. The dynamic of S&T relationship is central to
policy-oriented research and innovation studies [87]. S&T interaction has also
been measured by a set of diverse bibliometric indicators pertaining to scientific
and technological advancement (patents and publications) [88, 89]. The feasi-
bility of applying text-based semantic analysis to illustrate the topical overlap
between patents and publications has recently been examined [90]. A study by
Magerman et al. [90] shows that using the latent semantic indexing technique
is a valuable approach in detection of content similarity between patent-paper
pairs, but may not yield an accurate outcome in small data sets. Another study
led by Magerman [91] incorporates semantic text analysis with patents’ forward
citations to detect patent-paper pairs in the field of biotechnology. The results
showed that scholars who are involved in both scientific publishing and techno-
logical patenting have a larger scientific impact than their peers whose activities
are restricted to scientific publishing. A Taiwanese research group’s exploration
of biofuel patent-papers using a text-based clustering approach led to the iden-
tification of potential scientific and technological applications for micro algal
biofuels [92].

3.2 Data type

Over two-third of the papers in our sample utilized either patents or scien-
tific publications as major data sources (approx. 107 records). The remaining
records exploited other sources of knowledge to provide evidence for ST&I re-
search. For instance, content analysis by the National Science Foundation (NSF)
provided new information for measuring interdisciplinarity [85], novel techno-
logical solutions, and new ideas derived from descriptions of granted research
projects from the National Institute of Standards and Technology (NIST) in
the USA [93] or Ministry of Defense in Germany [36]. To capture interest in an
emerging research topic from outside the academic domain, data sources other
than patents and scientific publications have been explored using text analytics.

Text sentiment analysis [94] as a frontier text mining method requires anal-
ysis of social media data. A topic discovery system presented by [95] aimed to
reveal implicit knowledge present in news streams. Ma and colleagues [96] used
machine learning techniques to predict the future popularity of Twitter topics
based on keywords with hashtags. Lu et al. [97] utilized text analytics to detect
hot topics in online health communities that might provide knowledge about pa-
tients’ needs and interests. The exploration of market changes via online news
articles applying text analytics by [51] enables companies to discover business
intelligence factors.
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3.3 Text mining approaches used in the reviewed litera-
ture

The core functionality of the text mining approach lies in the identification of
concept co-occurrence patterns across document collections [98]. In practice,
text mining utilizes algorithmic approaches to identify distributions, frequency
sets and associations of concepts at an inter-document level to illustrate the
structure and relationships of the concepts as reflected in the corpus [98]. The
main goal of text mining is to derive implicit knowledge from textual information
by applying an array of methods from statistics, natural language processing and
machine learning. Text mining algorithms require a mathematical representa-
tion of text documents; thus, a wide range of text extraction and transformation
approaches are available for use. Almost all the reviewed articles followed all or
at least part of the three major text-preprocessing and modeling phases shown
in Figure 4.

 Text mining steps 
 

 A: Feature extraction B: Feature selection 

• Morphological analysis 
• Syntactical analysis 
• Semantic analysis 
 

C: Document mining 

• Vector space model (VSM) or 
Bag of word (BOW) 

• Sequence-based representation 
• Dimension reduction methods 

• Clustering 
• Classification 
• Similarity measurement 

Figure 4: Methodological steps in text mining

Step A: The main objective in the first phase is extraction of valuable infor-
mative terms (features) from the text. The reviewed articles (e.g., [42,50,62,67,
99]) applied various feature extraction approaches, which can be categorized as
morphological analysis, syntactical analysis, or semantic analysis. Morphologi-
cal analysis was utilized as a text preprocessing routine by most of the papers.
The first step in the process is tokenization, which reduces sentences to words
(tokens) and removes punctuation. Next, stop-words like “a,” “the” and “and”
that carry no semantic meaning are eliminated. This is followed by stemming,
a linguistic normalization technique by which a token is reduced to its root
(stem) by removal of derivational suffixes. For instance, all variations of the
verb “applying, applied, applies” are transformed to “appl”. In some case, the
final word’s appearance might not be recognized by the user or the text ana-
lytics algorithm. As a remedy, one more sophisticated morphological methods
known as lemmatization can be used to convert the words of a sentence to their
dictionary base.

Continuing with the above example, lemmatization would return “appl” to
a common form of “applying, applied, applies.” N-gram is another common
method that allows analysis to be conducted at single word (unigram) or phrase
level, i.e. phrases that consists of two- or three-words (e.g., bigram, trigram,
etc.) Syntactical analysis provides knowledge of the grammatical structure of
the sentences. The meaning of a sentence is easier to interpret once the correct
grammatical and semantical information has been defined. For instance, in
part of the speech tagging (POS) process, a sentence is often annotated by its
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noun, verb, adjective, adverb, etc. POS is used in [100] to make sense of a
bilingual English-Chinese document collection as a part of a proposed business
intelligence system.

Semantic analysis incorporates lexicons and dictionaries to categorize words
with similar meaning. Semantic lexicons are the backbone of sentiment analysis
studies, which attempt to measure the emotion of posted information on social
media in news articles [101], online forum discussions [102], customer reviews,
tweets, and Facebook statuses or comments [103]. Li and Wu [102] integrated
text mining with sentiment analysis to evaluate the emotional polarity of an
online sport forum using the HowNet (http://www.keenage.com) lexicon. Other
studies have applied sentiment analysis to social media to capture information
about social aspects of a topic, for example, for research objectives such as
competitor analysis within an industry [103] and opinion mining [104].

Step B : Feature selection is the second phase in text processing, where
the documents are represented based on a fixed informative subset of terms by
the removal of redundant information. The Vector Space Model (VSM) [105],
which is grounded on the Singular Value Decomposition (SVD) method, is a
document representation approach found in many of the articles reviewed (e.g.
[30, 39, 67, 77, 91, 106,107]). The VSM model represents documents as weighted
high dimensional vectors, where the dimensions pertain to individual features
such as words or phrases. When only words are used, the model is called a
Bag of Words (BOW). The weight assigned to vectors is often calculated by
standard weighting schemes such as simple term frequency or TF-IDF (Term
Frequency Inverse Document Frequency). TF-IDF measures are widely used to
show the high frequency words across the collection or rare terms. For instance,
a study by [71] was able to extract particularly rare terms for a patent document
retrieval process by combining TF-IDF with a term association metric (e.g.,
[45,67–69,91,108]). Despite being a common word ranking system in information
retrieval, the TF-IDF function does not consider the length of documents. The
text available in social media news, patent abstracts and full-text articles differs
in terms of size. To achieve more robust representation, recent studies [109,110]
have applied the BM25 (Best Match 25) weighing scheme, which includes a
document length normalization component.

The high dimensionality of VSM models poses challenges to examination of
the subject of the document. Additionally, many features are weighted as a zero
value, which means they do not appear in the term vectors. The existence of
many vectors with zero values is known as a sparsity problem. The dominant
dimensionality reduction approach is Principal Components Analysis (PCA)
(or singular value decomposition), which transforms high dimensional data to
a low-rank estimation of sparse matrices. PCA captures vectors with larger
variances, since the high variance components contain more information. PCA
was applied by Zhang et al. [99] for ST&I text analysis to consolidate topical
content from patent/publication text. Other reviewed papers that have applied
PCA either for dimension reduction purposes or for grouping of similar words
include [39,57,68,90,97,111–113].

Another common approach in feature selection is representing documents
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based on a term’s syntactical order. The POS tagging process can be used
to produce a sequence-based representation of the documents. Recently, the
Subject-Action-Object (SAO) structure, which is composed of subject (noun),
action (verb), and object (noun), has attracted research attention [47, 48, 114].
The SAO method reflects the key concepts and structural relationships between
a sentence’s components. Using the SAO approach, valuable findings in patent
abstracts could be uncovered by extracting the provided solution to the techno-
logical problem [47]. For example, Choi et al. [114] illustrated the relationship
between product components, various technologies and their particular func-
tions from patents related to the Proton Exchange Fuel Cell. Other scholars
have applied SAO to identify the potential applications of a particular technol-
ogy [48].

Step C : In the last step, the text analytics and machine learning approaches
will be exerted for semantically organizing documents extracted from ST&I
databases. The challenge of data analysis at the document level falls into two
main tasks: document classification and clustering. In the machine learning
literature, the former task refers to the categorization of documents in a super-
vised manner based on a set of predefined patterns, which is called the training
data set. The latter task is unsupervised classification or clustering of docu-
ments on the basis of their similarity without a priori knowledge from training
data. Within our 154 sample articles, the proportion of papers that applied
clustering algorithms is larger than those employing classification approaches.
It may be assumed that clustering is more appealing due to the effort, time and
cost associated with training a supervised algorithm.

17Support Vector Machine (SVM)
9Naive Bayes

3Artificial Neural Network
4K-Nearest Neighbor

2Logistic Regression
1Supervised Fuzzy Algorithm

0 3 6 9 12 15 18

Figure 5: Supervised classification algorithms utilized by reviewed papers

The different supervised algorithms utilized by the reviewed articles are
shown in Figure 5 (for detailed mathematical background on the methods please
refer to [24]). Papers that used commercialized software or feature selection
methods or did not reveal the algorithm used have been excluded.

As can be seen in Figure 5, the most frequently applied classifier is a rela-
tively new learning approach, the Support Vector Machine (SVM), introduced
by Vapnik in 1995 to solve two-class pattern recognition problems. SVM also
performs well on high dimensional data, and. SVM has been employed, for in-
stance, to detect patents relevant to solar photovoltaics technology [78] and to
establish a cross-language patent retrieval system for Japanese-English patents
[115]. The case study discussed in section 3.1 employs the SVM classification
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algorithm to execute an automatic patent classification task.
The second commonly used method, Probabilistic Naive Bayes (NB), classi-

fies documents based on an assumption that the terms (document features) are
all equally important and are independent of each other. An NB algorithm has
been applied to categorize tweets based on their sentiments (positive or neg-
ative discussion) [116] and for organization of news articles in the Portuguese
language [35]. A bundle of methods like SVM, NB, k-nearest neighborhood (a
distance based algorithm) and logistic regression are applied in [96] at differ-
ent stages of their methodology to predict and classify future popular topics
on Twitter, which might be valuable information from marketing and economic
perspectives.

24Principal Components Analysis
15Latent Semantic Indexing (LSI)

11Latent Dirichlet Allocation
8Kmeans

6Unsupervised Fuzzy Algorithm
5Artificial Neural Network

4Hierarchical clustering
2Probabilistic LSI

0 3 6 9 12 15 18

Figure 6: Unsupervised clustering algorithms utilized by reviewed papers

The most common document clustering approach (see Figure 6) is classic
PCA (e.g., [99]), which also represents the other reviewed articles that used
its substance methods, such as factor analysis [56] and Multidimensional scal-
ing (MDS) (e.g. [33]). In addition to document clustering, MDS can be used
for dimension reduction purposes. However, PCA methods suffer from exces-
sive information loss when pruning the data dimensions; moreover, they cannot
account for correlated words within the given lexicon of the corpus. In other
words, count-based methods that rely on merely the co-occurrence of words are
not very accurate in document clustering tasks due to not being able to account
for polysemy (words with multiple meaning) and synonymy (multiple words
with similar meaning). As a possible remedy, Latent Semantic Indexing (LSI)
(e.g., [79, 117]), which includes the context (document) of the words, has been
proposed. For instance, the two keywords “cell” and “electrode” are related to
each other as a part of fuel cell technology, but may not co-occur many times.
LSI as a context-based clustering method matches documents with context sim-
ilarity, based on the probability of neighboring words in a particular document,
rather than matching the keywords. The disadvantage of the LSI function is
the absence of a solid probabilistic foundation.

The Probabilistic Latent Semantic Indexing (PLSI) method proposed by
Hofmann [118] was a significant step forward in document clustering methods,
as it provided a probabilistic structure at word level as an alternative to LSI
(e.g. [66]). The PLSI model draws each word of a document from a mixture
model specified via a multidimensional random variable. The mixture model
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represents the “topic”. Therefore, each word originates from a single topic, and
different words of one document can be drawn from various topics. Even though
PLSI is a valuable contribution to the text clustering field, it lacks a probabilistic
model at the document level because documents in PLSI are represented as a
list of numbers without any generative probabilistic model for the numbers. The
limitations of PLSI at the document level causes problems such as over-fitting,
as the number of parameters grows linearly with the size of the corpus.

The latent dirichlet allocation (LDA) method [119] overcomes the limitations
of PLSI and provides probabilistic models for both documents and words (e.g.
[120,121]). LDA is a predictive model that draws latent topics from textual data.
In LDA, documents are represented as a random mixture of latent topics and
each topic is based on the distribution of the words. Another family of predictive
models is the artificial neural network [122]. The remaining papers used the
following clustering methods: k-means from partitioning methods (e.g. [32] ),
hierarchal clustering (e.g. [81]) and unsupervised fuzzy algorithm (e.g. [27]).

In general, all the above text mining based techniques for document repre-
sentation, clustering, and classification are dependent in some way or another
on Distributional Semantic Models (DSMs). The term DSM dates back to the
1991 study by Miller and Charles [123], in which semantically similar words are
placed near each other since they tend to have a similar contextual distribution.
For example, Vector Space Models (VSM) are count-based models [124] where
the semantically similar terms are embedded in a close neighbor in a vector.

Count-based methods compute the statistics of how often a word co-occurs
with its neighbor words in a large text corpus, and then map these count-
statistics down to a small, dense vector for each word. Recent studies [125,126]
show that predictive models can outperform count-based models in the natural
language processing context, as they directly predict a word from its neighbor
terms. Despite the shift toward predictive models, very few studies have applied
them in the ST&I field to solve problems with science mapping [127] or clustering
patent documents [78]. Motivated by this gap, the case study in section 3.2
below considers the science mapping task using a predictive LDA model.

4 Case Studies

This section offers step-by-step guidance to utilizing text mining and machine
learning, using Python packages, for automatic patent classification and clus-
tering of scientific publications based on their content. The automatic patent
classification example refers to a situation where a set of patent documents is
available, for example, patents related to Fuel Cell Electric Vehicles (FCEV),
and researchers wish to collect similar patents. The clustering of scientific pub-
lications example illustrates how research themes can be derived from a set of
scientific publications on a broad subject. In this case, too, fuel cell technology,
which is a multi-purpose technology, is used as an example.
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4.1 Case Study 1: Automatic patent document classifica-
tion

Using IPC codes to retrieve relevant patent documents has been shown to have
limited value when studying Electric Vehicle (EV) technology [74]. Pilkington
et al. [74] investigated the technological development of EVs using the patent
class B60L11, which returned a significant number of irrelevant patents not nec-
essarily related to electric automobiles. Pilkington [74] emphasizes that a clear
boundary is required between generic patents related to electric device technolo-
gies and automotive-oriented patents. This may be achieved by using an archive
of reliable keywords [128,129]. However, a keyword-based Boolean search entails
the risk of missing documents that lack the listed keywords. Another challenge
is inconsistency among the terminologies used by patent applicants, inventors,
researchers and attorneys. Phrases and terms become outdated at some point
as new concepts, innovative materials and processes emerge. In addition, such
database searches are based on the match of exact wording, which is merely a
means of finding phrases without contextual meanings. Additionally, a lack of
familiarity with the area of technology for which the patent data are being gath-
ered can complicate construction of an exhaustive keyword list. For instance,
a patent search query using “electric” and “vehicle” in an attempt to search
for electric vehicle related patented technology would produce patents related
to any type of vehicle that uses an electric current [130]. The high number of
irrelevant patents reduces the reliability of the search outcome

For the purpose of this experiment, this case study was designed with the
aim of using text mining to recognize patents relevant to the vehicle industry
by capturing contextual information within the documents. The goal was to
differentiate patents related to automotive engineering with a specific focus on
Fuel Cell Electric Vehicles (FCEV) from irrelevant documents within a com-
plex dataset. The test set of 218,744 patent documents was gathered from the
PATSTAT database using the search terms “car,” “vehicle,” and “automobile”
for US-granted patent abstracts between the years 2005 and 2014. The patent
search created a heterogeneous test set of technologies from automotive to med-
ical applications.

The case study used the Support Vector Machine (SVM) learning model to
distinguish FCEV patents from non-FCEV patents. SVM is a powerful two-
class pattern recognition classifier; in other words, it is able to answer yes or no
questions, which makes it a suitable method for categorizing patents as relevant
or irrelevant. Prior to the classification task, the SVM needs to be trained by
a predefined labeled dataset, called a training set. The training set formed in
this study included 1,374 records split into relevant (positive) and irrelevant
(negative) groups. The positive group was collected based on a random selec-
tion of 700 patents related to Fuel Cell Electric Vehicles (FCEV) gathered using
gathered using a Corporative Patent Classification (CPC) class (Y02T90/34).
The CPC classification scheme is an extended version of IPC jointly developed
by the European Patent Office (EPO) and the United States Patent and Trade-
mark Office (USPTO). The main objective of CPC is to provide a harmonized
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classification system and improve patent searches through the provision of more
detailed technology classes. It should be noted that at the time of this research,
the Y02T class related to Climate Change Mitigation Technologies related to
Transportation was not complete, which means that all relevant FCEV patents
could not be retrieved relying merely on the CPC code. The FCEV patent ab-
stract descriptions included information related to the electric motor, internal
combustion engine (ICE), hybrid, plug-in and battery electric vehicle technolo-
gies. The negative group in the training set included inventions irrelevant to
the vehicle industry; for example, patents in the areas of textiles, musical in-
struments and speech recognition.

4.1.1 Text pre-processing

The abstract section of the training set and test set needs to be pre-processed
before executing the SVM classification task. The Python code uses Pandas
packages to import the patent abstract stored in a Comma-Separated Value
(CSV) file (see Figure 7). The built-in text processing functions from Scikit-
learn (An open source Python library that implements a range of machine learn-
ing, text processing and visualization tasks) and NLTK (Natural Language Pro-
cessing Toolkit - is the leading Python platform for human language analytics).
Python libraries were used as the main platforms to conduct the text mining
steps. The full implementation of pre-processing and SVM classification was
done in iPython. For the purpose of demonstration, the following snapshots
illustrate the steps in detail. The first step is importing all required Python
packages and the patent abstracts (Figure 7).

#import csv, NLTK and scikit-learn packages

import sklearn, nltk

import as pandas as pd

#import patent abstracts from csv file using pandas package

train_data = pd.read_csv ("filename.csv")

train_labels= pd.read_csv ("filename.csv")

Figure 7: Setting up the required Python packages and importing patent abstracts

The Vector Space Model (VSM) was adopted for document representation
using the feature extraction function from the Scikit-learn package (see Figure
8). The sentences from the document’s abstract were transformed to lower-
case and broken down into words. The reduction of sentences to keywords or
phrases is called tokenization and is operationalized by the NLTK Python pack-
age.Phrases with combinations of two or three words (bigrams or trigrams) with
the minimum frequency of “one” are included in the analysis.

The next pre-processing step is pruning words with very high values. Words
that occur in more than half of the data collection have limited differentiating
value in classification tasks. The cut-off value for removal of words was set
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as words occurring in more than fifty percent of the documents. Once the
documents have been transformed into a compact representation of term vectors,
the terms need to be weighted across the document collection to indicate their
importance. The TFidfVectorizer Python function was used to assign weights
to the term vectors.

#formulate the tokenization function and store tokens as a list

def tokenize(text):

tokens = nltk.word_tokenize(text)

#import TFidfVectorizer from scikitit-learn package

from sklearn.feature_extraction.text import TfidfVectorizer

#operationalise the vector space model and text-preprocessing

vectorizer = TfidfVectorizer(lowercase = True,

analyzer = ’word’, preprocessor = None, tokenizer = tokenize,

ngram_range = (1, 2), #consider bigrams and trigrams

min_df = 1, #pruning word frequency threshold

max_df = 0.5,

stop_words = ’english’, #enforce English stopword

use_idf = True)

#apply the VSM model to train-set and test-set

train_vectors = vectorizer.fit_transform(train_data)

test_vectors = vectorizer.transform(test_data)

Figure 8: Implementation of SVM classification using the Scikit-learn Python program

4.1.2 SVM implementation

Implementation of SVM classification comprises two steps (Figure 9); the SVM
classifier first needs to be trained based on the labels relevant and irrelevant,
and then the trained algorithm is applied to predict relevant and irrelevant
documents in the test set.

#train SVM classifier with the vectorized train-set data

classifier_rbf = svm.SVC()

classifier_rbf.fit(train_vectors, train_labels)

#apply the trained SVM on the test-set collection to predit

prediction_rbf = classifier_rbf.predict(test_vectors)

print(classification_report(test_labels, prediction_rbf))

Figure 9: Implementation of SVM classification algorithm
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4.1.3 Results evaluation

The classification task aimed to assign patent documents in the test set to the
FCEV-relevant category. To evaluate the SVM performance, the test set was
labeled based on the relevancy of the associated IPC code to FCEV technolo-
gies. The utilized IPC codes were retrieved based on the three major technol-
ogy components of FCEV; fuel cell technology(H01M486, H01M496, H01M824,
H01M1208), brush-less or electric motor (H02K19, H02K49) and electric/battery
supplied vehicle (B60L710, B60L722, B60L8, B60L9, H02J7).The labeling pro-
cess of the test set resulted in 3,447 documents out of 218,077 related to FCEV
technology, and the remaining documents were annotated as other. It means
that by using the list of relevant IPCs only 3,447 patents from the initial col-
lection recognized as relevant patents to FCEV.

Taking IPC classes as a baseline, True Positive (TP) and True Negative
(TN) are relevant documents that the SVM predicted correctly and falsely,
respectively. False Positive (FP) and False Negative (FN) are those patents
defined by IPC as irrelevant to FCEV technology, where the latter is predicted
to be relevant to FCEV technology. The SVM classification performed poorly
(about 33%) calculated by the evaluation measures of precision (TP/TP+FP),
recall (TP/TP+FN), and F–score (2TP/2TP+FP+FN) (see Table 2).

Table 2: SVM classification performance considering IPC as a baseline

Evaluation Precison Recall F score
Evaluation based on IPC as a baseline 0.483 0.251 0.33

The FN category are those patents that SVM classifier predicted their rel-
evancy to FCEV technology area, while they were labeled as other. Manual
screening of the FN category by expert (4,970 documents) indicated that about
3,231 documents are actually quite relevant to FCEV technology components.
During the manual screening, the label of 3,231 records in FN category were
updated and categorized under the relevant class.

The second round of evaluations is based on new FN values and results
are presented in the Table 3. The implication is that IPC was not an ideal
baseline for assessment of the SVM performance. The qualitative review of the
documents showed that the SVM is capable of correctly predicting the right
class for a substantial part of the documents with F-measure of 0.735. It can be
argued that the algorithm performance has been improved using using expert
labeling the test-set, while it still shows about 27% error.

Table 3: SVM classification performance against expert labeling the test-set

Evaluation Precison Recall F score
Evaluation based expert screening 0.733 0.737 0.735

This case study provided an automatic approach for a patent retrieval pro-
cess. Utilization of the machine learning classifier can be considered as a com-
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plementary technique for a patent search task. The classifier can be useful for
situations where researchers possess a set of patents and need to collect more
patent documents with similar topics. It should be also noted that the preci-
sion of algorithm classification performance highly depends on the quality of the
training set.

4.2 Case study 2: Science mapping

In the second case study, fuel cell publications are examined and strive to iden-
tify research themes using an unsupervised classifier. Fuel cells are seen as hav-
ing great potential for use in non-combustion engine vehicles. Fuel cells were
invented in 1838 [131], and a number of trials to develop a device for practical
applications have been carried out. Expensive materials and the low conver-
sion efficiency have discouraged the development of fuel cell technology and,
for decades, fuel cells remained an uninteresting technological option. Only in
the past twenty-five years have fuel cells taken leaps forward in maturity. The
family of fuel cells offers a variety of solutions ranging from large stationary
applications to small milliwatt systems [132]. The most significant expectations
had been expressed for portable, stationary, and transportation solutions.

For this study, data were downloaded from published English journals and
conference articles from the ISI Web of Science using a search query for “fuel
cell” or “fuel cells ” in the title, abstract, descriptors or identifiers of a pub-
lication. The search query is not limited to any time window. This search
resulted in a data set of 75,479 articles, from which the bibliographical data was
downloaded. Figure 10 gives the count of publications from 1996 until 2016 and
shows the growth of the publications has been significant. A clear increase in
publications is apparent from the late 1990s. The data was searched mid-2016;
thus, data for 2016 is incomplete and cannot be used as a yearly total value.

This study uses LDA algorithm to cluster the publications. LDA, unlike
supervised or reinforced models, creates an outcome relying solely on its formal
framework. Several studies have investigated the applicability of LDA to un-
cover patterns from text collections drawn from different sources, for example,
scientific publications [127, 133] and patents [111, 134, 135]. LDA is a soft clas-
sification algorithm, which means that the algorithm classifies inputs by giving
a probability of the item belonging to each cluster. As researchers often strive
for hard classifications, there is a need to reduce the dimensionality of the LDA
results to one class. Approaches for this task can be simple, such as using the
most probable class as the class an item is assigned to, or more elaborate, for
example, dimension reduction using a modularity algorithm [136] or PCA. Sim-
ple hard classification selection of the most probable topic loses a significant
portion of the LDA results, whereas the other approaches integrate the soft
classification as a part of their results.

Analyzing scientometrics data with topic models, specifically LDA, has at-
tracted significant research interest in recent years. Yau and colleagues [133]
analyzed the effectiveness of different approaches for topic modeling, includ-
ing LDA, and considered specifically the algorithms’ precision and recall on
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Figure 10: Number of scientific publication related to Fuel cell technology

a human-labeled document set. Suominen and Toivanen [127] used LDA as
a method to create a science map. In the patent domain, Venugopalan and
Rai [78] applied topic modeling to patent data looking at knowledge spillovers.
In the photovoltaic context, the authors were able to reduce the dimensionality
of the input data highlighting an aggregation of the patents’ knowledge con-
tent. Lee et. al [135] analyzed technological convergence, using LDA to identify
keywords from the document corpus. Suominen et. al [134] used patent data
to structure the knowledge portfolio of telecommunication companies. Using
full-text patent data, the study structured the technological portfolios of the
selected companies and created a forecast of the technology pathways of the
sample companies.

4.2.1 Text Pre-processing

In the pre-processing phase (Figure 11), the Python package Pandas was used
to import the flat file and to identify if fields had varying data types. The
WordNet lemmatizer imported from the NLTK package for word consolidation.
For stop-words, the code relies on a user provided list. Although a stop-word
implementation could be provided through NLTK, there is some case specificity
regarding what should be removed from input data. In addition, as the objective
is to use LDA with science abstracts, research has shown that excessive word
removal prior to analysis can diminish the quality of the results [133].

As the source data is abstract, aggressive pre-processing can in practice yield
extremely short input per document (e.g., a 100-word abstract with excessive
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pre-processing can be cut to one with little or nothing to analyze). To avoid
including abstracts with little or no content, the code includes an if-statement
excluding abstracts smaller than 100 characters. This limit is arbitrary and can
be changed dependent on the input used. The main goal here is to exclude
documents with no or extremely short abstracts.

#Import, read data and create variables

import pandas as pd

from nltk.stem import WordNetLemmatizer

wnl = WordNetLemmatizer()

df=pd.read_csv(filename, sep="\t", header=0, encoding="latin-1")

#Creating a list of abstracts, identifiers and publication years

abList = df[’AB’].tolist(), utList = df[’UT’].tolist()

pyList = df[’PY’].tolist()

#Pre-processing-Creating a list to store pre-processed abstracts

abPrecessed=[] , idProcessed =[]

counter=0

#For loop to pre-process abstracts

for line in abList:

#Here we exclude absracts shorter than 100 characters

#Remove item from utList and pyList if abstract removed

if len(line)<100:

continue

else:

#Removing stopwords given in a user created

data= ’ ’.join([word for word in line.split()

if word not in stopwords])

#terms containing a number removed

data = ’ ’.join(s for s in data.split()

if not any(c.isdigit() for c in s))

#lemmatization

data = " ".join([wnl.lemmatize(i)

for i in data.split(" ")])

abProcessed.append(data)

idProcessed.append(utList[counter])

pyProcessed.append(pyList[counter])

counter += 1

Figure 11: Pre-processing for LDA analysis

After preprocessing, the Gensim package was utilized to run the LDA algo-
rithm (Figure 12). First, the code imports the required packages; thereafter, the
code uses the list created in the pre-processing stage to create a corpus tokenized
for analysis. At this stage, Gensim offers an option to implement stop-word re-
moval, but as this was implemented at the beginning of the analysis, it was
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not done here. Gensim also includes an option to remove words with either a
high or low occurrence rates in the corpus. In the code, the limitFreq variable
controls the words that appear limitFreq times or less are removed from the
corpus. The variable limitExtremes controls the program to keep only the first
most frequent tokens. The limitAbove variable is a fractional variable to filter
out tokens that appear in more than limitAbove documents. These variables
are given as parameters to filter extremes.

from gensim import corpora, models, similarities, matutils

from gensim.models import ldamodel

from itertools import izip as zip

import numpy as np

import scipy.stats as stats

#Variables

limitBelow = 20, limitAbove = 0.9, limitExtremes = 50000,

valueMin =1,valueMax =100, valueStep =1

#create a dictionary

dictionary = corpora.Dictionary(line.lower().split()

for line in abProcessed)

# remove stop words and words that appear only once

once_ids = [tokenid for tokenid, docfreq in

dictionary.dfs.items() if docfreq <= 1]

dictionary.filter_tokens(once_ids)

# remove gaps in id sequence after words that were removed

dictionary.compactify()

#Filter extremes

dictionary.filter_extremes(no_below=limitBelow, keep_n = limitExtremes)

class MyCorpus(object):

def __iter__(self):

for line in abProcessed:

yield dictionary.doc2bow(line.lower().split())

FCcorpus = MyCorpus()

# Parameters are the corpus and dictionary for the data,

# lower and upper bound of the topic evaluation and

# max and step between topics to be evaluated

lVector = np.array([sum(cnt for _, cnt in doc)

for doc in FCcorpus])

kl = klDivergence(FCcorpus,dictionary, lVector, valueMin,

valueMax, valueStep)

Figure 12: Creating a corpus and evaluating KL divergence

After creating the corpus and before running the analysis, LDA requires
several further inputs in addition to the data for the model. One of the most
significant inputs is selection of the number of topics created by the model.
There is currently no consensus on the most practical method for assigning the
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number of topics. Some researchers have claimed that a trial-and-error method
of testing a different number of topics with given input data will produce results
that are most convenient for human interpretation [137]. However, a number
of other mathematical approaches have also been proposed, such as using KL
divergence to estimate the input [138]. In this study, the Python code proposed
by [138] was used. KL divergence was implemented to estimate the number of
topics in the constructed fuel cell corpus.
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Figure 13: Calculation of KL divergence to identify optimum number of topics

Figure 13 shows the plot of values returned by the function KL divergence.
As seen in Figure 13, estimation of the number of topics requires human inter-
vention and simply taking the smallest value of the series is not sufficient. Even
if the researcher has a relatively narrow window of expected topics, automating
evaluation of a KL divergence plot can be challenging. In the case at hand,
the number of topics selected for the analysis was 24 topics. This selection was
based on the sharp decrease and value of the KL divergence at 24 topics.

4.2.2 Topic modeling results with the LDA algorithm

Based on the assessment of the number of topics, the final model was created
using the LDA model (Figure 14). Gensim offers a convenient way of running a
model with three parameters: a corpus, a dictionary and the number of topics.
The model can be saved for later usage, for example, to infer new documents
against the same model .
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lda = models.ldamodel.LdaModel(FCcorpus, id2word=dictionary,

num_topics=24)

lda_corpus = lda[corpus]

lda.save(LDA_model)

Figure 14: Running of the final topic value for the LDA model

The model completes with a two-result dataset: the probability distribution
of documents being classified to a topic and the probability distribution of words
being associated with a topic. At this point, the researcher has several avenues
to approach the results. The documents-topic probabilities can be further used
to compare proportion of topics or study the linkages between topics. The
word-topic probabilities can be used as a source for an auto-labeling algorithm
or plotting a word-cloud enabling qualitative interpretation of topic content.

To describe the topics, word-clouds were implemented using the R word-
clouds package, which enables visualization of the topics in a format convenient
for human interpretation. Figure 15 shows two examples of word-clouds from
the 22 topics created. The word-clouds show the thematic differences of the
topics created. For example, 15a describes a vehicle-related thematic topic; it
is also focused on hydrogen as a fuel, storing fuel in a vehicle, and the efficiency
of the vehicle system.
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Figure 15: Selected topics from the 24 LDA topics.

The document topic probabilities were retrieved using the call lda[doc] (Fig-
ure 16). This call retrieves top topic probabilities, omitting extremely small
probabilities. In practice, this creates a directed vertex from a document to a
topic that has a weight that is the probability of a document belonging to a
topic. For example, the code in Figure 16 shows the probability distribution of
first document in the corpus related to four major topics (Topic number 7, 10,
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12 and 16).

for doc in FCcorpus:

print(lda[doc])

[(7, 0.035872179268285884),(10, 0.26206672752133908),

(12, 0.50151704492601012),(16, 0.050475303440253319)]

...

Figure 16: Print document topic probabilities.

All probabilities creating a bipartite network where nodes are topics and
documents and edges are links between documents and topics were extracted,
which allowed reduction of the dimensionality of the data in two ways. First,
the data were reduced such that the documents were hard classified to only one
class using the Modularity Algorithm [136]. This creates new classes, called
communities, that contain both topics and documents. Second, the dimension-
ality of the data was reduced by transforming the bipartite graph to a one-mode
projection, allowing the links between topics to be understood. This transfor-
mation can be done for the bipartite graph of topics and for the communities’
documents. If done with the latter, it should be noted that a community can
include multiple topics.

The bipartite network created from the data consisted of 69,942 nodes and
342,029 edges (see Figure 17). Of the nodes, 24 were topics and the rest were
documents that remained in the analysis after pre-processing had removed the
short documents. Running the Modularity Algorithm at a resolution of 1.0
produced a hard classification with 9 communities. Table 4 shows the percent-
age distribution of nodes to each community, as well as the topics that were
hard classified to a specific community. The average community size is 11.11%
(s=3.12%, N=9), which suggests a relatively equal distribution of nodes in each
community . A qualitative assessment of the linked topics, based on the word-
clouds, resulted in the labeling given in Table 4. Although subjective, the labels
give an indication of the content in each community and enable further discovery
of the topic content.
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Table 4: Communities, the topics embedded to a community and the share of nodes
in each community

Community Topics Node % Label
1 Topics 1, 12 & 20 12,51 Fuel Systems
2 Topics 5 & 8 13,08 Hydrogen Fuel Systems
3 Topics 9, 10 & 13 8,25 Fuel Cell Stack
4 Topics 3, 4, 11 & 21 11,14 Nanostructures
5 Topics 6, 14, 15 12,18 Small Fuel Cells
6 Topics 7 & 16 9,32 Catalyst & Electrode
7 Topic 18 6,32 Solid Oxide Fuel Cell
8 Topics 2 & 23 9,47 Temperature issues
9 Topics 17, 19, 22 & 24 17,72 PEM Fuel Cells

The dimensionality of the bipartite network can be reduced to show interac-
tions between the topics. This requires transformation of the bipartite network
to a one-mode representation that shows the topic nodes and calculates their
interaction based on the shared probabilities between the topics. Bipartite net-
work illustrates LDA model as a topic-to-topic representation. Figure 17 shows
the interactions between the topic nodes and reduces the complexity of fuel cell
technology development to a few clusters, namely temperature issues in orange,
PEM fuel cells in lilac, nano-structures and materials in blue, and hydrogen fuel
systems in green.

Figure 17: One-mode representation of the bipartite graph created from LDA. Node
size is based on hard-clustered documents in each topic. Color is based on modularity
run for the one-mode representation. Colors are based on the modularity algorithm
communities
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5 Discussion and conclusion

The major contribution of this chapter is twofold; first, it provided a sum-
mary of how text mining extends the range of quantitative methods applicable
to ST&I and highlighted major methodological challenges. A set of 154 arti-
cles was examined based on their major theoretical or practical contribution to
ST&I, utilized data source, and applied text mining techniques. The second
contribution comprises illustrated hands-on detailed case studies showing how
a text analytics routine can be implemented.

The literature review shows that considerable progress has been made in
terms of incorporating text analytics methods in development of scientometrics
tools to address ST&I research objectives. Scientometrics research tools based
on citation-based methods that have been partially coupled with or fully devel-
oped based on text analytics include; science mapping, patent mapping, inter-
disciplinary research indicators, measurement of S&T interaction and literature
based discovery. Among the ST&I research subfields, the operationalization of
technology forecasting and management, research evaluation, technology trans-
fer and detection of technological opportunities has benefited widely from the
utilization of text mining. In addition to patents and scientific papers, which are
known to be major sources of codified technological and scientific knowledge,
other novel data sources (e.g. social media, news streams, policy documents,
research proposals, etc.) have been exploited over the last decade.

The literature review summarized the text mining routines practiced by
scholars, starting from alternative techniques of text extraction and pre-processing
to documents modeling. Implementation of the first two text mining steps de-
scribed as feature extraction and feature selection (see Figure 4) are necessary
to process and present the text in a mathematical format suitable for machine
learning algorithms. In general, all document modeling problems can be clas-
sified as either supervised document classification or unsupervised document
clustering. The first case study presented in this chapter illustrated a document
classification challenge where similar patent documents need to be collected and
classified to a particular known sample of patents, in this particular case related
to Fuel Cell Electric Vehicle (FCEV) technology. The second case addressed the
document clustering issue, that is, identifying the underlying topics of an un-
known document set. Science mapping is an example of document clustering, as
it involves grouping scientific publications with a similar research theme. Open
source Python libraries were used to implement the case studies, and detailed
guidance of their use is provided.

Broadly speaking, analysis of high dimensional natural language is a com-
plex task due to three prominent challenges: text ambiguity, redundancy and
the absence of semantic relationship between words or documents. Ambigu-
ity appears when multiple words have similar meaning (polysemy), redundancy
refers to situations where several words share similar meaning (synonymy) and
the lack of semantic links occurs when the context of the extracted words is ne-
glected. Dominant text analytics methods such as vector space models (VSM)
or principal components analysis (PCA) (i.e. count-based methods) may not be
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able to overcome all three challenges for document modeling tasks. However,
PCA and VSM perform well for word level analysis whose aim is to extract im-
portant keywords in the corpus. The advancement of count-based approaches
toward the family of methods with superior performance known as context-based
predictive methods [124] is reflected well in the literature. While count-based
models remain the dominant approach, an increasing number of papers in recent
years have applied predictive models to execute science mapping, technology
forecasting activities and research evaluation. Acknowledging the advantages
of predictive models would affect how future studies in ST&I can shape their
research design.

Overall, the analysis supports the contention of an evolution of quantita-
tive STI analysis methods from elementary count-based methods and linkage
metrics to complex natural language analysis [139]. Current natural language
analysis studies have laid a firm foundation for future work, and the studies
enable a robust understanding of methodological options and limitations when
analyzing complex science and technology data. The two case studies presented
illustrate that researchers already have fairly robust natural language and ma-
chine learning based analysis methods to answer complex ST&I related research
questions.
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A B S T R A C T

The Triboelectric Nanogenerator (TENG), invented in 2012, is an emerging energy harvesting technology that
efficiently converts ambient mechanical energy into electricity. Much work has been done to develop this device
and improve its performance. However, no systematic report about its applications through large-scale
publication and patent data analysis is available. In this study, we use “Tech Mining,” a systematic analytical
method based on structured texts applied to publication and patent abstract data, to analyze potential
applications of TENGs. A series of applications from product scale to industry scale are identified. The findings
show that when used as sensors, TENGs are mostly applicable in automation and energy-intensive industries
such as automotive, medical or surgical devices, consumer electronics and household appliances. TENGs in the
form of sensors can also be integrated with future-oriented and exponentially growing technologies such as
robotics, drones, nanotechnology, and bioinformatics that will create enormous value for future economies.
Moreover, applications of TENGs as sensors are also in line with current global trends of science and technology
development, including the “Internet of Things,” big data, clean energy, and smart cities. Combined with those
technologies and industries, TENGs can help in tackling challenges of global warming, environmental pollution
and security systems. We suggest the TENG research community to widen interdisciplinary collaboration,
pursue connections with industry, and file more patents as R &D progresses. In addition, research limitations
and future development directions of TENG are pointed out.

1. Introduction

The identification of “potential innovation pathways and technology
opportunities” [1] is important for formulating research strategy,
conducting interdisciplinary collaboration, and devising policy for
science, technology, and innovation. Prediction of potential applica-
tions and future development horizons is crucial for technologies that
are still in an early stage of development [2]. The Triboelectric
Nanogenerator (TENG) technology, introduced in 2012 [3], is found
to have high potential to be applied in various fields [4]. TENG is a
technology that can effectively harvest ambient mechanical energy
from the living environment and convert it to electricity. Its potential
for the creation of a fully integrated self-powered microsystem using
low-cost fabrication processes makes TENG attractive [5,6]. In the past

few years, publications have covered not only fundamental topics of
TENG, such as materials [7–12], output efficiency [13,14], structures
or modes [15–18] and the theoretical origin of nanogenerators [19],
but also applications in environmental protection [20–22], hybrid
energy cells [23–26], portable or wearable electronics [27–29], the
generation of “blue” ocean wave energy [30–33] and other sensor
related applications [34–42].

Most studies that address applications of TENGs have stemmed
from experimental results rather than being based on discovery
methods utilizing literature and/or patent analyses [43]. Such tradi-
tional approaches have contributed profoundly to framing and orient-
ing TENG research but risk neglecting application information ob-
tained from data. In this study, we present an evidence-based analysis
of TENGs through “Tech Mining” [44] of publication and patent data to
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provide perspective on the scope of TENG research and development to
date and to elucidate promising applications of TENGs.

Tech Mining is a systematic analytical framework that explores
information about emerging technologies to support innovation man-
agement [45]. The large-scale data (both in source and quantity) used
in Tech Mining facilitate decision making procedures using scientific
evidence. The method is widely used in identifying emerging technol-
ogies [46,47], forecasting innovation pathways [48–50], extracting
technology competitive intelligence [51,52] and monitoring market
trends for business and exploring technology roadmaps [53].

In this study, the Tech Mining framework is applied to scientific
publication and patent abstracts to address the following questions
regarding the emerging TENG technology: 1) What are the topics
covered by research papers in TENG? 2) What are especially promising
application topics for TENG technology? and 3) From technical and
market perspectives, what are the potential applications of TENG
technology in those topical domains?

In this work, the publications relating to TENG and patents of
sensors are systematically analyzed using tech mining to predict
potential applications of TENG used as sensors in various fields.
Compared to the application cases listed in the published papers, the
ones identified using Tech Mining are more comprehensive. The
limitations and future research directions are also discussed.

2. Methodology and data

"Tech Mining" is defined as “the application of text mining
techniques to science and technology information, informed by under-
standing of technological innovation processes" [45]. One may use
Tech Mining to analyze scientific discovery and technological develop-
ment output codified in the form of scientific publications and patent
documents available from public data sources. Patent and publication
records include two types of data: structured data such as bibliometric
elements like author names, publication date, and unstructured textual
data such as the title, abstract, and descriptions. Abstracts of publica-
tions stored on Web of Science (WOS) Core Collection2 and patents
from Derwent Innovation Index (DII)3 and other sources, including
Relecura,4 are used in this study. They are well-suited for Tech Mining
as they contain a large amount of technical information. The analysis of
such data provides information on R&D themes, individuals, organi-
zations, geographic distribution, funding sources and document types,
amongst others. Therefore, Tech Mining contributes significantly in “R
&D Profiling” [54] that addresses the “When, Where, What and Who”
questions by highlighting the timing, location, thematic focus and main
contributors involved in R &D processes. Vantage Point,5 a sophisti-
cated Tech Mining tool, is used to analyze publication and patent data
in this study, combined with an independent analytical method called

Topic Modeling. Tech Mining also involves experts from respective
research fields to add insight in interpreting and exploring analytical
findings provided by Tech Mining In the study, we also hold workshops
with researchers from academia and industry.

2.1. Research design

The structure of the analysis is shown in Fig. 1.
As shown in Fig. 1, the study is conducted through the following

steps:

STEP 1: Identifying research topics of TENG studies by mining
TENG publication abstracts.

The initial sources used for identification of potential applications
for TENG technology are scientific publication and patent abstracts.
However, we study the research topics using publication data since
there are very few patents on TENG.6 These research topics are then
analyzed to identify applications that have been studied. Since the goal
of this study is to systematically analyze potential applications of
TENG, studied applications are seen as of interest for TENG experts
and indications of scientifically sound application directions. In this
step, VantagePoint is used to analyze the basic characteristics of TENG
research activities from 2012 to 2015, while topic modeling is used to
reveal the research topics of TENG studies.

To extract relevant publications fromWOS, a keyword-based search
query is formulated by TENG experts from the Georgia Institute of
Technology.7 The abstract records of scientific papers are investigated
by applying text mining and machine learning techniques to identify
underlying research topics in TENG related publications. Machine
learning approaches have been applied to analyze patent data of
various technologies [55–57]. The most popular machine learning
algorithm used for topic analysis is the Latent Dirichlet Allocation
(LDA) [58]. The assumption behind LDA topic models is that the
documents are a mixture of topics and the algorithm seeks to detect
these underlying latent topics in a document collection. The topics are
perceived as a distribution over a vocabulary of words [58]. LDA is a
generative probabilistic model that includes probabilistic models both
at document and word level. Such two-level analysis results in LDA
being superior to other topic models such as Latent Semantic Indexing
(LSI) [59] or probabilistic latent semantic indexing (PLSI) [60].
Therefore, this study utilizes LDA for detecting underlying latent topics
within TENG publications. Prior to processing using LDA, the text data
are manipulated by removing the punctuation, numbers and stop
words. The remaining raw text is tokenized, which means sentences
are reduced to single words. A customized stop word list is prepared to
filter out domain-specific phrases like “this research,” “this study,”
“their report presents,” and other words that do not convey any specific
message such as “use,” “analyze,” “explore.” In the last preprocessing
step, a dictionary of the filtered words is saved as a bag of words and is
used as the input for the topic modeling algorithm.

The outcome of topic modeling is two matrices: document-topic
and word-topic probability matrices. Since LDA is a soft partitioning
clustering method, each document can be associated with several
topics. Document-topic matrices can be used to illustrate the document
proposition associated with each topic cluster. Words with top prob-
abilities in each topic are calculated using the second matrix of word-
topic probabilities. The top terms represent the topic and can be
utilized for interpretation purposes [61]. The Gibbs sampling [62] has
been used to estimate the LDA model parameters by "lda” R program-
ming package. The model iteration is set to 5000, and the two key LDA

2 The world’s leading citation databases provide authoritative, multidisciplinary
coverage from more than 12,000 high impact research journals worldwide, including
Open Access journals. Cover-to-cover indexing of content is provided by Science Citation
Index Expanded (1900 - present), Social Sciences Citation Index Expanded (1900 -
present), Conference Proceedings Citation Index (1990-present), Arts & Humanities
Citation Index (1975 - present), Book Citation Index (2005 - present), Current Chemical
Reactions (1985 - present), and Index Chemicus (1993 - present). The Web of Science
Core Collection is comprised of 100 years of valuable research, fully indexed and cross
searchable.

3 Derwent Innovations Index facilitates rapid, precise patent searching and merges the
value-added patent information from Derwent World Patents Index with the patent
citation information from Derwent Patent Citation Index. Conduct powerful patent and
citation searches of inventions in chemical, electrical, electronic, and mechanical
engineering. Use additional descriptive information and coding to quickly grasp a
patent’s significance and its relationship to other patents.

4 Relecura is an IP analytics and knowledge management platform for patents and
portfolios using machine learning, semantic analysis, and predictive analytics to create
custom solutions. (www.relecura.com)

5 VantagePoint is a sophisticated Tech Mining tool suite. It is software designed to be a
“powerful text-mining tool for discovering knowledge in search results from patent and
literature databases.”

6 Only 6 patents are found in Derwent Innovation Index by 2016.
7 When the research took place, Ms. Haoshu Peng was a visiting scholar at Gatech; Dr.

Xudong Fang was a PhD student at GaTech; Dr. Zhen Wen and Dr. Samira Raneai were
visiting PhD students at GaTech.
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parameters (alpha and eta=0.01) that control for word and document
probability distribution are set to their default values. The algorithm
requires user input for the number of topics, based on a data-driven
decision making approach. The traditional metrics for estimation of the
number of topics, such as perplexity [58], are negatively correlated with
the topic quality and coherence [61]. Therefore, in this study, we follow
the approach suggested by Chang et al., (2009) to set the optimum
number of topics based on expert evaluation and qualitative analysis of
generated topics. The generated topics will be reviewed and labeled by
experts based on manual screening of the top word descriptors.

STEP 2: Choosing target application topic(s) for further analysis.

TENG is at the emerging phase of its technological life cycle and few
patents are available from the chosen data sources [63]. The lack of
TENG historical patent data, which is a proxy for technological
development [64], hinders us in drawing any conclusion on its
technology applications directly. The study takes advantage of the
generated thematic research topic results from step 1 for Tech Mining
and TENG experts as references to suggest the target application
topic(s) for further analysis.

STEP 3: Patent analysis of the target application topic(s) to explore
potential applications of TENGs.

Compared to scientific papers, patents are more informative in
indicating potential applications of inventions, especially for technol-
ogies in an early stage of development. In this study of TENG, two
parallel patent analyses were conducted from different perspectives
and with different data. One is to directly extract applications of the
chosen research topic(s) from the “USE” field of patents in Derwent
Innovation Index. The other is to search applications by looking into

applications of patents that are most traded or reassigned in the
market.

For the first analysis, the patent data are extracted from Derwent
Innovation Index (DII) using a keyword based query formulated
according to the generated topics. DII is preferred because the “Use”
field, which is manually rewritten by technical specialists, explicitly
suggests applications or utilities of a target patent. This study analyses
the “Use" section to focus on the applications of a given technology on a
product level. Features of VantagePoint are used here. The textual
information of this patent “Use” section is imported to VantagePoint
which allows one to subject it to Natural Language Processing (NLP).
As a result, NLP phrases that describe the patent applications are
extracted. The resulting collection of phrases is “noisy” and may
contain a large number of irrelevant words or phrases that prevent
easy identification of words relevant to this study. Therefore, “Term
Clumping” [65] is applied to reduce the irrelevant words through
dimension reduction. Finally, a factor map technique based on
Principal Components Analysis (PCA) is applied to cluster the phrase
collection based on their content (and their tendency to co-occur in
abstract records) to show the top applications extracted from the “USE”
information of patents.

For industry level analysis, patent transaction data in Relecura are
examined to show the market demands for the chosen application
topic(s) and, potentially, TENG technology. Relecura collects the
transaction data of 7 patent authorities (Australia, Brazil, China,
Germany, EPO, New Zealand and the United States). Although not
exhaustive, the data cover transactions in the main markets. Patent
transactions and reassignment activities in a technology area of interest
suggest leads for commercialization. However, transactions can happen
in various forms such as licensing, cross-licensing, purchase and sales
of similar intellectual property. This study considers the transactions
between independent legal entities as authentic transactions.

Fig. 1. Research Methodology, Data and Structure.
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Individual inventor assignments,8 security agreement assignments,9

assignee name change,10 mergers or acquisitions,11 assignments be-
tween subsidiaries and parent companies and patents used as mortgage
are not included in our data.12 In addition, Relecura provides an
assignment auto-filter algorithm that improves the accuracy of the
analysis by cleaning the false positives that arrive in the assignment
results-set. The algorithm automatically removes assignments pertain-
ing to self-assignments, security assignments and inventor assign-
ments. The patent clusters with highest number of transactions, along
with their assignees and assignors are identified based on the corre-
sponding International Patent Classification (IPC) codes that categorize
patent documents into technological sub-classes. The IPC technological
levels can then be associated with relevant industries. The generated
clusters or assignees show the industry distribution of relative patent
transactions within the chosen technologies. In this study, the transac-
tion assignee is defined as a buyer who obtains the ownership of the
patent. The transaction assignor, on the other hand, is defined as the
seller who is handing over the ownership of the patent in a transaction.
Analysis of the transaction assignees, assignors and their industries
sheds light on the top active industries in which TENG technology can
be potentially applied.

3. Results

The analysis of 492 TENG papers records published between 2012
and 2015 shows fast growth of publications from 54 in 2012 to 233 in
2015. Over 1200 authors around the world are engaged in the field
where each paper has been cited 9.5 times on average, a remarkable
average given this relatively short time span. The average number of
co-authors (around 5 per paper) indicates that this is a highly
cooperative research area.

These TENG papers span the WOS categories over Materials
Sciences, Nanoscience & Nanotechnology, Chemistry, Engineering,
Physics, Energy & Fuels, Pharmacology & Pharmacy, Integrative &
Complementary Medicine, Biochemistry & Molecular Biology,
Instruments & Instrumentation, and Optics, which suggests that
TENG research is highly multidisciplinary with contributions from
various fields.

Besides, the leadership and geographic proximity of the top authors
appear to be important in shaping TENG community growth. TENG
has attracted research engagement around the world with centers of
activity in China and the US under the leadership of key authors. In
recent years, contributions from European and Eastern Asian countries
have gradually increased.

Finally, the data of “funding acknowledgements” indexed by Web of
Science suggests that both government and industry funding contribute
to the development of TENG research. Governmental funding in China
and the US dominates the funding sources for TENG studies. Industry-
based funding comes from companies such as LG, 3M, Pfizer, Samsung,
Soluxra, Bayer and Merck. The support from industry for an emerging
technology suggests a promising commercialization potential.

3.1. Research topics of TENG publications

TENG publications are clustered into sub-categories using topic
modeling based on their topic similarities. Table 1 shows the most
frequent keywords of the resulting topics. Topic 1 is about the
characteristics and measurements of TENG as a power source and
energy harvesting technology. Topic 2 describes the application of
TENG as sensors. This topic is most related to applications. As reported
in the literature, more than any other application forms, researchers
have provided dozens of cases of TENGs used as pressure sensors,
vibration sensors and applied them into actual scenarios. Thus, it is
likely that TENGs will first be commercialized as sensors. Topics 3 and
4 are related to biology and medicine. There are few papers describing
applications in healthcare devices such as pace makers, etc. The
development of medical and biological devices usually takes a long
time, particularly the ones used for human beings. So, the possibility of
TENG used in biological and medical industry in the near future is
lower. Topic 5 is more related to materials and properties of TENG. As
a result, Topic 2 is the most promising application topic addressed
using the Topic Modeling method.

A workshop is held involving both Tech Mining and TENG experts
to evaluate the findings. TENG experts acknowledge that sensor
applications are the most debated and promising application direction
in the TENG research community. Tech Mining experts suggest to
further examine sub-topics of sensor-related publications so that a
clearer picture of studied applications can be drawn. That will also
provide evidence for the experts to address potential applications of
TENGs.

3.2. Sub-topic analysis of sensor related publications

In this section, the focus is on identification of sub-topics from the
publications clustered under the “sensor" topic (Topic 2) in Table 1.
128 publications with a focus on TENG in sensor applications are
found through Tech Mining methods described in the first step of
Section 2.1.

TENG experts then categorize the sensor-related publications based
on the sensors’ physical characteristics and sensor classification
standards.13 Table 2 shows the sensor types, their functions and
applications that have been studied in the 128 TENG publications:

As shown in Table 2, TENG-based sensors can be roughly categor-
ized into 12 different types with the three broad application areas
(energy harvesting, monitoring, and power sources). Furthermore,
TENGs are expected to function as electronic components utilized in
industries such as logistics, remote sensing, healthcare, and so on.
However, the limited applications found in the papers cover only part
of the applications of sensors. Therefore, figuring out more compre-
hensive applications of the 12 types of sensors is the next step of this
study.

3.3. Analysis of sensor patents

Patent data are a prime source to identify applications [66] via Tech
Mining. They provide abundant information on the technology proper-
ties and utilities. As sensors are the most promising application of
TENG, analysis of sensor patents will compensate the inadequacy of
TENG patents. As a result, two parallel patent analyses are carried out
for different purposes: one to analyze extended applications of the 12
types of sensors identified in TENG publications; the other to analyze
the transactions/reassignments of sensor patents to reveal potential
market opportunities for TENG-based sensors.

8 Individual inventors assign patents to their employers as per their contracts.
9 These transactions occur when patent holders assign patents to banks/funding

agencies to secure a loan. Hence, these patents would be transferred back to the patent
holders on the repayment of loans, and might not be helpful in our analysis.

10 Apple changed its name from Apple Computers Inc. to Apple Inc. in the year 2007.
This change of company name was recorded with the USPTO and shows up as re-
assignment record for many of their patents.

11 When a company merges with or acquires another company, the patents are
assigned to the newly created entity (merger) or to the acquiring company.

12 The analysis is restricted to assignment records for Australia, Brazil, China,
Germany, EPO, New Zealand and United States where assignment transfer records are
available in Relecura. However, different data sources have different data availability. 13 An international standard provided by Jiangmen Leader Electronic Co., Ltd.
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3.3.1. Extended applications for TENGs in the form of sensors
21,767 patents of the 12 types of sensors, identified as TENG-

relevant (Table 2), and filed between 2006 and 2015 are downloaded
from DII. After the process of Term Clumping, a factor map is
generated that shows the top 20 applications mapped by
VantagePoint. The number of applications is reset by Tech Mining
and TENG experts together to make the map more readable and
measurable. Each application is shown as a node. The resulting map,
shown in Fig. 2, reveals application topics and connections (based on
co-occurrence of terms in the patents analyzed).

The links between the nodes indicate the strengths of the connec-
tions: the closer the connection, the stronger the link. More so, a
thicker line indicates stronger association between two nodes (reflect-
ing a path erasing algorithm). The names of the nodes are automati-
cally selected from the first terms in the information boxes14 (Fig. 3)
clustering to constitute the nodes. Nodes that are labeled with identical

cluster names by the system are manually renamed by experts based on
the contents in the information boxes. The renamed nodes represent a
more general concept of the related concepts listed in the correspond-
ing information boxes.

Fig. 2 shows 7 key application clusters in different colors: 1) Power
source and storage, 2) Internet of Things and display, 3) Chip/tape
carrier or film, 4) Optical devices, 5) Medical diagnostics, 6) Bar code,
and 7) Information kiosk.

If we zoom in to the applications with information boxes, more
details are revealed as shown in Fig. 3. Here, applications that have also
been studied in TENG publications include: cardiac pacemakers,
portable machines or hand-held devices, power storage systems,
medical instruments, motion sensing devices, nano-devices, nano-
biotechnology devices, home security systems, chemical sensing,
acoustic touch apparatuses, and others. This means applications mined
here are overlapping with but not limited to the ones that have been
studied by TENG researchers.

Additional applications can be found in Fig. 3 by relating the
applications identified through the patent analysis to the ones identi-
fied in TENG publications. These include (by cluster in different
colors):

1) grid-tied electrical system, solid state light, fiber optic communica-
tion, bar code reader, dehumidifier, electric fan, water heater,
electric toy, motors;

2) wireless device, mobile TV receiver, computers, electronic black-
board, Bluetooth devices, credit card, smart card, computer server,
carbon dioxide sensor, electroencephalography, carbon monoxide
sensor;

3) semiconductor element, optical waveguide, microreactor, immu-
noanalytical chip, color filter, rib material, tape carrier package &
plastic leaded chip carrier, ball grid array;

4) projection lens, gradient index lens, micro lens, diode laser,
photonic integrated circuit, array radar, chemical sensing;

5) molecular diagnostics, biological sample analysis, food analysis,
chemical sample analysis;

6) information kiosk, order entry system, and
7) optical character recognition, and bar code symbol.

The applications are related to an amazing range of industries,
including finance (e.g., credit card, smart card), automobile (e.g.,
battery, drive source), medical/health (e.g., diagnostics), ICT (e.g.,

Table 1
Themes clustered from TENG research publications using Topic Modeling.

Topic 1 Topic 2 Topic 3 Topic 4 Topic 5

Energy Selfpowered Cells Scaber Electrooptic
Triboelectric Sensor Cell Chinese Surface
Power Triboelectric Mice treatment Water
Harvesting Flexible Activity Patients Films
Nanogenerator Nanogenerator Angiogenesis Species Charge
Mechanical Device Cancer Taiwan Corrosion
Selfpowered Piezoelectric Autophagy Activities Thermal
Generator Sensors Pulmonary Antioxidant Optical
Voltage PDMSa Liver Pioglitazone Thin
Current Voltage Activation Vitro Temperature
Teng Pressure Apoptosis Herbal Field
Applications Wearable Trek Elephantopus TiO
Density Detection Induced Groups Electric
Contact ZnO Bone China Polymer
Source Electrode Inhibition Medicine Contact
Nanogenerators Human Physiol Traditional Polymers
Maximum Active Triptolide Hypertension Nonlinear
Hybrid Devices Patients Safety Oxidation
Technology Transparent Binding Diseases Silicon
Vibration Film Endothelial Studies Nanoparticles

a PDMS (polydimethylsiloxane).

Table 2
TENG modes and their studied sensor applications.

Sensor Types Functions Application

Vibration impact
Acceleration sensor

Power source Machines operation
monitoring
Environment/healthcare
monitoring

Displacement sensor Personal healthcare
geography research

Speed rotation sensor Implantable biomedical
microsystem

Flow rate sensor Touchpad/ wearable devices
Portable electronics

Gas humidity sensor Monitoring Process control
Temperature sensor Chemical engineering
Solution component sensor Security surveillance
Magnetic current sensor Artificial skin
Optical sensor Human-electronic interfacing
Acoustic sensor Energy

harvesting
Tracking system

Pressure sensor Blockage detection
Orientation sensor Flow control
Others Logistics monitoring

Acoustic source locator
Environmental noise
reduction

14 The information boxes are the ones labeled with “Abstract USE (NLP) Phrases”
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portable machine, displays, computer server, multimedia, semiconduc-
tor), security & protection, wholesale & retail (e.g., super market bar
code system, order entry system), environment (e.g., chemical analysis,
dehumidifier, food analysis), and transportation (e.g., information
kiosk). It should be pointed out that since only the top 20 application
areas have been analyzed, the results presented here are not exhaus-
tive.

3.3.2. Sensor patent transactions in the market
The objective of the second patent analysis is to explore potential

market segments for TENGs used as sensors. Transactions or reassign-
ments of sensor patents are analyzed to show the most traded/
reassigned technologies. The search didn’t limit sensor technologies
to the 12 types – in order to compensate for the disadvantage of limited
transaction data.15 This also helps to reveal more applications with
fewer conditions. Here, the applications are described on a relatively
macro level corresponding to the “Technology” and “Sub-technology”
terms, while the findings in the former patent analysis are specific
applications on the individual patent level. “Technology” and “Sub-
technology” terms are identified based on a methodology developed by

Relecura using factors in various patent parameters including key-
words and classification codes. In Relecura, “Technology” terms are
correspondent to IPC class level and “Sub-technology” terms are
correspondent to IPC sub-class level.

We analyzed sensor patents starting from the 1980s when the
transaction data became available. Table 3 shows the list of Top10 most
traded/reassigned technologies. These 10 technologies account for
approximately 60% of the whole 562,819 patent transactions through
the years. Each technology was then divided into 5 sub-technologies.
The Top5 active assignees and assignors of each most-traded/reas-
signed-technology are also listed (Table 3).

According to the analysis, sensor patents that relate to testing
materials, digital data processing, diagnosis & surgery identification,
pictorial communication, and semiconductor devices have been most
reassigned since the 1980s.

Although the two analyses use different data sources and data types,
the applications shown in Fig. 3 and Table 3 overlap. For example, ICT
and medical or healthcare industries have taken the largest portion of
applications. Sensor patents used in computers, display devices,
semiconductor devices, medical devices, digital components and op-
tical devices are not only intensively reassigned, but also the most
addressed applications in our earlier analysis. Such findings also
indicate consistency of sensor applications mined through different

Fig. 2. Application Factor Map of Sensor Patents.

15 Relecura provides patent transaction data of 7 countries including: Australia, Brazil,
China, Germany, EPO, New Zealand and United States
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methods.
Some other applications of the most reassigned sensor patents

include detecting through ultrasonic, sonic or infrasonic, use as heater

or cooler, probes, or drug delivery devices like pumping and suction
devices, and gas treatment devices. Data processing and presentation
technologies have also been heavily reassigned with obvious reasons in

Fig. 3. Application Details of Sensor Patents.
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Table 3
Top10 Sensor Technologies in Patent Transactions.

Technologies Sub-technologies Normalized Assignees Normalized Assignors

Testing Materials (55,466/9.86%) Analyzing Materials by Miscellaneous Methods Panasonic (1831) Panasonic (1404)
Analyzing Materials using Electric, Electro-Chemical, or Magnetic
Means

Roche (1724) Roche (1162)

Analyzing Materials using Optical Means Siemens (1066) Bayer (690)
Measuring or Testing Processes involving Enzymes, Nucleic Acids US National Institutes of Health

(NIH) (1025)
University Of California
(676)

Analyzing Materials, Visualizing Interior of Solid Objects using
Sonic Waves

US Energy (852) Siemens (668)

Digital Data Processing (55,320/
9.83%)

Medical Diagnostics Covidien(2814) Siemens(1345)
Surgical Instruments, Devices or Methods Philips(1880） Olympus(1156)
Diagnosis using Ultrasonic, Sonic or Infrasonic Waves Siemens(1610) Nellcor Puritan Bennett

(887)
Surgery by Heating or Cooling the Tissue Olympus(1280) Panasonic(798)
Sensors, Probes Used for Surgery US National Institutes Of Health

(NIH)(1085)
Roche(638)

Diagnosis & Surgery Identification
(54,765/9.73%)

Digital Interface Arrangements Microsoft(3526) Microsoft(2970)
Other Data Processing Equipment Google(1643) Hewlett Packard (HP)(1487)
Application Specific Digital Computer Avago(1287) Silverbrook Research(1250)
Function Specific Digital Computer Hewlett Packard (HP)(1116) Avago(789)
Circuits for Display Devices Samsung(1028) IBM(759)

Pictorial Communication (44,862/ 8% ) Hardware or Software Aspects of TV Signals Fujifilm(1407) Kodak(1460)
Generation, Transmission, Storage, Reproduction of Documents or
Pictures, Storage or Transmission Aspects of Cameras

Intellectual Ventures(1320) Silverbrook Research(1401)

Color TV Details Panasonic(1305) Avago(1252)
TV Systems Google(1280) Fujifilm(1235)
Multiple Semiconductor or Solid State Devices Components Formed
on A Common Substrate

Avago(1255) Olympus(1141)

Electric Elements - Semiconductor
Devices (37,761/6.7%)

Multiple Semiconductor or Solid State Devices Components Formed
on a Common Substrate

Avago(1223) Avago(1057)

Manufacturing or Treatment of ICS and Semiconductor Devices Freescale(1064) Micron(950)
Semiconductor Devices Sensitive to Infra-Red, Light,
Electromagnetic or Corpuscular Radiation, Converting Radiation
into Electrical Energy

Globalfoundries(894) Citi (934)

Connecting/Disconnecting Semiconductor Bodies Aptina Imaging (851) Magnachip Semiconductor
(715)

Hardware or Software Aspects of TV Signals On Semiconductor (740) IBM (627)

Miscellaneous Technologies (34,528/
6.13%)

Metal Working Schaeffler (680) IBM (486)
Analytical and Immunological Testing Panasonic (422) Schaeffler(426)
Analyzing Materials by Miscellaneous Methods Roche (417) Roche (320)
Stock Material or Miscellaneous Articles HGST (388) Bayer (308)
Machine Element or Mechanism Siemens(355) Siemens(298)

Data Presentation (24,470/4.34%) Reading or Recognizing Printed or Written Characters Google(872) Silverbrook Research(964)
Sensing Digital Cards Microsoft(778) Microsoft(665)
Record Carriers along with Marking Devices Hewlett Packard (HP)(501) Hewlett Packard (HP)(475)
Digital Interface Arrangements Avago(457) Avago(324)
Generation, Transmission, Storage, Reproduction of Documents or
Pictures, Storage or Transmission Aspects of Cameras

Apple(442) Kodak(285)

Drug Delivery Devices (21,786/3.87%) General Characteristics of Drug Delivery Apparatus Baxter(710) Baxter(417)
Introducing Medicine by a Subcutaneous, Intra-Vascular or
Intramuscular Way

Covidien(574) Gambro(354)

Medical Suction or Pumping Devices Roche(563) Dragerwerk(314)
Medical Diagnostics Gambro(550) Searete(274)
Influencing Patients’ Respiratory System by Gas Treatment Medtronic(401) Mallinckrodt(257)

Greentech – Others (21,192/ 3.77%) Surgery Siemens(364) Siemens(283)
Medical Diagnostics Google(262) Silverbrook Research(231)
Analyzing Materials by Miscellaneous Methods Panasonic(231) Panasonic(199)
Molecular Biology and Microbiology Therasense(193) Hewlett Packard (HP)(175)
Nanotechnology Philips(178) Goldfinger Technologies LLC

(148)

Measurement-Electric & Magnetic
Variables (19,227/3.42%)

Arrangements for Testing Electric Properties, Locating Electric
Faults

Western Digital (465) HGST (424)

Measuring Magnetic Variables Freescale (316) IBM (337)
Measuring Resistance, Reactance and Impedance Philips (269) CITI (296)
Currents or Voltages or for Indicating Presence State Electric Net Corp. (248) JP Morgan Chase (159)
Measuring Electric Variables using Miscellaneous Methods HGST (233) Philips (125)
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the time of wireless communications and Internet of Things.
Finally, since the industry backgrounds of assignees and assignors

in patent transactions represent industrial supplies and demands of
sensor technologies, we analyze the top assignees or the buyers who
initiated sensor patent transactions (Fig. 4) to understand what sensor
technologies the market requests the most.

The industries clustered in Fig. 4 in circles show the dominant
industries and sectors that initiated most sensor patent transactions.

The sizes of the bubbles indicate the numbers of patents each assignee/
buyer holds. The distances between bubbles show the similarities of the
patent portfolios or technologies.

First, the automotive industry obviously contributed to a multitude
of transactions of sensor technologies. The overlaps among the leading
automotive companies such as GM, Toyota, Continental and Chrysler
may indicate intensive cross-licensing activities in the industry and
potentially a technology alliance is forming. Another cluster is formed

Fig. 4. Top30 Assignees of Sensor Patents in Transaction.

Table 4
Potential Applications of TENGs used as Sensors.

Micro Macro
Specific applications Sub-technologies Technologies Industries

Grid-tied electrical system, Motor Analyzing materials by different means/
methods

Testing Materials Automotive
Electric toy/fan, Solid state light Finance
Fiber optic communication, Dehumidifier Heating or cooling the tissues, Digital Data Processing Medical
Bar code reader, Water heater Detecting through ultrasonic, sonic or

infrasonic waves
Measuring & Controlling Devices

Wireless device, Computer server Diagnosis & Surgery Identification Pharmaceutical
Mobile TV receiver, Electronic blackboard Measuring or testing processes involving

enzymes nucleic acids
Optical devices

Bluetooth devices, Credit/smart card Miscellaneous Technologies Household Appliance
Carbon dioxide/Monoxide sensor Medical Diagnostics Food Products
Electroencephalography Probes, Computer, TV system Electric Elements-Semiconductor

Devices
Customer Electronics

Semiconductor element, Microreactor Digital interface arrangements Wholesale & Retail
Optical waveguide, Immunoanalysis chip Data processing equipment Environment
Color filter, Rib material Metal working Pictorial Communication Semiconductors & Related Devices
Tape carrier package & chip carrier Analytical and immunological Testing Electronic Computers
Gradient index lens, Projection lens Data Presentation Computer Peripheral Equipment
Micro lens, Diode laser, Array radar Reading or recognizing printed or written

characters
Transportation

Photonic integrated circuit Drug Delivery Devices Chemical
Molecular diagnostics, Food analysis Sensing digital cards Motors & Generators
Biological sample analysis Record carriers along with marking devices Greentech - Others Surgical & Medical Instruments &

ApparatusChemical sample analysis
Information kiosk Testing electric properties Measurement-Electric & Magnetic

VariablesOrder entry system, Bar code symbol Measuring magnetic variable
Optical character recognition
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by companies like Seagate, Western Digital, HGST, and Evault that
produce hard drives or provide digital data storage services. The third
cluster involves companies that produce home appliances, consumer
electronics and components for the Internet of Things. These compa-
nies include Siemens, Philips, Panasonic and Samsung which have
been most active in the sensor patent transactions, according to the
sizes of the bubbles. The fourth cluster does not represent an industry
but groups government-funded reassignments. It shows that DoE, NSF
and NIH in the US and State Electric Net Crop in China owned or
acquired sensor patents. What’s more, Covidien leads the transactions
of sensor patents in medical devices, while Kodak leads transactions of
sensor patents in pictorial communications. Last, but not least,
Intellectual Ventures, which is a Non-Practicing Entity, has unsurpris-
ingly been building a sensor patent portfolio, too. It should be
mentioned that several pharmaceutical and healthcare companies like
Roche, Bayer, Baxter, Gambro, Medtronic and Therasense, as well as
Optics Device-focused companies such as Olympus that appear in
Table 3 are not seen in Fig. 4 because of different analytical goals and
methods.

The results of the presented analyses are summarized in Table 4,
which lists applications from the micro-level to macro-level. The
applications on a micro level are refined based on applications of
individual patents. They are associated with specific products or
scenarios. Applications on sub-technology and technology levels were
refined from the analysis of patent transactions corresponding to IPC
codes on sub-class and class levels. The industry level applications are
listed based on the findings of Table 3 and the analysis of the Top30
transaction assignees and their industries. As shown in Table 4,
Automobile, Medical/Healthcare, Data storage and recovery, Home
appliance/Customer electronics, Optics devices are the industries that
most actively traded/reassigned sensor patents. Specifically, TENG
expert point out that the application of TENG-based sensors used in
medical devices or healthcare industries are likely to lag because of the
regulations and strict evaluation process, although a lot of TENG
research is happening in these areas.

Researchers may combine applications on different levels to explore
new applications. However, since the findings are mainly based on the
applications of sensor patents, TENG researchers may need to evaluate
how to use the findings to guide their research in exploration of TENG
applications. Although the list in Table 4 is not exhaustive, it is our
hope that the areas listed encourage researchers and developers to
explore new applications of TENGs.

4. Discussion and conclusions

This study aims to forecast applications of the TENG technology
through Tech Mining methods. Using 2012–2015 publication data of
TENG from Web of Science, the study first analyzes the development
trends of TNEG research community. The results show that researchers
from China and the US are spearheading the R &D. The TENG
research community has experienced a fast growth in terms of
publications, research initiatives, and R &D funding on an interna-
tional level. Analysis also shows that sensors were the most studied
applications of TENGs. Moreover, TENG has attracted attention from
industry in its early stage of development, indicating the potential to be
commercialized.

Justified by TENG researchers, sensor patent data is used to
forecast potential applications of TENG (instead of TENG patent data
due to the limited number of patents) in two ways, to: 1) revealing
extended applications of TENGs used as sensors that complement the
ones previously reported in TENG publications, and 2) exploring the
market demands for sensor technologies by investigating patent
transactions. The findings point to promising applications of TENG
technology, from product level to industry level. Although the list of
applications is not exhaustive, it gives an overview of the breadth of
TENG applications.

It is important to validate the applications identified through the
analysis because of the complexity of technology development and
commercialization. In the study, workshops are held not only with
TENG researchers, but also with experts from the electronics, auto-
mobile industry, and venture capitalists, who provide experiences or
insights from the marketplace.

According to the findings, TENG may become a technology of
strategic value for mankind in the future for the following reasons:

1) TENGs have high potential to be widely used in the form of sensors
in automation and energy-intensive industries, such as automobile,
customer electronics, medical or surgery devices, etc. These in-
dustries are developing fast and experiencing a lot of changes led by
new technologies with sensor as a key element. With the massive
customer foundation, the needs for sensors used in those industries
are expected to grow exponentially.

2) TENGs used as self-powered sensors may be integrated with
emerging technologies such as nanotechnology, robotics, drones,
automatic driving cars, and medical/bioinformatics. The character-
istics of TENGs empower the technology to be combined with other
technologies that are becoming smaller, more adaptable and more
intelligent. Therefore, those technologies also provide opportunities
for TENGs to be used in massive numbers and sensor forms.

3) The identified applications of TENGs are in line with global trends
of growth in the Internet of Things, big data, clean energy, and
smart cities. Many applications such as signal processing, electronic
elements or chemical are closely related to these industries or
technology fields. We believe the thriving and lasting growth of a
technology can only go with its value to the good of human beings.
Once TENGs are utilized in these fields, they can be used in dealing
with grand challenges such as environmental issues, security,
healthcare, education, and so on.

While the analysis demonstrates opportunities for TENG technol-
ogy, challenges also exist. The TENG is still in its early stage of
development and many of the application studies are laboratory studies
only. The technological maturity and industry readiness are yet to be
tested. Given the complexity of commercialization, certain strategies
and tactics are recommended to the TENG research community:

First of all, TENG researchers should increase their efforts in
actively filing patents to protect their inventions and application ideas
combined with publishing papers. Meanwhile, since Table 4 shows a
multitude of use possibilities by combining applications on micro- to
macro-scale, we suggest TENG researchers reach out and initiate
collaboration with researchers from other fields and industries in the
forms of joint conferences or research projects, etc. Furthermore, based
on the analysis of sensor patent transactions, the top assignees are all
multinational companies who tend to be more active in filing patents to
accumulate technological competitiveness. Consequently, they are also
more aggressive in intellectual property rights (IPR) negotiations.
Therefore, it is highly recommended that TENG researchers resort to
professional IP specialists or attorneys when it comes to technology
transfer.

There are also limitations of this study. As the first effort in
identifying potential applications for TENGs using Tech Mining
methods, this study provides a new way to forecast potential applica-
tions for emerging technologies like the TENG. It is critical to under-
stand the research goal and characteristics of an emerging technology
before the same metrics can be applied for predicting possible
applications. In the case of TENG, experts not only developed a
technology roadmap [67] that showed a clear path for potential
application directions, but also notified in the beginning of the study
that TENG has a lot of application potential in the form of sensors. So,
the logic of this study is relatively straightforward that by analyzing
applications of sensor patents, the findings would suggest extended
applications for TENGs. However, with other emerging technologies
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that are not developed with clear application directions, more informa-
tion and methods should be collected and considered.

Another limitation of the research is the data. When forecasting
innovation pathways based on Tech Mining methods, multi-database
information is preferred [49] for more encompassing results. In the
study, limited publication and patent transaction data might impose a
slight bias.

Lastly, it is possible that not all the applications identified are
applicable for TENGs as the findings are based on analyses of sensor
patents. The applications are most likely to be applicable in an ideal
situation for TENGs. However, since we haven’t seen any work that
specifies the relationship between sensor technology and TENG
technology, it is suggested that researchers double check the validity
of applications they aim to explore.

To summarize, the study uses Tech Mining methods to identify
potential applications for TENG technology with a focus on sensor
applications. The findings provide options on different application
levels and directions for TENG researchers to initiate more pragmatic
research, while inspiring Tech Mining researchers to further explore
how Tech Mining can be utilized to facilitate the commercialization
process of emerging technologies like TENG. For future study, in-depth
analysis of sensor applications of TENGs in different industries such as
automobile, greentech or clean energy hold appeal due to the sig-
nificant meaning for mankind.
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