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Abstract

Stepwise Approach for Extracting Promising
Technologies: Analysis of Knowledge, Expert
opinion and User
Wooseok Jang
Department of Industrial Engineering
The Graduate School
Seoul National University
As technology rapidly advances with the Fourth Industrial Revolution, many promising
technologies have been developed in several technology sectors. In many areas, the
emergence of new technologies brings social and economic benefits to mankind. In
particular, the use of technology derived from radical innovation results is more significant
than with gradual technology development. These technologies can provide breakthroughs
and have a tremendous impact on social and technological development. Numerous
scholars have attempted to understand and identify promising technologies in the future.
However, previous research framework focused on only the technical factors of promising
technologies. In many cases, continuous modifications and interactions can change the
characteristics and needs of technologies. So, this thesis focuses on the two patterns of the
development process for promising technologies, which is 1) new advanced background
theories emerge and influence to other fields and 2) novel systems and technologies are
required to solve specific problems of their application fields. Among these characteristics,
the uncertainty of promising technologies progress was not systematically defined in the
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technology identification stage. Many previous studies conduct deterministic models that
rarely meets the underlying assumptions of promising technologies such as uncertainty
and ambiguity.
In response, this thesis provides the systematic stepwise approach to identifying the
promising technologies with multiple phases such as theoretical background, technologies
themselves and their applications. This thesis provides three themes on the technological
phase which can provide the implications in terms of 1) data and 2) modeling the
uncertainty for identifying the promising technologies in the future. Theme #1 focuses on
the theoretical background of promising technologies. Promising technologies could be
derived from interdisciplinary research, which is active in information exchange and
development with other fields. In response, this study aims to analyze interdisciplinary
research. This research is an integration of analytical strengths from two or more different
academic areas. For this, we gather citation data to identify the degree of interaction with
other fields. We also estimate the expected citation frequency through a stochastic model,
called Glänzel-Schubert-Schoepflin model, which can take the notion of variability into
account by accommodating probabilities. Its future potential of IDR is predicted through a
diversity index, which can indicate the variety of interaction and influence. Based on the
result, we identify the candidate of promising technologies. For the empirical study, we
compare the nanotechnology with other related technologies. The result of the analysis
predicted that the IDR of nanotechnology would actively occur with other disciplines, so
we identify that nanotechnology is most promising fields. Several technologies related
nanotechnology are identified as the candidate of promising technologies which have
frequent interaction with other fields.
Theme #2 focuses on the technical factors of promising technologies. These technical
factors cover not only the technological evolutions but related issues of social and
technical fields. For this, this study aims to analyze Expert opinion on the future, which
contains future-oriented experts’ views and technical issues. Using expert opinion, we
estimate the diversity and centrality indices, which involved the degree and likelihood of
promising technologies. These indices are estimated through Latent Dirichlet Allocation
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(LDA) to discover the underlying technical and social topics that will be of interest in the
future. Fuzzy probabilistic clustering is used to cover the uncertainty of the relationship
between the indices and the degree of promising. For empirical study, we selected food
processing technology addressing hazards that threaten microbial contamination in food,
which is one of candidates of promising technologies. The results of the analysis indicate
that three sub-food processing technologies are expected to be promising in the future.
Theme #3 focuses on the utilization of promising technologies for users. Many previous
studies only focused on the perspective of an expert, such as performance. However, with
only technical factors, selected promising technologies are challenging to estimate for
potential users. Because their applications can be modified and thrown by potential users
due to their characteristics are changed in a state of flux. In response, this study aims to
analyze User posts, which contain the discussion and expectation in terms of potential
users. For this, we introduce two evaluation factors to evaluate the utilization of promising
technologies. First, Satisfaction that is estimated the user preference and related opinion
by sentiment analysis. Second, Suitability that is assessed the level of “difficulty” and
“scope” for using the technologies by consensus and diversity index. A PROMETHEE
model is used to estimate the utility of utilization depending on the individual uncertainty
with heterogeneous variables. In empirical study, we analyzed three technologies are
selected as promising technologies in Food processing. This result indicates the priority of
promising technologies, which can choose the most preferred promising technologies for
users.
Keywords: Technology forecasting, Promising technology, Uncertainty modeling,
Interdisciplinary research, Expert opinion, Potential user evaluation
Student Number: 2012-21070
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Chapter 1
Introduction

1.1

Background and Motivation

As rapid technological advances with the Fourth Industrial Revolution, the complexity,
ambiguity, and uncertainty of socio-environmental and technological problems are
increasing. These phenomena have promoted the need for different viewpoints and
methods of problem-solving. In this situation, many types of promising technologies have
been developed from several technology sectors [31]. These emerging technologies, which
are often risky, are also more likely to generate new knowledge [48]. Many emerging
technologies can cause other fundamental rapid developments so these technologies can
function as next-generation growth power for long-term economic growth at the national
level [58].
Many previous studies tried to identify and investigate promising technologies, so they
firstly summarized the definitions and characteristics of promising technologies and
related concepts theoretically [12, 25, 42, 47, 106, 117]. There are various definitions of
promising technologies. These definitions point out that different potential promising
technologies have been introduced as emerging technologies which can achieve 1)
breakthroughs, 2) the radically novel and rapid changes had a tremendous impact on social
and technological development, and 3) high potential growth from the convergence or
modification of existing technologies [25, 42, 106, 117]. However, there also point out that
the evolutions of these technologies are that they are very uncertain and ambiguous [12].
Initially, their applications and outcomes are not clearly defined [118].
Moreover, these studies tried many types of qualitative and quantitative methodologies to
investigate promising technologies [16, 25, 43, 56, 132]. They considered these
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technologies as valuable breakthrough and stimulus that changing society. By applying the
technical documents and surveys such as patent and paper data, these studies focused on
analyzing the progress and evolution of promising technologies by estimating the variable
in terms of technological performance.
Other data also can be the data source for investigating promising technologies. This thesis
focuses on the development process for promising technologies. The development of
promising technologies is broadly classified into two patterns [31, 106]. First, new
advanced background theories emerge and influence to other fields. Promising
technologies were usually occurred by technological innovation and convergence
emerging from a widely unique academic background. These backgrounds are mainly
constructed by interdisciplinary convergence, which is the process of integrating broadly
scientific and technological knowledge to solve new problems. Therefore, interdisciplinary
research can be considered as the source of the promising technologies so this study can
construct the candidates of the promising technology through an analysis of the
multidisciplinary knowledge.
Second, novel systems and technologies are required to solve specific problems of their
application fields. Promising technologies lead to radically new improvement and
tremendous impact through novel utilizations such as products and services. New
promising technologies is bound to generate unexpected outcomes due to 1) the lack of
experience or knowledge to refer to, or 2) conflicts in the process of co-operation to
develop technologies [12]. Thus, users can evaluate the utilization of promising
technologies through potential usefulness instead of technological factors and performance.
For determining the priorities of promising technologies, it is necessary to assess the
utilization by potential users who have a lack of experience and technical readiness.
In addition, previous research framework rarely considered the analyzed characteristics of
promising technologies. First, previous studies little reflected stochastic features in their
interdisciplinary research model. These studies tended to focus on investigating the past
interdisciplinary occurrences by examining the data. With the occurrence of
interdisciplinary research, they conducted the deterministic methods which cannot take the
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notion of variability into account by accommodating probabilities.
Second, the uncertainty of promising technologies progress was not systematically defined
in the technology identification stage. Many previous studies utilized only deterministic
methodologies such as time-series analysis, network analysis, and other qualitative.
However, the process of identifying promising technologies rarely meets the underlying
assumptions of deterministic models. It is also difficult to define 1) the criteria: “What are
the minimum requirements for being classified as a promising technology?” and 2) the
variables which can indicate the degree of promising in the future. Third, there is a lack of
research framework considered potential users in the evaluation of utilization. Many
promising technologies can contribute to innovative social and human development as
well as technological development. However, past research mainly focused on
technological performance and quantitative output, which cannot cover the social opinion.
The analysis related to contribution to society is needed by analyzing the users’ point of
view, such as the satisfaction and appropriateness of utilization from promising
technologies.
Therefore, what is required is the systematic approach to overcome previous limitations in
various aspect of promising technologies. The systematic stepwise approach to identifying
the promising technologies with multiple phases such as theoretical background,
technologies themselves and their applications, is provided in this thesis.

1.2

Research purpose and model

The overall purpose of this thesis is to identify the promising technologies systemically by
a stepwise approach. Previous research has several limitations, such as lack of
consideration regarding the development process of promising technologies. So, this thesis
provides three steps on the technological phase in terms of 1) interdisciplinary research
related theoretical background, 2) expert opinion dealt with technological factors and 3)
user reviews for the utilization of promising technologies. In thesis, several methodologies
for each step are suggested and providing methodological sufficiency and relevance for
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exploring promising technologies. The objectives of the three themes are as follows.
Theme #1 suggests the approach to analyzing wide scientific knowledge and theories to
explore promising technologies. The main question is that “Do the knowledge and theory
become the promising technology sufficiently created?”. With setting this question, we
assumed that promising technologies could be derived from interdisciplinary research
which is active in information exchange and development with other fields. In addition, to
catch the stochastic characteristics of the academic interactions, the degree of influence
and interaction between academic disciplines is stochastically estimated. The frequency of
paper citation and estimated the future citation frequency through the Glanzel-SchubertSchoepflin model, which is forecasting the accommodating probabilities of citation by
estimated citation rate [39]. This model is utilized for modeling the probabilistic selection
process that occurs in the citation process. In the case of interdisciplinary research, we
need to construct probabilistic modeling to describe what kind of discipline should be
selected to refer to “a particular theory” associated with various other disciplines. With
illustrative example, we provide the process of estimating the degree of interaction with
other disciplines through a stochastic model in terms of forecasted citations. Then, this
study evaluates the promising technologies with the 1) degree of convergence, 2) degree
of technological progress, and 3) degree of influence on other fields in the future. We
extracted the candidate of promising technologies, which is the set of potential promising
technologies, from selected interdisciplinary which have a high Diversity index score,
which can measure the degree of three conditions [119].
Theme #2 suggests the approach to estimating the degree of promising with the
characteristics of technologies. The main question is that “Are the technologies promising
technologies?”; thus, this study analyzes which of the candidates of the promising
technologies identified in Theme #1 will be promising in the future. Before the forming of
technologies, these technologies need to be defined the technological requirements and
needs. To respond to this question, we extract the underlying topics of promising
technologies from the expert opinion, which contained expected technological trends and
their applications in online communities with collective intelligence [57]. Besides, to
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reduce the underlying assumptions of deterministic models, we select other variables and
models, which is hardly deterministic and strict. We define the degree to which the chosen
technologies are promising by calculating Network index and Diversity index derived
from the extracted topics [11, 119]. This study selects the list of promising technologies by
conducting the probabilistic clustering [87]. In many practical cases, the proposed criteria
and variables rarely necessarily guarantee promising technology because the definition of
promising is diverse depending on the technology field. Moreover, since the relationship
and interaction between promising technologies are complicated, the variation of variables
such as centrality is substantial. These variables can be measured differently depending on
where the researchers set the scope of several criteria such as "interaction" and
"technological factor". So, it needs to define the uncertainty derived from 1) the
relationship between criteria and variables, 2) the measurement of variables. Moreover, the
degree of promising technologies is much more fragmented than the illustrative example.
The group of promising should be determined more specifically in practical cases.
Therefore, we can suggest a probabilistic clustering method as a practical tool to identify
the promising technologies. For result, we determine the list of promising technologies,
which is considered as promising in the future.
Theme #3 suggests the approach to evaluating the utilization of promising technologies in
terms of potential users. The main related question is that “Can the utilization be derived
from promising technologies contribute to future developments?”. This study identifies the
priorities of selected promising technologies in Theme #2 by evaluating whether selected
promising technologies can well utilize by potential users to society and life. We assume
that the utilization of promising technologies can contribute if 1) users preferred them to
solve the problem, and 2) users utilized them in many ways with a concurrence. To
estimate that, this study defined and measured 1) the suitability of utilization from
promising technologies, and 2) satisfaction of utilization. These are respectively measured
through Sentiment analysis and Consensus index [24, 90]. These two variables are utilized
to construct the PROMETHEE model, which calculates quantitative scores based on a
utility function for user evaluation [8]. In practical cases, there is a lot of the candidate for
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promising technologies in their selection process, so it is almost impossible to compare
every pair. In this study, this model is suggested to provide the method that automates
numerous pair-wise comparisons. This model is used in cases 1) where there are a large
number of alternatives that can be considered, and 2) where many heterogeneous variables
are utilized for evaluating the alternatives [15]. When it is impossible to unify the
heterogeneous variables as one criterion, this method can provide the algorithm to assess
complex problems. This method is widely used in public works and construction projects
which need to numerous criteria and related decision processes [8]. Based on the model,
this study identifies the priority of promising technologies, and this study can determine
the most preferred promising technologies in terms of both technological and social
factors.

1.3

Scope and Theme

The overall scope of thesis is identifying the promising technologies systemically by a
stepwise approach with the analysis of the background, technological feature, and user
evaluation for utilization. This thesis consists of three research themes that correspond to
finding promising technologies through three steps, as shown in figure 1.1.
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Figure 1.1: Scope of thesis
Through the sequential process, we will narrow down the candidates for promising
technologies and identify useful and promising technologies. The first step is analyzing the
background of promising technologies with interdisciplinary research. Promising
technologies are frequently created since they are generated right on the boundary between
different disciplines [45]. These boundaries can illustrate as interdisciplinary, which is an
integration of analytical strengths from two or more different academic fields.
Interdisciplinary research involves the ability to solve complex social problems that
require a diverse range of knowledge [2, 62]. We can consider the interdisciplinary
research as the source of the promising technologies, so we can expect that different
potential promising technologies are generated and improved in the interdisciplinary
research process. In this step, we identify the candidates of promising technologies by
analyzing interdisciplinary research in which information interaction is active.
Next step is analyzing the technologies with expert opinion. Promising technologies can
introduce to achieve breakthroughs and new changes regarding social and technological
development. However, every promising technology cannot contribute to solving the
technological and social problems, because the influence and potential power of
technological progress are strongly uncertain due to the fluidity in the early development
process [106]. Therefore, it is necessary to verify the potential of promising technologies
by the expert who has professional knowledge with the ability to understand and analyze
the promising technologies. In this step, the list of promising technologies is identified by
analyzing expert opinion, which contains the future-oriented collective intelligence.
The last step is evaluating the utilization of technologies with potential user posts. In many
cases, novel technologies and systems are required to solve new potential problems.
However, it is difficult to predict the function or application at the initial stage of the
technologies [118]. Although the promising technologies are designed to solve complex
potential problems, the utilization of technologies cannot always be functioned as a
suitable and preferred breakthrough. Thus, it is needed to measure the satisfaction and
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suitability of utilization in possible future issues. In this step, we recognize the priority of
promising technologies by analyzing the user reviews, which contains the opinion in
respect of various utilizations. Then we decide whether these utilizations are preferred and
suitable for solving new problems.
This thesis provides illustrative examples in each chapter to assist in understanding the
suggested framework. These successive examples indicate the process of 1) narrowing
down the candidates of promising technologies and 2) identifying useful and promising
technologies for experts and users. Rather than the definite validation of the suggested
framework with empirical cases, this thesis focus on providing the initial direction of the
stepwise approach regarding identifying the promising technologies.

1.4

Thesis Outline

The thesis consists of six chapters, and the remainder is structured as follows. Before the
main bodies, Chapter 2 mainly deals with the theoretical background for the promising
technologies and interdisciplinary research. In addition, this chapter also provides previous
trial for identifying and analyzing the promising technologies and methodological
background which is considered as remedy identifying and analyzing the promising
technologies. Chapter three, four, and five deal with a stepwise framework for
systematically identifying promising technologies. Each chapter provides the research
framework of various types of “data” such as Knowledge, Expert opinion and User
opinion by conducting “various methods”: probabilistic model, data-mining technique,
and MCDM (Multiple Criteria Decision Method). Finally, Chapter 6 summarizes the
conclusions and contributions to this thesis. Limitations of a direction for the future also
discuss in this chapter. Figure 1.2 describes the overall structure of this thesis.
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Figure 1.2: Organization of thesis
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Chapter 2
Literature Review

2.1

Theoretical Background

2.1.1. Promising technology
There are various definitions of emerging technologies which can be considered as
promising technologies. Boon and Moors [12], for example, defined emerging and
promising technologies like those in an early phase of technological development, with
uncertain and non-specific configurations and related roles. Cozzens et al. [25] defined
emerging and promising technologies as those with high potential. Srinivasan [117]
described promising technology as radical generated technologies which have been
derived from the convergence or modification of existing technologies. However, there is
no consensus that their value has been fully demonstrated.
Based on these definitions of emerging technology, there are three core characteristics of
promising technologies. First, these technologies benefit a wide range of sectors of the
economy and society. Due to the rapid development of technologies, many types of
technologies are applied to meet new technological and social needs [47]. Among these
technologies, emerging and promising technologies tend to arise from complex innovation
systems to address complex problems [54]. Moreover, promising technologies could
influence society across diverse technological and industrial fields; thus these technologies
could affect not only future technology trends but also people’s lifestyles [31]. Moreover,
these technologies have a noticeable impact on systems by changing the structure of
institutions, actors, and related knowledge production processes [106], the influence of
technologies increases when there is active collaboration between actors or technological
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components. Because of these characteristics, these technologies are more likely to
generate new knowledge by interacting with other technologies [25].
The second characteristic of technologies is that they are growing fast, and most the
technologies are still in the early stage of technological growth due to the science-based
knowledge [115]. These promising technologies have radically new attributes to meet
technology needs with knowledge output from researchers from various backgrounds
[106]. Many promising technologies have been introduced to achieve breakthroughs, and
their radical novelty has produced rapid changes that have a tremendous impact on social
and technological development [42]. Besides, promising technologies can change other
related technologies by leading contemporary advances and innovation in various fields;
thus, promising technologies are more likely to interact with other technologies than nonpromising technologies.
The third characteristic related to the evolutions of these technologies is that they are very
uncertain and ambiguous [12]. Initially, their applications and outcomes are not clearly
defined [118]. In addition, due to the lack of data, identifying the technological evolution
and changes is very difficult, particularly in their early stages when changes are frequent
[43]. Thus, the form, constraints, and capabilities of promising technologies are in a state
of flux, so the purpose of technologies can change in a direction that is undesirable and
unintended [119]. There is also a sizable gap between the current level of technologies and
their limitations, so it is difficult to forecast whether or not the direction of specific
technologies is toward improvement.

2.1.2. Interdisciplinarity
There exists a diverse range of definitions regarding the concept of interdisciplinarity.
Lattuca [62], for example, defined interdisciplinarity as an activity that involves three
factors: 1) adoption of tools, methodologies, or models from other disciplines, 2)
theoretical foundations applied in multiple disciplines, and 3) the ability to solve complex
social problems that require a diverse range of knowledge. Porter et al. [95] defined
interdisciplinarity as a research area where various perspectives/principles and
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tools/technologies/information are integrated by means of using two or more specialized
knowledge or research activities. Aboelela et al. [2] defined interdisciplinarity as the
integration of analytical strengths from two or more different academic fields, and they
highlighted its capability of solving various problems. Moreover, IDR is defined as the
generation of new knowledge and disciplinary fields through the integration, rather than
just the simple simultaneous utilization of different disciplines. Therefore, it is stated that
interdisciplinarity differs from the concept of multidisciplinarity [63]. Multidiscipinarity is
defined as knowledge exchange between different disciplines to cover up the defects by
summing while retaining its unique characteristics. On the other hand, interdisciplinarity
emphasizes the knowledge exchange between various academic fields while integrating
based on current disciplinary fields [94]. Here, we focus on the concept of
‘interdisciplinarity’ and involve pertinent research fields and indices.
Typically, for interdisciplinarity to properly occur, knowledge must be actively exchanged
between different disciplinary fields. Therefore, the disciplines with a rapid development
or a generation of new complementarities are considered suitable when performing
interdisciplinary research [44]. Therefore, new and emerging technologies appear
frequently in interdisciplinary research since they are often created right on the boundary
between different disciplines [45]. The typical examples are nanotechnology,
biotechnology, and neuroscience [70], and they are classified as future core technologies
[44, 96]. For example, the United States considers four disciplines of nano-bioinformation-cognitive technologies as key research fields for interdisciplinarity and
technological convergence [105].
Moreover, other related studies also demonstrate frequent knowledge exchanges of these
disciplines with other fields. Schummer [112] conducted co-author analysis of journals
published in the early 2000s. This study asserted that nanotechnology is prone to
interdisciplinary research since people from various disciplines have commonly
collaborated in the nanotechnology-related project. Rinia et al. [103] analyzed citations in
life science journals, and they illustrate that life science related field is relatively more
linked with various fields.
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2.2

Trial to identifying the promising technology

Due to three characteristics of promising technologies (i.e., benefit broad segments of
society, growing fast, and uncertain), many groups consider them to be the next-generation
of growth power for long-term growth at the national level [58]. Many previous studies
have attempted to identify which technologies will be actual promising technologies. We
analyze the limitations of previous research through three aspects: Raw data,
Preprocessing data, and Methodology.
In the aspect of raw data of previous studies, patent and journal data have been analyzed to
identify the interested promising technologies by counting and estimating the number of
keywords, authors, and citations. For instance, Guo et al. [42] analyzed the frequency of
keywords and the number of authors to form an indicator of emergence. Moed [82] used a
normalized source impact per paper indicator, which was derived from the influence of the
journal. Kim and Bae [56] construct the technology cluster and evaluate these clusters to
identify the promising technologies by calculated indices derived from forward citations.
Scharnhorst and Garfield [110] suggested other indicators, algorithmic historiography, and
field mobility citation data, to analyze the diffusion patterns. However, these studies
mainly focused only on identifying the past/present trends or patterns of promising
technologies.
In addition, most previous studies have utilized three types of deterministic statistics:
unstructured data, structured data, and other indices. First, unstructured data are the textual
data of patents and journals. Related studies have calculated the frequency of keywords
and co-words to identify the characteristics of documents and relationships between
technological fields [36, 49, 133]. For instance, Furukawa et al. [36] analyzed conference
sessions based on co-word analysis to identify the characteristics of technology fields. Wu
and Leu [133] constructed a co-word map to identify technological trends and the
importance of hydrogen energy. The second type of data, structured data, is the numerical
data of patents and journals. Related studies have mainly used the number of documents
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and citations to reflect the characteristics of technology [1, 26, 60]. For instance,
Kyebambe et al. [60] conducted a clustering analysis with a patent feature vector (PFV),
which was derived from information about patent classes, claims, and citations.
Abercrombie et al. [1] estimated the possibility of promising technology by using the
calculated normalized number of publications and citations, patents, and the number of
news articles. These data also applied to calculate other indices such as network indices
with patent and journal citation.
The third type of data, indices, are used to identify the likelihood of promising
technologies. The primarily used approach of indices has represented the characteristics of
technologies and their documents by the network. For example, Choi et al. [23]
constructed an SAO (Subject – Action – Object) network by a noun and verb nodes and
cohesion density indices to analyze the network derived from the noun-by-verb matrix.
Patent citation networks are often applied to summarize the characteristics of technologies
and their relations. Érdi et al. [32] analyzed the cluster structures in the patent citation
space to estimate promising new technologies clusters. Indices related network centrality
also mainly used to determine the core technologies and their fields. Kim et al. [55]
identified the co-evaluation pattern of technological convergences by calculating closeness
and betweenness centrality of patent citation network in printed technologies.
In addition, most previous studies have utilized several deterministic methodologies, such
as time-series analysis, network analysis, and other qualitative approaches [50, 51, 72, 86].
For instance, in Kajikawa et al. [51], to track the emerging and promising technologies of
energy research, defined several sub-clusters related energy, and analyzed the number of
papers and citations of each cluster from 1970 to 2005. Ogawa et al. [86] divided subclusters from academic journals and counted their publications of identified topics to
suggest trend and hot research topics. Li et al. [72] constructed the social awareness
network by social media data to analyze the social awareness of emerging and promising
technologies. Ju and Shon [50] propose quality function deployment (QFD) framework
with opinions of specialists and generalists and patent to identify promising technologies
that satisfied with public needs.
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2.3

Remedy: Methodological background

2.3.1. Expert opinion and user posts
The limitation of raw data of previous research is that patent and journal data only include
past information on existing technologies. Besides, this data focus on apparent
technological factors and principles, so they are not suited to discover the unclear
influence of social needs [57]. In response, expert opinion on the future could be
considered in chapter 4. These data are collections of future-oriented opinions extracted
from online forums and communities where experts share their views of technology. There
are many types of expert opinion data, such as reports and databases, news, wikis, and
collaborative scenarios [111]. Among these data, posts, and reports from online websites
could quickly reflect collective intelligence through online participation [88]. Expert
groups also show creativity through derived interaction and communication in their
communities, so these communities could provide not only technical information but also
signal the rapid changes and trends in sentiment and social behavior [19]. To clarify the
outcome of promising technologies, expert groups often construct future scenarios that
could cover predictable effects through collaborative forecasting derived from a large
amount of participation and collaboration [131].
In addition, to identify the core technologies, it is also needed to determine the opinion of
practical users. So, online user posts could be considered in chapter 5. Many studies define
Online user posts review as the user evaluation of product and service for the company
and other customers of internet-based websites [83]. The number of online customer
review has been increased thanks to the development of the online network, growing of
the web 2.0, and the introduction of potential users [85, 90]. They are not only
conventional buyers but also valuable evaluators for product and service firms since their
opinions about product and service are utilized as an online review database [35, 90].
Although off-line consumers evaluate the product and service from an only quantitative
perspective, such as through surveys, they evaluate product and services from both
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qualitative and quantitative data. Their posts tend to contain textual evaluation. The textual
evaluation shows detail opinions about product and services from potential users through
text form, and scoring evaluation shows the preference of product and services. These
evaluations have become increasingly influential due to increasing interactions among
digital customers, and they have been widely used to identify the feedback related to
product and service [83]. Similar to expert opinion, their posts also contain the
requirement and expectation of product and service from interested potential users [79].

2.3.2. Eigenvector centrality and diversity
In the preprocessing data aspect, among many types of centrality, this study focused on
eigenvector centrality. Eigenvector centrality incorporates the proportion of each
interaction and indicates the relative influence of a node in the network, including its
weight in paths [14]. This index can reflect the importance of connected nodes and
connections to essential nodes can contribute more to the node score than connections to
other nodes [11, 68]. In other words, the centrality of a node not only depends on the
number of adjacent nodes but their value of centrality. In promising technologies network,
if ties are defined as interaction or influence of two technologies, eigenvector centrality
can reflect the direct/and indirect impact on other direct as well as the proportion of
interactions. This statement means that technologies with high centrality can be interpreted
as core technologies in the network because they have high likelihood interaction and
evolution by other technologies [65].
Besides, we introduced diversity indexes in the research framework of chapter 4. The
diversity index indicates how elements with various characteristics are included in a group.
This index can be defined and measured when two or more components with partitioned
characteristics are included in a group [119]. A few previous studies have attempted to
identify promising technologies by calculating the diversity index. In these studies, they
identified promising technologies by measuring the variety and balance. Citations of
patents and papers were mainly utilized to calculate the diversity by measuring variety (the
number of disciplines cited) and balance (the distribution of citations among disciplines)
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for previous identified [107]. The diversity index with citation information can also
capture knowledge diffusion and integration, which can positively influence the progress
of technologies [100]. For instance, collaborative innovation projects were investigated to
identify whether a combination of innovation systems could lead to improvement and
advancement of promising technologies using the entropy index to reflect variety and
balance [126]. Disparity (how similar or dissimilar categories are) can also be measured to
investigate the relative position and relation between other disciplines or documents [136].
Technology with high diversity could be easily improved and modified due to steady
information exchanges with other technologies [126]. With such information exchange,
these technologies could construct a resource pool and increase flexibility and resilience
[119].

2.3.3. Satisfaction and suitability
In chapter 5, we consider the satisfaction and suitability as parameters for evaluating the
utilization of promising technology. Satisfaction means how much the utilizations are
favorable for potential users. One of the proper methodologies is sentiment analysis.
Sentiment analysis is the automatic analysis of evaluating the textual document and
estimating the opinion through subjective texts stated in online textual content such as
online posts and reviews [90]. This analysis was widely used to distinguish the positive
and negative documents, thus classify the polarity of the material by conducting analysis
[89]. However, many studies conducted this analysis to calculate the strength of sentiment
through sentiment score. This score can derive from subjective natural words or clauses at
both the word and document level [122]. Due to its easy applicability, numerous previous
studies have conducted a sentiment analysis to identify customer opinions in online
reviews [98, 129]. This study also conducts the sentiment analysis to construct quantitative
data (sentiment score) from textual evaluation in online posts. In this study, sentiment
scores will then serve as a proxy for the textual assessments of potential users.
Next, this study used two methodologies to evaluate the suitability: consensus index, and
diversity index. Among them, the Consensus index is one of the methods for measuring
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the degree of agreement between members [27]. This index calculated the level of conflict
based on two criteria: 1) whether the preference coincides with other members or not, and
2) physical and cognitive differences in preferences [24]. Cook [24] proposed a distancebased consensus index that showed the disparity of the preference. This index tended to
increase when the members had 1) various types and 2) a large discrepancy of the objects
[91]. This index could reflect the voter power and preference strength, so many previous
studies utilized this index to many decision-making processes [22, 59, 82].

2.3.4. Citation analysis and Stochastic approach
In chapter 3, citation analysis has been actively conducted to identify promising
interdisciplinary. Citation analysis is a methodology that analyzes the frequency or pattern
of citations in patents or papers, and it is one of the most widely used methods for
bibliometric analysis [37]. Many studies performed evaluations on past or present points
in time through citations [3, 36, 100]. Based on historical data, citations are often applied
in featured analysis and in forecasting technological fields [26, 34, 80]. In early studies,
researchers identified the trends and diffusion patterns of technologies by counting the
number of technology-related patents by year [4, 33]. In recent studies, researchers
introduced many types of indices to measure associations between technologies or forecast
technology trends with citation network analysis [20, 65, 67].
However, almost every scientific journal categorizes into multiple academic disciplines, so
citation analysis must consider the notion of variability into account by accommodating
probabilities [65, 120]. For this reason, some researchers took a probabilistic approach to
citation events. For example, Pasula et al. [92] highlighted citation matching and
performed a probabilistic approach to observe whether a journal would be cited at a
specific moment. Glänzel [39] assumed that the distribution of citation frequency follows
a Negative binomial distribution, and suggested a model for estimating the citation rate
and frequency at a specific time. Moreover, Burrell [17] proposed a conceptual model for
forecasting ‘future citation behavior’, and Burrell [18] created a stochastic model based on
the h-index to calculate publication and citation frequency and estimated citation rates
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from the model. Mingers and Burrell [77], constructed a citation model based on the
gamma mixture of Poisson processes and calculated the citation rate.
Few researchers conducted probabilistic citation analysis to identify the impact of
technologies. For instance, Lee et al. [65] defined the citation rate using a Pareto/NBD
model and estimated the expected citation frequency using the gamma-gamma sub-model
to observe the future technological impact. Lee et al. [66] also proposed an impact analysis
framework, which analyzed life cycle patterns of patent citations based on a Hidden
Markov Model. Glänzel et al. [40] proposed a triangular model that stochastically
estimated the citation impacts with papers, citation, and authors. However, these previous
attempts were rarely conducted in connection with the notion of interdisciplinarity. In
addition, they only focused on validating the model rather than interpreting the trends of
future citations.
In this thesis, we adopted the model used in the study conducted by Glänzel [39], GlänzelSchebert-Schoepflin model. This model is a non-homogeneous citation, which utilizes
data to estimate a citation possibility and determines an optimal citation frequency at a
specific time [39, 40] This model has been utilized as a reference for various studies
related to a probabilistic estimation of a citation process. Burrell [18] has induced and used
the model to construct his type of model. The author assumed that the distribution of
citation frequency at a specific time is a Negative Binomial distribution and modeled the
probability of citation frequency and citation rate at a particular point of time. In addition,
the model assumed that citation rates could vary stochastically. The citation rate is thus
estimated using such stochastic model. The formula relating to the model will be partially
introduced in Section 3.2.2, and details on the model can be found in Glänzel [39].

2.3.5. Unsupervised approach: Probabilistic clustering
Lastly, the methodologies of previous research provide only deterministic results such as 1)
the expected quantitative statistics of promising technologies, 2) expected promising trend
and their priority which should be needed 1) pre-defined criterion’ and 2) strict assumption
that quantitative statistics/trend and the likelihood of promising. In response, this study
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focused on unsupervised learning method. A few studies only tried to utilize unsupervised
learning methods to seek technologies as they emerge. For instance, Breitzman and
Thomas [16] suggested the Emerging cluster model, which can locate novel emerging
technologies in close to real time, and identify the candidate of promising technologies.
However, the above study focused on be extensible to new technologies and systems
rather than breaking down assumptions related to deterministic analysis. Therefore, this
study applied a probabilistic clustering method and used diversity and centrality data as
the parameter of clustering. Fuzzy c-means clustering is one of the most popular
unsupervised learning algorithms [87]. For this algorithm, it was assumed that each
technology could belong to more than one cluster, and the probability of allocating each
cluster followed a probability distribution function. The fuzzy c-means clustering model
extends K-means models based on fuzzy set theory. Based on the distance between each
technology and the center of the cluster, this algorithm estimates that the probability of
belonging to each cluster can be obtained for the fuzzy model. Similar to the K-means
clustering model, this model also minimizes the sum of the squared error in a fuzzy cluster.
With this algorithm, we can prevent the following limitations: 1) utterly proportional
relation between indices and promising and 2) strict criterion of promising technology.
The formula relating to the model will be partially introduced in Section 4.2.3, and details
on the model can be found in Pal et al. [87].
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Chapter 3
Extracting candidates of promising technologies

3.1

Introduction

The increasing complexity, ambiguity, and uncertainty of socio-environmental and
technological problems have promoted the need for different viewpoints and methods of
problem solving. To solve new problems, many types of promising technologies are
introduced. Promising technologies are created frequently since they are often created
right on the boundary between different disciplines [45].
In this situation, Knowledge sharing and collaboration between different academic fields,
known as Interdisciplinary Research (IDR), has recently been emphasized as a means of
dealing with complex problems [125, 127]. IDR enhances productivity and creativity in
the course of research and offers innovative and derives promising technologies on various
social problems [63, 119]. Furthermore, IDR not only stimulates the expansion and
development of academics but also affects the fields of non-academics [29, 73]. In recent
years, various promising and breakthrough technologies are introduced on the basis of
IDR, and their radical novelty and relatively rapid growth result a tremendous impact on
social and technological development [42, 106]. As seen, IDR has played a pivotal role in
various areas, and numerous scholars have attempted to understand and measure the
degree of interdisciplinarity in academic fields.
This, however, is not a trivial task when conducted qualitatively. Due to a cognitive
distance between different disciplines and uncertainties and unexpected issues occurred in
research setup process, the transaction costs of interdisciplinary research are higher than
that of regular disciplinary research [64, 125]. Moreover, much time and effort are
required for directly sharing new knowledge and applying them into collaborative and
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multidisciplinary projects [123]. To this mean, previous studies have approached in a
quantitative manner by incorporating bibliometric data, such as publications and academic
journals [127]. Journal information is most suitable for analyzing significant achievements,
discoveries and final outcomes of research in a certain field [28]. Quite different from
patent data, academic papers include latest theories and experiments mostly derived from
the integration and collaboration of diverse disciplines. They are also capable of
identifying knowledge integration and openness of a field to new ideas [127]. Bibliometric
information of journal papers, including authors [93, 112], citations [61, 71, 113], and
subjects [96, 100] has been utilized to understand the amalgamation between different
disciplines.
Nonetheless, this research highlights two major limitations of previous studies: 1) lacking
future-oriented analysis and 2) reliance on deterministic methods. First, most of the
conventional attempts have only focused on investigating the past interdisciplinary
occurrences by examining the data from the past to the present. Little has been done to
forecast the degree of interdisciplinarity in the future. Rather than an investigation process,
a forecasting process is essential to become more vigilant and proactive by examining
future relations of academic fields and measuring how much they will affect with one
another in the future. Second, the number of citations is normally analyzed since it has
dynamic characteristics that varies with time and environment. Previous studies made
several attempts in predicting future expected frequency of citation through 1) qualitative
methods such as expert analysis with historical citation data and 2) deterministic method
such as Growth curve [26, 34, 80]. They have incorporated deterministic data and
examined with simple citation counts in a certain year. However, scientific journals cannot
be categorized into a single academic discipline, and an analysis that involves citation
information must take the notion of variability into account by accommodating
probabilities [65, 120].
In response, this chapter develops a model for predicting the degree of interdisciplinarity
in academic fields to extract the candidate of promising technologies. We particularly
adopt Glänzel-Schubert-Schoepflin model and estimate citation frequencies that will be
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soon to be cited by the journals at a specific point in the future [39]. This model is utilized
for modeling the probabilistic selection process that occurs in the citation process. In
interdisciplinary research, we need to construct the probabilistic modeling to describe
what kind of discipline should be selected to refer to “a particular theory”. In many cases,
a specific theory or applications is associated with various other disciplines. To modeling
this, Negative binomial distribution is applied in this model. This study also utilizes a
diversity index as a measure of interdisciplinarity. Diversity exists largely among the
several concepts such as variety and balance, and disparity, and the diversity in specific
science and technologies can be defined through these three concepts [102, 119]. When
measuring interdisciplinarity in pre-existing categories, previous studies have utilized
variety, defined as the number of cited fields, or balance, defined as the distribution of
citations among fields [13]. Science and technology with high diversity leads to
innovation and contributions to productivity growth [119]. In areas where novelty and
interdisciplinarity are secured, there is an increased likelihood of emerging scientific and
technological fields [21], thereby exhibiting high diversity. Moreover, it is asserted that
high diversity should be achieved to maintain interdisciplinarity and generation of
promising technologies [100]. Hence, this study as such estimates the change in diversity
for each point in future, using the model’s expected citation frequency, and explore the
degree of interdisciplinarity.
This study is composed as follows: Section 3.2 proposes the framework through which the
degree of interdisciplinarity is measured and predicted, through the Glänzel-SchubertSchoepflin model and diversity. Section 3.3 deals with the analysis results through the
proposed framework. Finally, conclusions are provided with several limitations and future
research directions in Section 3.4.

3.2

Proposed approach

This chapter is largely composed of three modules. Module 1 is a stage of data collection
and processing. The targets fields and their interested journals are determined, and
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corresponding citation data are collected. Module 2 is a stage in which the citation
frequency at a future is estimated. The data collected and processed in Module 1 is applied
to estimate the Glänzel-Schubert-Schoepflin model, and the citation frequencies for target
fields are estimated in each point. Module 3 is the stage in which interdisciplinarity is
estimated. The Shannon and Weaver index is utilized to measure the diversity of journals’
citations and examine which journals would have a high interdisciplinarity. After that, we
identify the candidate of promising technologies based on the list of selected journals. The
overall process of this chapter is described in Figure 3.1.
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Figure 3.1: Overall research process of chapter 3

3.2.1. Data gathering and preprocessing
The first stage is data collection and preprocessing to examine interdisciplinarity. First, the
fields with high interdisciplinarity or high potential of IDR are selected. The citation data
for journals related to such fields were collected using the Journal Citation Report (JCR).
Next, the journals with high impact factors and high citation numbers are selected within
the fields. The citation frequency is significantly different from IF in most academic fields;
we thus determined the threshold value using relative rather than absolute value. The top
50 journals of the last five years were chosen as the research data. While the citation
frequencies between cited journals on the JCR website are provided from 2003 to 2014, a
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large number of journals were created after 2003. Therefore, this study collected the
journals published prior to 2007 and used their citations frequencies created after 2007.
Next, the citation frequencies of selected journals were collected for each of the cited
journal. Selected journals with high citation frequencies were selected, and yearly citation
frequencies were collected. The chosen journals were classified into different disciplinary
fields based on the predefined classifications listed in JCR. Here, the fields with sufficient
citation frequencies were identified. These fields were divided into relatively larger units,
such as materials science, physics, and chemistry. Moreover, if one journal belonged to
multiple fields, the weights were applied arbitrarily based on the subjects of recently
published journals. For example, Carbon is classified into “chemistry,” “materials science,”
and “nanotechnology”; a field weight of 0.4 was assigned to chemistry and materials
science, and 0.2 to nanotechnology. Then, citation frequencies of each field are calculated
by the multiplication of ‘overall citation frequencies of journal’ and ‘assigned weight of
each field’. If the citation frequency for 2014 of this journal is 500, it was assumed that the
citation frequency of chemistry and materials science is 200 (500 x 0.4 = 200) and 100 for
nanotechnology (500 x 0.2 = 100).

3.2.2. Predicting the journal’s citation frequency
Next stage is estimating the future citation frequencies of each field based on the
processed data in Module 1. To estimate the frequencies, the Glänzel-Schubert-Schoepflin
model introduced in Section 2.3.4 is utilized.
The first task to utilize the above model involves estimating the citation rate of selected
journals for each specific point of time. To this mean, this model defines the estimated
citation rate, r(t), as described in Formula (1).

æ 1 ö
r (t ) = ln ç
÷
è 1- p ø

(3.1)

In the above equation, p identifies the probability of a specific journal’s being cited at a
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specific point of time. The citation probability has a value between 0 to 1, and as the
probability increases, the denominator decreases and the r(t) value increases. This r(t)
value was defined as the following two types in this study, as follows formula (3.2) and
(3.3).

1. Cases where citation proportion increases: r (t ) =

b (1 - e -a t ) (3.2)

2. Cases where citation proportion decreases r (t ) =

b e -a t

(3.3)

The previous model assumes the increase of citation rates for each field. Therefore, r(t)
was defined as Formula (2-1), in which it gradually increases over time. However, the case
study that will be introduced later in Chapter 4, actually showed that the citation rate of
traditional academic fields, which originally were high influential, decreased over time.
Therefore, Formula (2-2) was added since the models are suitable where citation rate
decreases over time. The citation probability for the selected journals after 2007 were
calculated by estimating r(t) for each point of time.
Validation is required to ensure that the above model can deliver valid estimations. Using
the estimated value of r(t) derived from the model, this study estimated the optimal
citation frequency at the point where the data were gathered (after 2007). In other words,
the citation frequencies with the highest probability to occur for per year were calculated
based on the r(t). Afterwards, actual citation frequencies were gathered and were
compared to the estimated optimal citation frequencies from the probability model. The
mean absolute percentage error, or MAPE, is utilized in this process to examine whether
the actual and the estimated citation frequencies are matched. This is an indicators of
accuracy often utilized in trend analyses or indicators of certain model’s goodness of fit.
This index demonstrates the accuracy in the form of “percentage errors.” MAPE is
calculated using the Equation (3.4) below:

27

At - Ft
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(3.4)

In this equation, Ft is the forecast value, and At is the actual value. A lower MAPE
indicates that the forecast and actual values are equal; thus, as such value becomes smaller,
the model is considered to be strong enough to carry out valid estimations. The threshold
of MAPE was set as 15%, 1) considering that the data for each journal was only seven
time periods and 2) referring to other studies that have examined models’ accuracy [76,
104].
After the model’s validation is completed, the forecast model is utilized to identify future
citation frequencies. In details, we forecast two specific values: 1) how much proportion of
“selected journal” in section 3.2.1 will be cited by journals from “other academic fields”
and 2) how much proportion of “selected journal” will cite other journals from “other
academic fields”. The probability of k number of citations occurring in a certain point in
time is defined in the below Formula (3.5), assuming that the probability distribution is
following a negative binomial distribution [39].

æ N + k - 1ö - r ( t )
P ( X (t ) = k ) = ç
÷ e
k
è
ø

(

) (
N

1 - e - r (t )

)

k

(3.5)

The transition probability can be induced as Formula (3.6). Transition probability defines
the probability of a specific journal, or paper, being additionally cited j times at the future
point of time, t, once it was cited i times at a specific point of time, s.

P ( X (t ) - X ( s ) = j X ( s ) = i )
æ N + i + j - 1 ö - ( r ( t ) - r ( s ))
=ç
÷ e
j
è
ø

(
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- ( r ( t ) - r ( s ))

)

j

(3.6)

Through the Formula (3.6), the expected citation frequencies of next four years are
calculated. The estimation of citation frequency can be obtained by identifying the most
likely citation frequency per year. This process is repeated for each of the field.

3.2.3. Measuring the field interdisciplinarity
The last stage identifies the degree of interdisciplinarity between the academic fields for
each point of time based on the expected citation frequencies. In order to forecast the
degree of interdisciplinarity, the notion of diversity was measured. This study particularly
utilizes The Shannon and Weaver index, which is frequently adopted in field of biology to
calculate diversity [116, 119]. In addition, similarity should also be considered when
measuring the diversity. The cosine similarity, one of the most common index to measure
the distance between to fields, is incorporated. The inner product form of two indices were
used to define the diversity, as shown in Formula (3.7) and (3.8).
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(3.7)

ø

cij + c ji
TCi + TRi TC j + TR j

(3.8)

In formula (3.7), Pi is the proportion of citation of ith field (i= 1, 2, …, n). The above
indicator is increased as the number of fields (i) becomes bigger, as the Pi value increases,
or as the distribution of the Pi value balances. In other words, as the index tends to increase
if 1) the number of interested fields grows 2) the significance of the field increases and 3)
the proportion of the field becomes more balanced, a greater diversity is achieved. In
addition, it can be interpreted that the higher the disparity 1-sij, the greater the diversity. In
formula (3.8), cij+cji is the total number of citations between fields i and j (j= 1, 2, …, k).
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TCi means the total number of citations received by ith field, and TRi means the total
number of citations given by ith field. If normalized similarity [Formula (3.8)] is increased,
the disparity between two fields, one subtracted by normalized similarity, is decreased, and
this results the decrease of the diversity.
The gathered data is the citation frequency between the journals from 2007 to 2013. Up to
2013, the diversity index can be calculated using actual data. Afterwards, from 2014, the
diversity index can be calculated based on the estimated data obtained from the process in
section 3.2.2 (expected citation frequency for each field). Therefore, based on the literature
review, the changes in the index across time can be used to confirm the degree of
interdisciplinarity between the journal fields. For example, if the diversity index for the
energy field tends to increase after 2014, it is interpreted as the degree of
interdisciplinarity or information exchange of the energy field with the journal and with
the selected field in which the journal belongs is increased. Therefore, interdisciplinary
research between energy field and selected fields are expected to further develop in the
future.
Finally, we identify the candidate of promising technologies through the extracted
interdisciplinary research. Many interdisciplinary research group have many types of
journals and their related topics. We investigate 1) whether the frequency of citations in
terms of related topics is relatively high 2) whether the frequency of citation is gradually
increasing, and we select the candidate of promising technologies. These citations covered
only the interaction with related adjacent disciplines which can contribute to the
development and improvement of interdisciplinarity.

3.3

Case study

For the analysis, we select nanotechnology as a target subject. Nanotechnology refers to
overall technologies that engage in the making of new products or processes by
manipulating materials on a nano-scale [52]. This is considered a comprehensive
discipline, in which 1) a diverse range of scientific disciplines, such as physics, chemistry,

30

biology, and mathematics, and 2) a diverse range of engineering disciplines, such as
materials science and engineering areas, and nanotechnology may contribute to the
development of a various technologies [96]. Since nanotechnology deals with new and
unknown things, it is essential to share knowledge and intelligence in the process of
related experiments [78]. Nanotechnology is known to be the field, in which
interdisciplinary research is actively conducted with constant investment [105, 109].

3.3.1. Data gathering and preprocessing
This section examined whether IDR in nanotechnology will be more active in comparison
to other fields. Such an assumption can be confirmed by observing if the nanotechnology
has a higher degree of interdisciplinarity compared to other fields.
To do this, we compared the interdisciplinarity of nanotechnology with that of the fields
with high number of citations with nanotechnology, such as material science and chemistry.
One journal from each field was selected based on three criteria. First, was the impact
factor (IF) sufficiently high? Second, did the citations take place consistently and
sufficiently? Third, did the selected journal exist prior to 2007? Through these criteria, this
study has selected Nature Materials from the material science field and Chemical Reviews
from the chemistry field, to compare with Nano letter which is nanotechnology-related
journals.
Then, yearly citation frequencies were gathered for the selected journals. The citation
frequency between the cited/citing journals was gathered from 2007 to 2013, The number
of times that these journals cited the two journals (Nature Materials, Chemical review)
was also collected by years. In this process, Journals published after 2010 were excluded
from this process even if they had high citation frequencies.
Next, the fields of the cited/citing journals, were identified and classified. In this section,
the fields were divided based on the classification found in the home page, and the fields
with enough citation frequencies with Chemistry or Material Science were selected. It was
found that five other fields and nanotechnology had sufficient citation frequencies from
the selected journals. A number of journals did not belong just to one specific field;
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therefore, the weights, which were mentioned earlier in section 3.2.2., were applied to
calculate the citation of each field. Table 3.1 illustrates the selected fields by journal.
Field

Journal

Nanotechnology

NanoLetter

Material
Science

Nature Materials

Chemistry

Chemical review

Related field
Chemistry, physics, Material Science, Energy,
Biology
Chemistry, physics, Nanotechnology,
Energy, Biology
Material Science, physics, Nanotechnology,
Energy, Biology

Table 3.1: Selected field and journal

3.3.2. Predicting the journal’s citation frequency
Then, the citation probabilities of the previously selected fields were estimated. To
estimate them, r(t) should be measured; see also Equations (3.1), (3.2), and (3.3). Table 3.2
illustrates the results of estimation of r(t) through the Glänzel-Schubert-Schoepflin model
and the results of the validation through MAPE.

Nanotechnology
:Nano Letter
alpha
beta
Cited rate r-square
Model
MAPE
alpha
beta
Citing rate r-square
Model
MAPE

Chemistry
0.5
0.102
0.767
II
0.087
1.871
0.037
0.409
I
0.047

Physics
0.029
0.232
0.526
I
0.168
2.272
0.127
0.328
I
0.029

Material
3.791
0.065
0.796
I
0.067
2.349
0.077
0.339
I
0.037

Energy
0.321
0.062
0.770
I

0.522
0.012
0.878
I

0.086
0.128
0.008
0.805
I

0.062
0.924
0.008
0.793
I

0.125

Table 3.2: Results of estimated r(t): Selected three journals
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Biology

0.082

Chemistry:
Chemical reviews
alpha
beta
Cited rate r-square
Model
MAPE
alpha
beta
Citing rate r-square
Model
MAPE
Material Science:
Nature Materials
alpha
beta
Cited rate r-square
Model
MAPE
alpha
beta
Citing rate r-square
Model
MAPE

Material
2.246
0.036
0.424
I
0.112
0.034
0.018
0.812
II
0.035
Chemistry
2.508
0.139
0.447
I
0.158
0.021
0.058
0.757
II
0.008

Physics
0.749
0.016
0.761
I
0.063
1.847
0.035
0.233
I
0.060
Physics
0.028
0.106
0.568
II
0.111
0.026
0.103
0.847
II
0.010

Nano
technology
2.045
0.005
0.475
I
0.047
0.924
0.009
0.671
I
0.077
Nano
technology
0.039
0.049
0.934
II
0.048
1.663
0.483
0.483
I
0.049

Energy
0.197
0.025
0.895
I
0.100
0.284
0.004
0.902
I
0.110
Energy
0.263
0.036
0.082
I
0.073
0.622
0.010
0.587
I
0.110

Biology
0.052
0.012
0.919
I
0.092
0.478
0.002
0.830
I
0.084
Biology
0.329
0.011
0.868
I
0.097
1.474
0.010
0.440
I
0.073

In the goodness of fit model, “I” indicates a high r-square of a model, wherein the citation
proportion has increased (Formula 2.2), and “II” indicates a high r-square of the model,
wherein the citation proportion has decreased (Formula 2.3). Therefore, the field denoted
as “I” will have a higher citation rate, and the discipline denoted as “II” will have a lower
citation rate, both in the course of time.
As illustrated in Table 3.2, r(t) values of all five fields in Chemical Reviews increased
with time; however, the citing reference from material science field was quite opposite.
For Natural Materials, r(t) had increased in several fields, including chemistry, energy,
and biology. The citation proportions of the selected fields have generally increased in
cited and citing journal data. For nano letter, the analysis of the three journals
demonstrated that the citation rates were increased for the three fields of physics, energy,
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and biology. On the other hand, the fields of material science and chemistry revealed a
relative decrease in the citation rates in the course of time. Thus, in some traditional areas,
the influence or the degree of interaction on nanotechnology may decrease.
Moreover, in Table 3.2, MAPE is an indicator that calculates if the Glänzel-SchubertSchoepflin model is appropriate for this study. This was conducted by calculating the
MAPE of actual citation frequencies on the forecast citation frequencies for each journal’s
field, as introduced in section 3.2.2. According to the results from Table 3.2, MAPE value
of the models were measured as ranging from 1 to 15%, and the average MAPE value of
all models was approximately 6%. A majority of the models can be evaluated by
conducting acceptable estimation. Some models resulted in MAPE over 10%, because the
estimated citation frequency data from 2007 or 2008 had vast differences with actual
citation frequencies. It seems this model conducts a proper estimation given that there
exists a small amount of data for the estimating values, and that comparatively small
amount of actual citation frequencies (2007, 2008) are leading to greater errors despite the
small size of the error. Therefore, the expected citation frequencies of the three journals
were estimated using the Glänzel-Schubert-Schoepflin model. The results are noted in
Table 3.3. The “Proportion” in the table is the ratio of forecast citation frequency for the
total forecast citation frequencies. The total citation frequencies were forecasted using a
growth model based on the past data.

Table 3.3: Estimated citation frequency of journals
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Nanotechnology
:Nano Letter
2014
2015
Cited
proportion
2016
2017
2014
2015
Citing
2016
proportion
2017
Chemistry:
Chemical reviews
2014
2015
Cited
proportion
2016
2017
2014
2015
Citing
proportion
2016
2017
Material Science:
Nature Materials
2014
2015
Cited
proportion
2016
2017
2014
2015
Citing
proportion
2016
2017

Chemistry
6.60%
6.28%
5.99%
5.70%
3.63%
4.17%
4.25%
4.26%
Material
3.66%
4.05%
4.10%
4.11%
1.36%
1.37%
1.32%
1.28%
Chemistry
14.89%
16.22%
16.32%
16.33%
4.78%
4.80%
4.70%
4.61%

Physics
16.25%
15.87%
15.50%
15.11%
11.93%
12.99%
13.11%
13.12%
Physics
1.61%
2.37%
2.74%
2.92%
3.44%
3.96%
4.04%
4.06%
Physics
8.51%
8.18%
8.05%
7.83%
7.77%
7.58%
7.41%
7.23%

Material
6.68%
6.84%
6.85%
6.85%
7.41%
8.06%
8.13%
8.13%
Nano
technology
0.50%
0.56%
0.57%
0.58%
0.90%
1.25%
1.38%
1.44%
Nano
technology
3.56%
3.42%
3.29%
3.16%
3.25%
3.84%
3.95%
3.97%

Energy
5.87%
9.65%
12.91%
15.38%
0.51%
0.88%
1.25%
1.56%
Energy
2.00%
2.62%
3.62%
4.46%
0.36%
0.60%
0.80%
0.94%
Energy
3.20%
5.54%
7.51%
9.08%
0.99%
1.50%
1.78%
1.93%

Biology
1.29%
1.85%
2.27%
2.53%
0.80%
1.11%
1.23%
1.28%
Biology
0.40%
0.72%
1.05%
1.37%
0.20%
0.31%
0.39%
0.43%
Biology
1.92%
2.38%
2.42$
2.43%
1.10%
1.22%
1.27%
1.28%

The results of Table 3.3 demonstrate that the total citation proportions of all five fields
were generally increasing. In Nano Letter, when closely examined the cited part, the
citation proportions for the material science and chemistry fields are relatively higher, and
the estimated citation proportion of the energy field is rapidly increasing. On the other
hand, in the citing part, the citation proportion for physics fields is steadily higher, and the
overall growth speed of estimated citation proportion is lower than the cited part. This can
be interpreted that the selected three traditional fields currently hold a significant influence.
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Moreover, higher convergence and interaction with the nanotechnology, and even greater
future influence on nanotechnology, is further expected.
Chemical Reviews did not contain a high citation proportion for the other fields, in terms
of both cited and citing values. On the other hand, the citation proportions for physics and
chemistry fields were relatively higher in Nature Material, whereas the citation proportion
of chemistry was low in citing journal data. In addition, it was observed that the estimated
citation proportion of the energy field was increasing rapidly.
However, the rates of change for some fields, and especially energy field, seem to be
exaggerated due to two primary reasons. The first reason is related with r(t), which is
defined in the form of an exponential function. The second reason is that the number of
energy field’s citation is shown low in 2007 and 2008, and this is leading to higher growth
rates until 2013. Therefore, it seems that the energy field’s estimations have been
overestimated due to these two factors. Such a limitation will also be mentioned in the
conclusion chapter.

3.3.3. Measuring the field interdisciplinarity
Lastly, based on the estimation, the diversity of the two journals was calculated using the
diversity index. Then, the indices were compared between three journals Chemical review,
Nature Material the Nano Letter. Figure 3.2 shows the results of calculating the diversity
index from 2013 to 2017. Data from 2013 consists of values calculated from the actual
data, and from 2014 to 2017, the values have been calculated using expected citation
frequency, which were estimated using the model.
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Figure 3.2: Changes in diversity (nanotechnology and others)
Figure 3.2 shows that the diversity indices in all three journals are increasing
monotonously. This means that the citation frequencies of all three journals to other fields
have increased. First, two journals (Chemical Review, Nano Letter) indicated an increase
in proportion of citation for all of the fields. Moreover, while the citation rates of physics
and nanotechnology fields in Nature Material were decreasing, it showed an overall
increase in citation proportions of Nature Material due to a rise of citation rate to the
biology and energy fields. Therefore, this indicates that interactions between all three
academic fields will grow, and this may be considered as an evidence that the IDR in three
areas will be more active in the future.
The diversity index for the Chemistry journal was calculated to be relatively lower than
the other two journals. This is because high-ranking journals were mainly included in the
chemistry field. Actually, among the 48 selected journals, more than 30 were classified in
the chemistry field. This indicates that exchanges within the field of chemistry are very
active, but interactions with other fields were relatively fewer because of the scale of
chemistry field. However, if chemistry was divided into sub-groups, the interactions
within the academic fields were partially revealed. For example, the citations within the
discipline of chemistry, such as physical chemistry and inorganic chemistry, occurred quite
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frequently. The proportion of citation regarding the energy discipline was relatively higher
than the other two journals, and this was due to the citation in the electronic energy fields,
such as electrochemistry or fuel cells. Therefore, it could be interpreted that the proportion
of IDR for chemistry is relatively lower, compared to material science and nanotechnology.
The index of Material Science journal is a slightly lower compared to that of
nanotechnology, since the field of material science is extensively interconnected with
many disciplines [92] and has a relatively high level of interaction due to a strong aspect
of disciplinary integration [114].
Therefore, the degree of interdisciplinarity is relatively high in the field of material science.
The results show that the citation rate of traditional fields, such as chemistry and physics,
has slightly decreased, but the rapid increase in the energy field, such as fuel and cells,
offset these decreases. This result also indicates that the cited fields of material science are
becoming more diverse. Lastly, the comparison of diversity index values shows that while
the index similarly rises at similar speeds for all three journals, the diversity index of Nano
Letter, in the nanotechnology field, is higher than that of journals in the other two fields.
This leads to the conclusion that the nanotechnology field has frequent interactions with
various academic fields compared to other disciplines, such as chemistry and material
fields, which have high degrees of association to nanotechnology. It seems that
nanotechnology has relatively higher potential for IDR with other fields.
With analysis of related journals, we can identify the candidate of technologies. To do this,
in Nanotechnology journal, we classify the gathered citations according to related
technologies. Then we calculate the diversity of related papers and citations which contain
the co-keyword of related technologies. We select the technologies as promising if 1) the
diversity of technologies are 1) high (↑0.4%) and 2) gradually increasing (↑1%p). Table 3.4
indicates the list of candidate technologies in Nanotechnogy. In next chapter, we try to identify
what technology is promising in the future.

Table 3.4: List of candidate technologies in Nanotechnology
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Technology
Food processing
technology
Fabrics
technology
Artificial Organs
technology
Microfabrication
technology
Biomineralization
technology
Catalysis
technology
Medicine
technology

3.4

Description
Impact on several aspects of food science, from
how food is processing to how it is packaged.
Making composite fabric with nano-sized particles
or fibers allows improvement of fabric properties
without a significant increase in weight
Manipulating an engineered device or tissue that is
implanted into a human to replace a natural organ
Analyzing the fabricating miniature structures of
micrometre scales and smaller
Processes that lead to the formation of
hierarchically structured organic−inorganic
materials generated by living organisms
Upgrading of the resources through nano catalysis,
such as crude from shale oil
Injecting nano-based synthetic platelets to reduce
reduces blood loss and influence of virus
significantly

# of citations
212
176
152
121
109
100
98

Conclusion

This study has examined the concept of interdisciplinarity, or the IDR, which has recently
received increased attention. Previous studies have utilized various quantitative models by
using a diverse range of data, such as patents and papers. However, previous models had
limitations, as they could not reflect forecasted values in the future. This study has utilized
the stochastic model - Glänzel-Schubert-Schoepflin model - which is capable of
estimating the citation rates of specific fields in each point of time to forecast the expected
citation frequency in the future. Moreover, the degree of interdisciplinarity was examined
by incorporating the diversity index, stemming from Shannon and Weaver index and
Cosine similarity. The index was calculated based on the expected citation frequency. The
result of the analysis predicted that the IDR of nanotechnology will be actively occurred
with other disciplines such as Chemistry, Material science and energy in the future, and it
also holds higher probability of being more frequently conducted compared to other field
of studies. Finally, we identified the candidate of promising technologies through the
extracted interdisciplinary research. From nanotechnologies, we extracted several
candidates of promising technologies groups such as Food processing technology, Surface
Science technology, Artificial organ technology and so one.
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This study has several contributions. First, this study has attempted to forecast future
interdisciplinarity. While there have been many studies attempting to measure
interdisciplinarity, a majority of these studies have measured the present interdisciplinarity
through past or present data. This study, on the other hand, measures the interdisciplinarity
at a future point of time by utilizing the Glänzel-Schubert-Schoepflin model, which
defines the citation events through a stochastic process. The expected citation frequency
was estimated for each point of the future time through this model, and this leads to an
observation of the degree of interdisciplinarity in a future point of time. Therefore, this
study has suggested the framework of forecasting interdisciplinarity of fields through
stochastic processes and diversity, and this framework can lead to a future-oriented study.
Second, this study has examined the degree of interdisciplinarity for nanotechnology
through suggesting a new framework and performing a practical analysis. By comparing
the journals with the other fields, such as Chemistry and Material Science, this study was
able to assess that nanotechnology had a relatively higher chance of IDR. It thus suggested
a framework of quantitatively comparing the inter-disciplinarity between different fields
considering the timeline of both past and future. Moreover, along with the first
contribution, the quantitative framework in this study can allow for systematic
comparisons for the degree of future interdisciplinarity in various fields.
This model could provide some meaningful insights when applied with other types of
academic fields where the features are different from that of nanotechnology. For instance,
if a field where IDR is less observed is applied in this model, the estimated diversity and
citation probability will be relatively low. For instance, the result of this study showed that
more half of the top 50 journals were included in the field of chemistry. This indicated that
there has been an active information sharing within the chemistry area but an inactive
involvement with the fields outside the chemistry field. This has resulted citation rating r(t)
of chemistry to be estimated low compared to that of nanotechnology, and an overall
diversity was measured to be also small. The estimated result derived from the proposed
model is, in fact, varied depending on the classification of the academic field.
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However, this study has several limitations. First, there are structural problems in the
model and the data. The Glänzel-Schubert-Schoepflin model defined the citation rate with
an exponential function at each time point. As forecasting proceeds through the model, the
citation rate had to become fixed in the course of time. Moreover, the number of data
points used in these studies were quite lacking compared to the amount of data required
from the model, and this had resulted several errors. This issue could be solved if the
analysis was conducted after the data have fully accumulated. In addition, the absolute
value of early 2007 and 2008 data was very low, leading to an overestimation in the
citation growth rate in some models, such as in the energy field. This must be resolved by
establishing a mixed model, establishing two different models with different coefficients
for each point of time, based on theoretical backgrounds.
The second limitation is the relations between the journal and the field. We select only one
journal from the related fields for the analysis. While several criteria were established to
grant that selected journal can reflect the characteristics of nanotechnology, the absolute
evidence that the selected journal represents the field is still lacking. Therefore, to examine
the relationship between the fields and reduce this limitation, data should be gathered from
a more diverse range of journals, and the journals and their citations must be examined
more meticulously.
The last limitation is that suggested framework cannot reflect newly occurring fields from
the analysis process. This study estimated the citation rate at each point of time to obtain
expected citation frequencies; however, expected citation frequencies were calculated for
the fields that were previously defined, such as materials science or chemistry. Therefore,
new fields derived from previous fields were excluded from the boundaries of the analysis.
Most new and emerging fields are, however, normally augmented and improved by
solving the requirements of the existing academic fields. They have a significant amount
of correlation with the existing, such as shared advanced technologies or application fields.
Thus, the citation rate of new fields can be indirectly predicted based on the citation rate of
the estimated model of the existing related fields. A similarity with the existing and new
fields can also be calculated by using distance indices, such as the cosine similarity that
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incorporates a keyword analysis like co-word frequency analysis. In addition, this model
can be improved by integrating with other techniques, such as link prediction, to better
predict the degree of interaction with other unknown academic fields.
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Chapter 4
Extracting list of promising technologies

4.1

Introduction

Many emerging technologies have been developed in several technology sectors with the
Industrial Revolution. Although emerging technologies are often uncertain and ambiguous,
they are likely to generate new knowledge [48]. Many groups, such as the nations, try to
develop these emerging technologies, so many studies have attempted to identify which
technologies are worthwhile and will change society.
Despite these attempts, there are two major limitations of previous studies: 1) Rely on past
and present data, and 2) deterministic methodologies with deterministic data. Most current
studies have utilized journal and patent data that only include past information about
existing technologies. However, promising technologies and their evolutions are uncertain
and have a vague effect on technological and social needs [12, 58]. Thus, the form and
capabilities of these technologies are in a state of flux, so the functions of technologies can
change in unintended directions that are a sizable gap between the current levels of
technologies [119]. On the contrary, patent and journal data only include clear
technological facts, which have accumulated cumulative technological advances from the
past.
In addition, previous studies have utilized deterministic methodologies with deterministic
data. They have made several attempts to detect the emergence of technology through
structured data such as the number of paper/patents and the number of citations [26, 56,
115], They have also used unstructured data such as the frequency of keywords and cowords [36, 59, 133] as well as other indices derived from structured and unstructured data
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such as paper mobility [81, 110]. Using existing approaches is not a meaningful task in
identifying promising technologies. Patent and journal data are also unable to reflect the
social needs and their timeline in the future, so it is difficult to determine if the technology
is promising or not. Thus, these data are not well suited to discover potential technology
with social influence if the technologies were not yet actualized.
Furthermore, deterministic methodologies analyze the technologies based on discovered
data such as keywords or structured data. Many deterministic methodologies such as timeseries analysis predict the future by relying on past trends derived from structured data.
Thus, it is inappropriate to utilize this methodology for identifying potential trends or
social events that do not currently occur, but that may appear in the future. It is also
impossible 1) to define the criteria for promising in advance, and 2) to determine which
representative parameter presents if any technologies are promising or not. For instance, it
is difficult to answer the question: ‘What is the minimum number of future applications of
promising technology?’, because the definition and requirements of promising technology
are varied in different fields. Therefore, it is inappropriate to determine definitively
‘promising’ or ‘not promising’ based on the cut-off value of parameters such as keyword
and structured data. Besides, it is also difficult to answer the question; ‘Which applications
or characteristics of promising technologies are used for measuring the degree of
promising?’ There are various types and patterns of ‘promising’ in different fields, so it is
difficult to choose any features or variables for determining promising technologies.
In response, this study developed a framework to identify promising technologies to
prepare for potential issues and determine whether these technologies will be emerging
and promising in the future. To overcome the limitations of data and methodology for
previous research, we utilized 1) Expert opinion on the future as new data and 2) fuzzy
clustering that is one of unsupervised learning technique as a research methodology.
We utilized the expert opinion on the future as new data for analyzing the influences of
promising candidate technologies on society in the future [88]. Expert opinion on the
future is the set of expert opinions gathered from websites. The online forum sites
contained archives such as technological trends and reports with expert predictions [111].
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When an individual posts the online article regarding the expectation, trend, and
technological progress of promising technologies, the unspecified individuals will
continue to update the article in a way that will raise additional opinions [88]. In this way,
the amount and quality of the information in online posts are gradually improving, and
collective intelligence with experts has practically modified the opinion of the post. We
utilized the online post to identify the potential technological issues of promising
technologies. We select two types of online forum sites, 1) “general technology
communities” that deals with general technologies and their applications and 2) “focused
technology communities” that focuses on specific technologies and intensively discusses
their issues. First, the posts of general technology communities provide opinions on
technology trends derived from the relationship between particular technologies and other
technologies. These posts include predictions which connote the influence of promising
technologies on different technologies or fields. Several studies were only analyzed in
general technology communities [57], but we tried to extend the range of data to
complement more professional information and related issues. Another data source is the
posts of focused technology communities. These posts provide specialized knowledge and
specific applications for promising technologies. By these posts, experts connote many
types of professional information and their opinions such as “regulation” or “technical
commercialization” of focused technologies, which are not currently discussed social
events in other technological fields. Thus, by analyzing both data, we could identify
predictions about the technical development and influences of promising technology, as
well as the experts’ awareness of social factors such as customers’ needs [19, 111].
In addition, to explore the promising technologies, this study applied unsupervised
algorithm fuzzy clustering to determine whether candidate technologies are promising.
The fuzzy c-means clustering model was constructed to estimate the probability of data
belonging to each cluster that can be obtained for the fuzzy model [87]. This clustering is a
technique that is used to find a target object from the whole group. It is used to define a
"segment" that characterizes a customer in marketing. Most customers have characteristics
of multiple groups rather than a single group, and it is possible to analyze which groups
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the customer belongs to somewhere. Compared to other deterministic models, the
clustering model can reduce two problems related to the relationship between promising
technologies and calculated indices, which involved the likelihood of promising
technologies.: 1) it is assumed that calculated indices and the possibility of promising are
completely proportional, and 2) a clear criterion is established for whether candidate
technologies are promising or not. Because the results of clustering only represent the
probability distribution of belonging to a cluster, this method does not provide a rigorous
cut-off value for whether technology is promising or not. Instead, a cut-off value or
probability of promising can be determined depending on the distribution of the value of
indices. Moreover, selected several indices in the clustering model only tend to provide the
trend of promising, so they are not considered as representative parameters. Each
technology is assigned a probability that it belongs to several groups based on the
measured cluster membership function representing the belief that technologies belong to
the promising cluster.
Before calculating the indices of the model, topic modeling with Latent Dirichlet
Allocation (LDA) is conducted to identify which technologies will address diverse
promising issues in the future. In many experts’ opinion, many social and technical issues
were expressed by various incomplete terms as abstract topics [57]. By applying this
method, the underlying issues in these online documents related to the technological and
social problems of technologies can be constructed and effectively summarized [9, 99].
Then, to summarize the characteristics of promising candidate technologies, we calculated
several indices such as diversity, the centrality that does not reflect past trends, because
they were based solely on the future underlying topics, not based on historical data.
Diversity is an index representing how components with various characteristics are
included in a group. This index can be defined when two or more different components
with distinctive features are included in the current group [119, 126]. Many previous
studies have proposed that technology with high diversity can give rise to technological
innovations by activating information exchanges with other related technologies [46, 84,
130]. Centrality is an index representing the degree of influence of a node in a network
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[11]. Emerging technologies can also affect the development of other technologies because
experts form these technologies to solve or address severe, novel problems in a changing
society [106]. It is a persuasive argument that technology with high centrality is also likely
to emerge and improve. In summary, the diversity indices were used to measure the
emerging potential of the technology itself, and the centroid indices were used to measure
the degree of the future influence of other fields of technology.
This chapter is organized as follows. Section 4.2 proposes the framework through which
the emerging technologies were identified: through the LDA model and fuzzy c-means
clustering by utilizing diversity and centrality indices. Section 4.3 presents a case study
and discussion based on the proposed framework. Finally, Section 4.4 provides several
limitations and suggestions for future research directions.

4.2

Proposed research

This chapter was composed mainly of three modules. Module 1 involved data collection
and preprocessing. The target technologies and related online sources were determined,
and corresponding reports and posts from experts were collected. Module 2 is a stage in
which underlying topics were discovered. The collected documents in Module 1 were
applied to construct an appropriate LDA model, and the extracted topics were labeled.
Module 3 is the stage in which promising technologies were selected. In this module,
fuzzy c-means clustering was utilized to identify which technologies would emerge by
using several indices such as diversity indices and network centrality. The overall process
of this chapter is described in Figure 4.1.
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Figure 4.1: Overall research process of chapter 4

4.2.1. Data gathering and preprocessing
The first stage was data collection and preprocessing to identify the promising
technologies. The first step was selecting the technology fields with a high potential of
promising. The expert opinion on the future including reports and posts from selected
online communities were collected. Online communities were selected if 1) they discussed
general technologies or 2) they intensively discussed the selected fields of technologies.
Many open online forum sites tend to discuss and intensively Information and
Communication Technology (ICT), including the hardware and software for equipment.
However, the purpose of this thesis is to select promising technology by estimating and
evaluating the influence and potential of technologies. Therefore, we chose online forum
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sites operated by large corporations or consultants, which could always be provided with
expertise and regular trends from various experts. They provide objective information
founded on fact as well as individual expectations and opinion. In addition, this thesis
selected online sites that simultaneously review and discuss technologies in various fields.
They provide the platform to raise additional opinions of their posts for the unspecified
individuals. We define these selected sites as general technology communities. On the
other hand, focused technology communities are online sites that focus on specific
technologies, and intensively discusses their issues. There are few cases where the
websites operated by the large corporations, so we selected the online sites operated by the
profit-making organizations or academic society. They provided the latest academic and
social issues in focused fields, and discussion reflected the social events and expectation
such as legal amendments. Previous research [57, 111] were referred to determining the
community to allow us to explore the source of the expert opinion data.
The next step was to determine the technology fields of the candidate promising
technologies. In the majority of the cases, several similar technologies could be classified
into specific technology fields according to the purpose of the technology but the fields
could be subdivided. This study extracted more than ten sub-technologies within the
selected technology.
The next step involved a preprocessing process to identify which keywords were extracted
in each document. Thus, to construct quantitative data, the overall frequency of words was
calculated by applying text-mining techniques. After that, Term Frequency Inverse
Document Frequency (TF-IDF) of each keyword was calculated. TF-IDF is a statistic that
reflects how important selected words are to a document in a collection [101]. This
statistic is defined in formula (1) below.

æ
ö æ
ft ,d
Nö
tf - idf (f, D, t ) = ç
ln ç 1 + ÷
÷
ç max[ f ] ÷
t ,d ø
è nt ø
è
N: Total number of documents
nt: The number of documents which contain word t
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(4.1)

ft,d : The frequency of word t in document d.
If keywords appeared less than the pre-determined threshold of TF-IDF in the documents,
these keywords passed onto the next process. After eliminating unrelated or worthless
keywords, interesting and non-trivial keywords were extracted. These words were
classified as Final interesting keywords which should be associated with a specific
technology or social phenomenon.
The collected documents were also converted into structured data using keyword vectors,
which contained information about the frequency of occurrence and the list of selected
keywords. A keyword vector is the general form for handling large amounts of
unstructured text to extra information from the structured data (Yoon and Park, 2004). In a
keyword vector, each row corresponds to each document, and each column corresponds to
each selected keyword.

4.2.2. Topic Modeling
The next module was to discover the underlying topics from the collected documents in
Module 1. The Latent Dirichlet Allocation (LDA) was utilized to discover the topics [9].
The first process involved inferring two distributions: 1) the prior probability distribution
of the topics in the documents and 2) the prior probability distribution of the words in each
topic. It was assumed that each document contained different words, and each word must
belong to a topic. To infer the probability distribution, this model assumed a generative
process for each document w. In detail, the length of the documents was inferred from
Poisson distribution with parameter (ξ). The probability distributions of the words of the
topics and the topics of the documents (β, θ) were inferred from the hyper parameters (η, α)
of the Dirichlet distribution. Then, the joint probability distributions and conditional
distributions were computed, and the appropriate topics (Z) and words (W) were allocated
based on the topic distribution for each document and the content of each topic. To
identify the appropriate topic and corresponding words, MCMC methods such as Gibbs
sampling was conducted to sample the latent topic variable z. The overall process of LDA
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is shown in Figure 4.2.

Figure 4.2: Overall Process of Latent Dirichlet Allocation (LDA)
If the appropriate model was constructed, the context of the discovered topics was
interpreted through the associated keywords and document labels. Then the label of the
topic was determined through the relationship between the allocated keywords. The
process of the discovered underlying topics can be summarized as follows:
(1) Determine the Gibbs sampling iterations and the number of topics (n)
(2) Adjust the number of topics from 1 to n in the model
(3) Select the appropriate model that can interpret the meaning of the topic more
clearly.
(4) Identify the characteristic of the topic through a combination of the allocated
keywords.
Through these processes, underlying topics are summarized into future events or issues.
These issues can be constructed by a combination of various words written in incomplete
term for future. Similar to Section 3.2.1, topic vectors were constructed, which included
information about the proportion of topics in the documents and the list of discovered
topics. In each vector, each row corresponded to each document, and each column
corresponded to each topic. The elements of a vector reflect the importance of the topic in
the documents, which were derived from the LDA model. Based on the number of
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documents in which interested topic exists and the proportion of topic in a specific
document, these structure data were utilized to measure the degree of diversity and
association indices as in Section 4.2.3.

4.2.3. Selecting promising technologies
The last module identified whether the technologies would be promising. To measure the
degree of promising, we used two types of indices. First, two diversity indices were
utilized to measure whether the selected technologies had ample room for technological
progress and social development. In this study, these indices only measured documents
included in the same category to the exclusion of the influence of other technologies. This
study utilized The Shannon and Weaver index, and was calculated according to formula
(4.2) [116, 119].
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In formula (2), Pi is the proportion of ith topic that appeared in the selected technology (i=
1, 2, …, n). If the Shannon and Weaver index of the selected technology increased, more
varied components of technology interacted, and these components led to increased
changes in progress without the influence of other technologies. Thus, Shannon and
Weaver Index indicates the number of potential issues of candidate technologies and the
level of balance of issues.
In addition, disparity also needed to be calculated to measure the diversity. In this section,
disparity means how many different technological/social components could be identified
in the selected technology. To measure the disparity, the cosine similarity was utilized,
which is one of the common indexes to measure the distance between the technologies.
This index can be calculated as shown in formula (4.3).
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Where aij is the importance of ith topic in kth documents. When two documents tended to
deal with a similar issue, which means the possibility of the same topics increasing, the
inner product between two corresponding vectors also increased. Thus, the disparity one
subtracted by normalized similarity, decreased between the two documents. Since
dissimilarity represents the difference between the issue and technical component of the
technologies, so we anticipate that the larger the value, the greater the likelihood of
technological development and improve.
After that, we measure the association with other technologies. The association indices
were calculated to measure whether the selected technologies influenced the other
developing technologies. To measure the influence of the nodes in the network, this study
utilized eigenvector centrality [10, 53]. This index can reflect the importance of connected
nodes and connections to important nodes can contribute more to the node score than
connections to other nodes. In other words, the centrality of a node not only depends on
the number of adjacent nodes, but on their value of centrality. This index is calculated by
formula (4.4) where C means the centrality vector which includes the centrality of each
node, and A is the connection-strength-matrix of the network graph. According to
Bonacich [10], an eigenvector of the maximal eigenvalue should be composed of only positive
entries, and this eigenvector should have entries cvi which indicates the eigenvectorcentrality of node vi.

l c = Ac

(4.4)

The calculated eigenvalues are proportional to the influence of node in network. Thus, the
eigenvalues of candidate promising technology in the network indicate how much the
technology influence on other candidate technologies. Therefore, we assume that the
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higher the calculated eigenvalue of technology node, the greater the likelihood of
regarding as ‘promising technology’ in the future.
Lastly, to label the technologies, fuzzy c-means clustering, was conducted. In the previous
process, three indices for diversity and centrality of each technology were calculated.
However, it was still unknown whether these technologies were emerging or not; thus,
they were unlabeled. In this process, it was assumed that each technology can belong to
more than one cluster, and the probability of allocating each cluster followed a probability
distribution function.
The fuzzy c-means clustering model extends K-means models based on fuzzy set theory.
Based on the distance between each technology and the center of the cluster, this
algorithm estimates that the probability of belonging to each cluster can be obtained for
the fuzzy model. Similar to the K-means clustering model, this model also minimizes the
sum of the squared error in a fuzzy cluster. When the number of cluster c is determined, c
technologies are randomly selected as centroid, and then the sum of the squared error
(SEE) is calculated as in formula (4.5)

åå ( m
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(4.5)

where d(xij, ci) means the distance between the centroid of cluster i and the data point of
technology j is classified into cluster i. If the distance between the center and the data
point decreases, the overall SSE also decreases. To minimize the objective function, the
coordinates of the centroid and corresponding weight of fuzzy membership is updated as
in formulas (4.6) and (4.7). This update process iterates when the sum of the SSE is
minimized, or there are no further changes in assignment of instances to clusters.
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In this chapter, the candidate technologies were classified into several clusters that are
minimize the SEE in (5) depending on the number of cluster and the distribution three
parameters (Shannon-weaver index, Cosine dissimilarity and eigenvector centrality).
Based on previous research, it was assumed that the three indices and the likelihood of a
promising tend to be proportional, so the several clusters were labeled in the order of the
center coordinates of each cluster. Therefore, when candidate technologies were classified
into promising clusters in which the centroid coordinates tended to be higher than the
other clusters, these technologies were defined as promising technologies.

4.3

Case study

In chapter 3, we identify the nanotechnology field as promising interdisciplinary which
can actively generate the promising technologies. Among technologies in nanotechnology
disciplines, this study selected food processing and preservation technologies as the target
subject for the case study. Food processing and preservation covers the physical, chemical,
and biological methods to process raw ingredients into food and its transformation [5].
This is considered a comprehensive technology field with two key characteristics: 1) a
diverse range of technological activities such as mincing and macerating, emulsification,
liquefaction, cooking processes, and many other types of preservation, and 2) a diverse
range of processing mechanisms such as high pressure, ultraviolet light (UV), ozone (O3)
and nanotechnology [121]. Numerous reports and posts from not only academic fields but
also non-academic fields are also being continuously published in this area. In addition,
the processing and preservation of food is becoming important technology due to rapid
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environmental changes such as abnormally high temperatures, which can threaten human
health.

4.3.1. Data preprocessing
The first step for data preprocessing was gathering online posts and reports from online
forums. There are two types of online communities that have published experts’ opinions
about food processing technologies. First, several academic communities have discussed
general technologies. We selected four communities as ‘general technology community’
including Kurzweil Accelerating Intelligence and MIT Technology Review to gather
documents about food processing. These posts contain not only technical information
about food processing technology, but also opinions from experts about other linked
technologies that may be related to food safety technologies. The second type of
community is those that intensively discuss food safety technologies. We selected three
communities as ‘focused technology community’ to gather our data. These posts typically
contain information on the progress of the latest food processing technologies that are
expected to influence other fields. Table 1 illustrates the selected online communities and
the number of documents gathered from their communities. The data for this study
included 621 experts’ posts and technical reports from the online communities.

Table 4.1: Data source of study
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Target

Communities
Gartner
Futurism

General
technology

Focused
technology

Kurzweil
Accelerating
Intelligence
MIT Technology
Review
Food safety
magazine
FoodsafetyTech
Food Processing
Technology

Description
Provide posts and statistical data about
forecasting future technology
Describe changes in lifestyles because of
technologies through the posts and videos
Discuss the propose breakthrough science and
technology related to various fields and
provide news and reports
Review many types of future products and
services and their impact on society
Provide various cases that can improve the
food industry
provide reports that focused on the food
industry in the future
Provide cases and applications that focused on
food preservation, consumer trends, and their
related technologies

# of doc

261

360

Based on the collected online posts and reports, the next step was to determine the
candidates for promising food processing technologies. Various physical methods and
chemical agents that could reduce harmful microbial activity have been tested [5, 121]. In
this process, a few novel intervention technologies have been successfully introduced to
enhance food safety and preservation. These technologies can help reduce dependence on
conventional food processing methods such as heat and filtration, which have many
limitations in terms of environment and nutrition. This study divided the 12 candidates of
promising technologies according to the process mechanisms that have been introduced to
inactivate microbial activity in food. The candidates of promising food processing
technologies included high-pressure processing, pulsed electric field, ultraviolet light,
microwave heating, cold atmospheric plasma, ohmic heating, radiation, pressure and CO2,
ozone, infrared heating, ultrafiltration and nanotechnology in food processing.
The next step was keyword extraction and selection to illustrate the online forum
containing experts’ opinions. Keywords in the collected documents were selected if they 1)
related to potential threat issues and 2) seemed to be significantly important by calculating
TF-IDF. Through a text mining process, more than 2,000 keywords were extracted. Based
on the value of TF-IDF, words in the upper 25% of extracted keywords (511 keywords)
were selected to discover the underlying topics. These keywords were listed in the
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keyword vector column, which shows the frequency of keywords per document.

4.3.2. Topic modeling
The next process involved topic modeling in the collected documents of food processing
technology. To construct the LDA model, this study utilized the Matlab Topic Modeling
Toolbox developed by Steyvers [41]. The iterations were set at 50 times, and the
maximum number of topics was set at 25 in the model. By trial and error, this study
constructed the empirical model to identify the characteristics of 15 topics. The discovered
topics had each probability distribution of words as output according to the LDA model.
To understand the meaning of extracted topics, this study interpreted the relationship
between top keywords that represented the characteristics of each topic. For example, in
Topic 1, probable words were “treatment”, “transportation”, “storage”, and “consumer”.
The first topic was labeled “distribution process” which covered any type of distribution
issue when food is carried in vehicles or stored in a warehouse. The labels of other topics
were also inferred from the extracted probable words. In this process, if the discovered
keywords were meaningless or commonly used, these keywords were removed from the
topics. In addition, the number of documents that contained a keyword of discovered
underlying topics was also calculated. This information was utilized to calculate diversity
and network indices. Table 2 provides examples of the extracted topics and their
corresponding keywords for food processing technologies.

Table 4.2: Extracted Topics and Their Corresponding Keywords
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No
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Topic
Distribution
Electronic
Legal
Separation
Contamination
Agricultural
Physical/chemical
Packaging
Foodborne illness
Sanitation
Biological
Nutrition
Labeling
Flavoring
Seafood

Meaningful Keywords
treatment, transportation, storage, consumer
electronic, voltage, plasma, energy
law, lawsuit, regulation, change
filtering, film, pressure, osmosis
contamination, pollution, poison, water
seed, vegetable, juice, farm
electron, heating, boiling, freezing
packaging, box, temperature, liquid
poison, virus, spread, illness
health, hand, sanitation, prevention
microbial, fermentation, organism
nutrition, cold, fresh, vitamin
labeling, label, color
flavor, quality, look, color
seawater, marine, salt

As shown Table 2, the topics represent various issues including technical details, potential
threats, and applications of food processing technology. On closer examination of Table 2,
there are a fair number of topics related to the mechanism of food processing such as
separation, electronic and physical/chemical. The results showed that several processing
technologies were similar to the principle and driving force of microbial reduction, even
though the detailed mechanisms and mediators were different. For instance, in topic 4,
keywords “filtering,” “film,” “pressure,” and “osmosis” appeared in several food
processing technologies such as electrolysed water processing, nanocapsuling, and highpressure processing. In addition, some topics represented the application of food
processing. For instance, in Topic 1, “Food Distribution,” which is related to threats in the
distribution process, contained keywords related to various distribution processes and
corresponding techniques. After that, the topic vectors were constructed to conduct
quantitative analysis.

4.3.3. Selecting promising technologies
The last stage was to select the promising technologies through fuzzy clustering analysis.
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To measure the degree of promising and distance of each candidate technology, the
diversity and network indices of each candidate technology were calculated using the three
indicators introduced in Section 4.2.3. The Shannon and Weaver index and the proportion
of topics are shown below in Tables 4.3. Each component in these tables includes the
values calculated from the importance of the topic in documents. For each candidate
technology, the values were calculated using the harmonic expectation of the topics’
importance.

Table
The

4.3:
No
1
2
3
4
5
6
7
8
9
10
11
12

Topic
High-pressure
Pulsed electric field
Ultraviolet light
Electrolysed water
Cold atmospheric plasma
Ohmic heating
Radiation
Pressure and CO2
Ozone
Infrared heating
Ultrafiltration
Nanotechnology

Shannon-weaver index
1.738
2.238
1.965
2.146
2.406
2.149
1.732
1.783
1.935
1.888
2.105
2.618

Shannon-Weaver Index of Each Technology
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Rank
11
3
7
5
2
4
12
10
8
9
5
1

As shown in Tables 4.3, In terms of the candidate technology, nanotechnology in food
processing had the highest Shannon-weaver index topics. Nanotechnology was significant
in 12 of the 15 topics. Since nanotechnology is also diverse due to a wide range of
scientific disciplines and engineering disciplines, the issues, solutions, and development
also related to various technologies [93]. In addition, the Shannon-Weaver index of cold
atmospheric plasma technology was ranked second, because this technology had the most
balanced topics in the documents. This plasma is a method to preserve biological tissue [5],
so it is applied to various areas such as biological, agricultural, preserved flavoring, and
food coloring. In contrast, radiation, pressure and CO2 processing and high-pressure
processing had relatively low index scores. These three technologies commonly had fewer
significant topics and only one main topic. (radiation – sanitation, pressure and CO2
processing – distribution, high-pressure process – agriculture)
The next step was to calculate the cosine distances between documents belonging to the
same technology The cosine distance between other technologies was calculated when the
centrality of a network was measured. Table 4.4 shows only the calculated cosine
distances of each technology, because the number of documents of each technology was
too numerous to represent the result.

Table 4.4: The Cosine Distance of Each Technology
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No
1
2
3
4
5
6
7
8
9
10
11
12

Topic
High-pressure
Pulsed electric field
Ultraviolet light
Electrolysed water
Cold atmospheric plasma
Ohmic heating
Radiation

Cosine distance
0.753
0.832
0.615
0.693
0.783
0.803
0.683
0.722
0.775
0.723
0.779
0.800

Pressure and CO2
Ozone
Infrared heating
Ultrafiltration
Nanotechnology

Rank
7
1
12
10
4
2
11
9
6
8
5
3

As shown in Table 4.4, the top three technologies of disparity are Pulsed electric field,
ohmic heating processing, and nanotechnology. The pulsed electric field and ohmic
heating processing use electronic energy to destroy harmful bacteria and viruses [7, 108].
Since these two technologies are mostly applied to hard processed food, the application of
these technologies is relatively limited and are studied only to destroy the harmful
microbes, thus generating diverse research directions. In contrast, ultraviolet light
processing has significantly lower disparity than other candidate technologies, because
many documents related to ultraviolet light mentioned sterilization and its effect on food
preservation.
In the next process, eigenvector centralities of candidate technologies were calculated
according to the similarity of candidate technologies. To calculate the connection strength
of the pair technology nodes, all combinations of cosine similarity between technologies
were calculated. The constructed topic vectors in Section 4.3.2 were utilized once more to
measure the distance between technologies. Tables 4.5 show the results of the calculated
centralities.

Table 4.5: The Eigenvector Centrality of Each Technology
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No
1
2
3
4
5
6
7
8
9
10
11
12

Eigenvector
centrality
0.275
0.254
0.253
0.330
0.360
0.279
0.253
0.202
0.275
0.236
0.327
0.369

Topic
High-pressure
Pulsed electric field
Ultraviolet light
Electrolysed water
Cold atmospheric plasma
Ohmic heating
Radiation
Pressure and CO2
Ozone
Infrared heating
Ultrafiltration
Nanotechnology

Rank
7
8
10
3
2
5
9
12
6
11
4
1

As shown in Tables 4.5, cosine similarity was utilized to replace the number of adjacent
nodes, which reflects the degree of associations between two nodes. On the whole, all
centralities of technologies ranged from 0.2~0.3, indicating that all candidate technology
are be influential enough to improve or change other related technologies. Among the 12
technologies, nanotechnology and cold atmospheric plasma processing were significantly
higher centrality than other technologies, indicating that these two technologies could be
more influential than the other food processing technologies. These influence can help 1)
expand the applications of technologies and 2) improve the preservation and quality of
food.
Finally, fuzzy c-means clustering was conducted to identify the promising technologies.
To construct the three clusters, three calculated indices were utilized as data points. It was
assumed that the three indices and the likelihood of promising tend to be proportional.
Therefore, comparing the representative values of the three cluster, the cluster with the
highest centroid was labeled as promising. The iterations were set to 50 times, and the
maximum number of clusters was set to 7 in the model. Through trial and error, the
reasonable results of fuzzy c-means clustering were obtained, as summarized in Table 4.6.
Table 4.6: The data (index) and Result (probability) of Fuzzy Clustering
Candidate
technology

Variety

Index
Disparity

Centrality
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Stagnation

Probability
Middle Emerging

High-pressure
Pulsed electric
field
Ultraviolet light
Electrolysed water
Cold atmospheric
plasma
Ohmic heating
Radiation
Pressure and CO2
Ozone
Infrared heating
Ultrafiltration
Nanotechnology

1.738
2.238

0.753
0.832

0.275
0.254

0.616
0.020

0.369
0.461

0.015
0.519

1.965
2.146
2.406

0.615
0.693
0.783

0.253
0.330
0.360

0.681
0.125
0.016

0.303
0.772
0.091

0.016
0.103
0.893

2.149
1.732
1.783
1.935
1.888
2.105
2.618

0.803
0.683
0.722
0.775
0.723
0.779
0.800

0.279
0.253
0.202
0.275
0.236
0.327
0.369

0.024
0.912
0.793
0.296
0.718
0.037
0.004

0.823
0.079
0.186

0.157
0.009
0.021
0.023
0.032
0.185
0.937

0.681
0.250
0.788
0.059

As illustrated in Table 4.6, three clusters were identified, and 12 candidate technologies
were estimated for the probability of belonging to each cluster. The three clusters were
labeled “promising,” “middle,” and “stagnation” in the order of the center coordinates of
clusters. Based on the results, three technologies−pulsed electric field, cold atmospheric
plasma processing, and nanotechnology in food technology−were selected as promising
technologies. These technologies had high scores for the three indices: variety, disparity,
and centrality. These results indicate that the selected technologies have considerable room
for progress 1) by improving the weaknesses of the mechanisms through diverse technical
components. In addition, these technologies already have strong influence on other
technologies and 2) by expending the application area of technologies through novel
social/ technological needs. The results of the three selected promising technologies are
summarized in Table 4.7, which includes the main issues and topics of promising
technologies. Most issues for promising technology can be extracted and interpreted with
the integration of topics. Based on the information such as in Table 4.7, we can forecast
continued technological and social influence of these technologies in the future.
Table 4.7: Extracted topics of promising technologies and example of their issues
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Promising
technology

Pulsed electric
field

Related topic

1. Legal
2. Foodborne illness
3. Biological
4. Flavoring

Emerging and promising issues
∙ Accepted as environmental friendly, but
consumers are slightly scared due to required “no
novel food approval” for danger [1]
∙ Leaded to increase the industrial feasibility
and decrease costs of eliminations through electric
treatments [2+3]
∙ Estimated the electric power to eliminate
the virus without the loss of flavor and color
retention of liquid food [2+4]
∙ Generated cold plasma inside sealed packages
to prevent any post-process contamination [1]

Cold atmospheric
plasma

Nanotechnology

4.4

1. Contamination
2. Biological
3. Flavoring

1. Physical/ chemical
2. Packaging
3. Biological

∙ Considered “Cold Atmospheric Plasmaactivated water” as harmful, so analyzed the
contamination and safety of water [1+2]
∙ Retained the physical quality such as texture
and chemical quality such as pH through Cold
Atmospheric Plasma processing and suggested the
method of processing [2+3]
∙ Providing controversial opinions for
manipulating the food structure to enhance quality
and nutrition through novel tools such as atomic
force microscopes [1+3]
∙ Using nanotechnology to package molecular
components to improve incorporation into food
matrices [2+3]

Conclusion

The suggested approach in this chapter has three modules. The first module was the data
collection and preprocessing stage. In this study, food processing technology was selected
as an interesting technology area. The study utilized ‘expert opinion on the future’ from
online documents containing experts’ future-oriented opinions as posted in online
communities, forums, and reports. The second module involved identifying the underlying
topics of interesting technologies in the future. The collected data in the first module were
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utilized to construct the underlying topics in the data using the Latent Dirichlet Allocation
(LDA) model. Fifteen significant topics covering algorithms, threat issues, and application
areas were extracted through topic modeling. The third module was a prediction stage to
determine which interesting technologies will be promising in the future. The likelihood of
technology is a promising one was examined by calculating scores from three indices: The
Shannon and Weaver index, cosine similarity and eigenvector centrality. The first index
reflected the importance of the identified topics by utilizing topic vectors. The results of
the analyses suggested that three candidate food processing technologies will be promising
because there is still much room for progress by 1) improving the technical weaknesses
through different technical components and 2) expanding the application area of
technologies through new social needs.
The contribution and potential application of this study are twofold. First, this study has
attempted to propose a new database of expert opinion on the future. While many studies
have attempted to forecast promising technologies, a majority of these studies have
utilized present-oriented data such as patent data. This study, on the other hand, gathered
future-oriented experts’ opinions and forecasting, which can reflect possible technological
and social issues. Moreover, two types of communities: general technology communities
and focused technology communities are suggested as a data source. The posts from
general technology communities provide the experts’ discussions about broad technology
trends and their influence on other fields. The posts from focused technology communities
can also be utilized to complement the specialized knowledge information and related
issues for promising technologies. We suggest a method to reflect the social and technical
needs in the future, and the framework can enhance future-oriented studies.
We have also attempted to identify the likelihood of promising technologies by suggesting
a new framework and performing a practical analysis. In previous topic modeling
approaches, only keywords or topic statistics such as frequency or the proportion of
keywords have been calculated to identify the characteristics of documents. However, a
diversity approach derived from biology can reveal the degree of stimulating technological
evolution and extension by combining knowledge from various fields to solve potential
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problems. In addition, the centrality of technologies can provide the degree of influence of
other related technologies and their application areas. Along with the first contribution, the
quantitative framework in this study allows for systematic forecasting for the likelihood of
various candidate technologies being promising technologies in the future.
Despite these contributions, this study has several limitations. First, there are structural
problems in the data. The proposed framework does not consider the timeline because
several technologies have only recently been studied and improved. Besides, in the
discussion process, replies and refutation are commonly posted after someone posts the
original posts. In many cases, the replies and original posts are not classified as the same
period, although these texts discuss the same issue. This problem could be solved if the
analysis were conducted after the data had sufficiently accumulated. Future studies could
track the dynamic changes to forecast “when interested technologies are promising” or
“what interesting technologies are first promising.”.
The second limitation is that the proposed framework does not reflect adequate
information in newly occurring technologies. This study measured the centrality of
candidate technologies to obtain the expected influence on other technologies; however,
the predicted influence was calculated only for technologies that were previously formed.
Therefore, novel technologies were excluded from the boundaries of the analysis. Most
promising technologies are, however, generally improved by solving the requirements of
technical and social needs. Thus, subsequent studies should identify potential promising
technologies by integrating other techniques, such as link and node prediction, to better
predict the degree of interaction with other unknown technological fields.
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Chapter 5
Setting priority of promising technology

5.1

Introduction

There are numerous unintended developments which can induce the emergence of new
technologies. The novelty of these technologies can bring social and economic benefits to
mankind in various fields [48]. In particular, these technologies have promoted the
radically new and rapid changes had a tremendous impact on social and technological
development, so the usefulness of technology derived from radical innovation results is
more significant than with gradual technology development [106]. However, they tended
to be challenging to define the constraints, functions, and capabilities [118]. Besides, their
utilization and outcomes are difficult to estimate for potential users clearly, due to their
characteristics are changed and modified in a state of flux [119]. Thus, there are many
cases in which the functions/fields of the utilization changes in the utilization stage after
development.
In this situation, many studies have attempted to evaluate the usefulness of promising
technologies to select critical growth power. Although these technologies utilized for
solving social problems by potential users, promising technologies tended to be assessed
by only the viewpoint of developers such as the performance of applications. In addition,
many studies only utilized past time-series data to estimate the technological progress in
the future [5, 26, 124]. In these studies, they only deal with several homogeneous
parameters related to the performance of applications. Such time-series data can provide
the estimations and future expected directions of development to a limited extent. These
results can indicate that which applications are superior, but their parameter rarely assures
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that these applications will provide high utility for potential end-user who can give worth
in society. It is needed to offer integrated approaches for evaluating applications by
considering different viewpoints at the same time.
Therefore, it is needed to evaluate the potential users’ expectations, such as satisfaction
and suitability for promising technologies. In response, we developed a framework for
assessing promising technologies: whether these utilizations will be preferred and suitable
for potential issues in the future. To overcome the limitations of previous research, we
utilized 1) Online posts from online forums as new data, 2) Suggested new parameters as
evaluating indicators for utilization of promising technologies, and 3) integrated decision
making process model as a tool to assess the potential users’ expectations in several
aspects.
The posts from online forum sites contain the set of predictions, expectations, and
assumptions of evaluating by using scales such as desirability, relevance, and influence
[111]. These predictions comprise forecasted output and applications in terms of users.
Their posts also mainly included information on the latest progress and applications from
a large amount of participation and collaboration [57]. We select the user post in the online
forum, and we utilized them to identify the expectation and evaluation of output from
promising technologies. In addition, in online forums and blogs, potential users discussed
the rapid changes and trends in social behavior [19]. Moreover, the evaluation and
improvement opinion are provided through frankly textual reviews from anonymous users
[30]. They can discuss through interaction and communication, so their textual posts could
provide rapid changes and trends in social behavior [19]. Thus, these posts could contain
the textual expectation and evaluation of promising technologies. Besides, their posts also
mainly included information on the latest progress and applications from a large amount of
participation and collaboration [131].
In addition, we introduced four indices to evaluate the utilization of promising
technologies. First, we estimated the preference of utilization by sentiment analysis.
Sentiment analysis automatically extracted the preference scores from unstructured textual
collections [30]. Almost every textual posting is unrevealed their opinion; thus, this
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analysis can show the opinion of potential users as a score. Second, we estimated the level
of scope and difficulty for usage as suitability. Most potential users expected different
usage for promising technologies, so the conflict level of their opinions should define. To
cover this, we calculate the Consensus and Diversity index to identify 1) the variety and 2)
cognitive differences between the online posts [24, 119]. These two indices widely used to
show the distribution of the satisfaction of potential users. They increased when the actors
had 1) various types and 2) a large discrepancy of the objects [90]. Thus, we could
evaluate the utilization whether they are 1) widely used to potential issues and 2) difficult
to apply to potential problems.
Moreover, we utilize the PROMETHEE (Preference Ranking Organization METHod for
Enrichment Evaluation) model for evaluating and comparing the utilization. This method
is widely used in many types of complex multi-criteria decision making process such as
the public works and construction projects which should consider the various
heterogeneous conditions [8]. This model provides a comprehensive and rational
framework for structuring a decision problem based on the estimated utility functions
depending on the uncertainty through heterogeneous variables [8, 15]. This model can
effectively evaluate when 1) researcher compare with numerous potential utilization, and 2)
selected evaluation variables and utility are not a clear linear relationship [8]. In this model,
utility score could be automatically calculated when we have estimated preference
functions and the difference of each variable between two independent utilizations [15].
Moreover, the model can process the heterogeneous preference and parameter as
standardized utility functions which can quantify conflicts and synergies of alternatives
and the structured reasoning behind [75]. So, MCDM based research framework can
contribute to providing direction on how promising technologies compare with a lot of
other technologies through several heterogeneous variables.
This study is organized as follows. Section 5.2 proposes the framework through which the
promising technologies were identified: through suggested PROMETHEE method with
Satisfaction by sentiment analysis and Suitability by the consensus index and diversity
index. Section 5.3 presents a case study based on the proposed framework. Finally, Section
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5.4 deals with several contributions, limitations, and suggestions for future research
directions.

5.2

Proposed approach

This study was composed mainly of three modules. The first module involved data
collection and preprocessing. We selected several online communities that can discuss
promising technologies and their applications with potential users. Then, we collected the
posts from communities and extracted keywords from the posts. The second module is
opinion mining. Based on gathered posts and their keywords, we constructed the two
lexicons: utilization and sentiment, and identified the list and sentiment strength of each
keyword. Then, we calculate satisfaction and suitability to determine which technologies
would have proper utilization by using several indices. The third module is a stage in
which promising technologies are evaluated by MCDM (Multi Criteria Decision Model).
To do so, we calculated the weighting factors of each satisfaction and suitability through
Entropy method. Then, we constructed the PROMETHEE method to evaluate each
utilization of promising technologies and set priority of promising technologies. Figure 5.1
describes the overall process of this chapter.
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Figure 5.1: Overall research process of chapter 5

5.2.1. Data gathering and Keyword Extraction
The first step was data collection and preprocessing. First of all, this study collected the
posts of potential users from various online forums and blogs. There are many types of
online forums, so we selected several forums that intensively interacted about the selected
fields of technologies in the future.
The next step involved a data preprocessing to identify what keywords were extracted in
each post. In particular, the collected posts rarely contain structured data such as numerical
and statistical information. Thus, to conduct the quantitative methodology, the overall
frequency of words was calculated. To identify the keyword which connoted 1) the
utilization and their related fields of technologies or 2) the emotions of potential users by
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conducting text-mining techniques. Following the elimination of unrelated or meaningless
keywords, they were extracted from the gathered database. If the selected keywords were
observed more than a pre-determined threshold, we classified these keywords as interested
keywords. After that, we quantified selected interested keywords through Inverse
Document Frequency (TF-IDF). Formula (5.1) shows how to calculate TF-IDF. In this
formula, among N documents, nt means The number of documents which contain word t,
and ft,d means The frequency of word t in document d. If a keyword observed less than the
threshold of TF-IDF in the document collections, this keyword passed over the next
process.

æ
ö æ
ft ,d
Nö
tf - idf (f, D, t ) = ç
ln ç 1 + ÷
÷
ç max[ f ] ÷
t ,d ø
è nt ø
è

(5.1)

5.2.2. Opinion mining
Before analyzing to measure the expectation in textual posts, this study should define the
keyword lexicon for 1) utilization and 2) sentiment. First, we identified the utilization
keywords whether 1) different posts are detected in different forums and blogs, and 2)
similar utilization are detected in various posts. If several words connected similar
utilization, we considered these words as the same utilization (label). If the same words
could be mentioned for several utilizations, the weight of words is identified based on the
co-occurrence of other related utilization words. Second, we divided the sentiment
keywords into three groups: positive, negative, and neutral through SentiWordNet [6].
Each keyword involved the score depending on the context of the word.
We also converted the collected posts into Keyword vectors, which involved information
related to the frequency of occurrence and the list of keywords. In a keyword vector, each
row corresponds to each post, and each column corresponds to each keyword in the predefined word dictionary. In keyword vectors, the component of vectors meant the
occurrence of a keyword in each document. Through keyword vector, we can identify that
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1) how satisfied potential users with the utilization of promising technologies and 2) how
many utilizations of promising technologies appeared in each post.
Then, we calculate the expected score of interested utilizations based on satisfaction and
suitability. We evaluated the satisfaction of utilization based on the result of sentiment
analysis. To do this, we identified overall utilization in online posts, and related posts are
gathered. Then, we sum the weighted score of each post, which is used for classified into
three categories: positive, neutral, and negative posts of utilization. The satisfaction of
utilization is estimated by the followed ratio (R) derived from the number of positive,
neutral, and negative posts Where Dp is the number of positive posts for utilization, DN is
the number of neutral posts for utilization, and Dn is the number of negative posts for
utilization.

R=

Dp - Dn
(5.2)

Dp + DN + Dn

After that, we estimated the suitability of utilization in terms of the expected usage of
utilization. First, the level of difficulty for usage, that signified whether utilization could
form the consensus of significant application field, are identified. Based on the result of
sentiment analysis, each utilization could determine the ranking of preference, and the
rank of utilization could be different according to forum and blogs. To analyze this, we
introduced a distance-based consensus index (Cook, 2006). The Rank-based distance was
calculated by two indicator vectors: j forward indicator vector P+(j) and the position j
backward indicator vector P-(j) were those vectors, whose kth components are defined as
followed Formula (5.3) and (5.4). If an application k is appreciated for many potential
users, the component of vector P+(j) tends to be lower than applications which is not
appreciated for potential users.
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ì1if application k is ranked in lower position than j
( P + (i))k = í
î0 otherwise

(5.3)

ì1if application k is ranked in higher position than j
( P - (i))k = í
î0 otherwise

(5.4)

Based on two indicator vectors, rank-based distance function dp(A, B) could be calculated
as followed formula (5.5), where A, B is individual actors and n is the number of
utilizations. If the opinion of utilization divided on the groups of potential users, the
distance tended to increase.

d p ( A, B ) = n(n - 1) - å PA + ( j ), PB + ( j ) - PA- ( j ), PB - ( j )

(5.5)

j

Second, the level of scope for usage is identified by the Shannon-Weaver index, which
was significant static indices for measuring variety and balance in various fields [119].
Where Pi is the proportion of posts contained ith utilization. This index increased when 1)
the number of ith utilization became more abundant, and 2) the distribution of Pi was more
balanced. Thus, if the Shannon and Weaver index of the utilization increased, more varied
utilization could be applied for facing with various potential issues in the future. Thus,
Shannon and Weaver Index indicates the number of potential applications of utilization
and the level of balance of utilization. A detailed explanation of index is referred to section
2.3.2 or 3.2.3.

æ1ö

å p ln ç p ÷
i

i

è

i

(5.6)

ø
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5.2.3. Technology evaluation
The last step is evaluating promising technologies through MCDM. We first calculate the
weight of each parameter, derived from satisfaction and suitability. The entropy method is
introduced to calculate the weight. The entropy technique is defined based on the
information theory of Shannon and Weaver [119]. Entropy can be showing the amount of
information about the signal in a system. As the entropy of information increases, the
uncertainty of the system tends to decrease. If some decision criteria have high entropy
score, these criteria play an essential role in the decision-making process, thus, the more
substantial the evaluated score differences of the utilization, the more relevant the criteria
are. The entropy method estimates the weight vector from the alternative-criteria score (xij),
which contains the evaluation of n utilizations regarding k criteria. Formula (5.7) ~ (5.10)
shows the process of calculation of weight according to the normalized score.

Step 1. Normalized data: pij =

xij

åx
= -å p

(5.7)

ij

Step 2. Entropy:

ej

Step 3. Uniformity:

uj =

Step 4. Calculated Weight: w j =

ij

log pij

ej

(5.8)
(5.9)

log n
1- u j

å (1 - u )

(5.10)

j

After setting the weight, we construct the multi-criteria evaluation model for identifying
the rank of promising technologies. To do so, the PROMETHEE model was utilized.
PROMETHEE is a method of estimating the utility of alternative by using the utility
function and net flow values [15]. In this model, the flow of alternative is not directly
calculated by one independent alternative. Instead, we should calculate the utility score
based on the pair-wise comparison of two alternatives. In detail, we estimate the difference
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between the evaluations of two alternatives for each criterion. Then, we translate the
difference into a uni-criterion utility score. This score is automatically calculated by
internal algorithm based on preference functions and their parameters for each evaluation
criterion [15]. Thus, the researchers rarely have to perform every pair-wise comparison
directly. If the number of alternatives is very large and considered alternatives are often
added or deleted, PROMETHEE has the advantage of performing pair-wise comparison
more efficiently than AHP (Analytic Hierarchy Process) Model [75].
To calculate the Net flow score, we should introduce two types of flows. Leaving flow is
defined as the sum of the differences in utility scores when the utility score of the selected
alternative is higher than other alternatives. On the other hand, entering flow is the sum of
the utility scores that are less than the utility score comparison between the specified
alternative and the different options. These two flows are calculated by the utility index
(π(a, b)) which represents the average of the sum of the utility functions ph(a, b) for each
evaluation criterion [8]. The utility function is calculated by the difference between
alternative A and B. If the preference score of alternative A is higher than alternative B,
only ph(a,b) are defined as f(5). On the other hand, If the preference score of alternative A
is lower than alternative B, only ph(b, a) is defined as u(5). We can calculate the entering
flow or leaving flow for each criterion, and sum each result to identify the flow of each
utilization as followed formula (5.11) ~ (5.14). As utilization A receives a favorable
evaluation in terms of overall criteria, we expect that net flow of utilization A is positive.

1
å ph ( a , b )
n

(5.11)

1
å p ( a, b)
n - 1 bÎA

(5.12)

1
å p (b, a)
n - 1 bÎA

(5.13)

Utility function for a: p ( a, b) =
+

Leaving flow for a: Æ (a ) =
-

Entering flow for a: Æ (a ) =
+

-

Net flow for a: Æ(a) = Æ (a) - Æ (a)
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(5.14)

Besides, we should define the type of utility function for PROMETHEE. When the
difference of preference and suitability are evaluated above a certain level, the difference
of utility no longer increases. However, when difference fail to reach a certain point, the
difference of utility score steadily decreases. Among these functions, we introduce Vshape with indifference functions for this study. V-shape with indifference functions
should define two points: the minimum difference point of each criterion (q) and the
minimum most-difference point of each criterion (p). The utility maintains until the
difference of two utilizations equals point q, and increases progressively until the
evaluation score equals point p. When the difference reaches higher than point p, the
additional difference is never influenced by the evaluation. The form and formula of Vshape with indifference functions are then given in Figure 5.2.

Figure 5.2: V-shape with indifference function [Utility function]
In this chapter, each utilization of promising technologies was evaluated through four
indices (preference component, preference ratio, rank-based distance, and Shannon and
Weaver Index). Based on previous research, it was assumed that the four indices and the
likelihood of a promising tend to be proportional. Therefore, promising technologies were
classified as preferred if related utilizations have high utility score. Besides, the number of
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utilization also essential factors in this study. As the variety of utilization which
recognized positive for the potential users' increases, these technologies increase the
priority of social and technological accepted.

5.3

Case study

For conducting an empirical study, we selected Food processing technology that was one
of the promising technologies related to the process by which food manufactured. In
chapter 4, we identify three promising technologies of Food processing: Pulsed electric
field, Cold plasma, Nano Processing. For the three technologies selected in Chapter 4, this
chapter prioritizes promising technologies through the framework proposed in Section 5.2.

5.3.1. Data gathering and Keyword Extraction
Numerous online reports and posts from non-academic fields as well as academic fields
are published continuously to solve the unfavorable factors for human health. First of all,
this study selected several forums for food processing technologies. Their posts mainly
involve information on the latest utilization of the emerging food processing technologies
that expected to influence other fields. Then, several promising technologies: Pulsed
electric field, Cold plasma, and Nano processing are selected to evaluate the utilization.
After that, we gathered 325 posts related three technologies from forums and blogs. We
decided three communities that intensively discuss with food processing technologies.
Their posts mainly contained information on the latest progress and applications of food
processing technologies that could influence other fields. Unlike chapter 4, we only gather
the posts and reply from non-experts; thus, the posts and reports from experts are excluded.
Table 5.1 shows the description of three communities.

Table 5.1: Data source of study in chapter 5
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Communities
Food safety
magazine
FoodsafetyTech
Food Processing
Technology

Description
Provide various cases that can improve the food
industry
provide reports that focused on the food industry in
the future
Provide cases and applications that focused on
food preservation, consumer trends, and their
related technologies

# of doc
121
110
94

The next step was keyword extraction from posts. By conducting a text mining process,
we extracted more than 1,500 keywords. These keywords classified into utilization
keyword and sentiment keyword. Through the TF-IDF statistics, words in the upper 15%
of extracted keywords (122 utilizations keywords and 125 sentiment keywords) were
selected to identify the expectation of potential users. In this process, the combination
phrase of sentiment words and emphatic adverb separated from original written words.
These keywords would list in the keyword vector column, which contains the frequency of
keywords per documents.

5.3.2. Opinion mining
The next process is opinion mining from user opinion. The utilization keywords classified
into similar utilization group. For example, several keywords such as flavor, look, color,
and savor have described as the flavor of processed food. When posts contained four
keywords, we considered these posts as posts of utilizations related flavor preservation or
improvement. On the contrary, several keywords described a couple of utilization. For
example, 'Protection' could describe three utilizations: 'Capsuled food and supplement
(0.28)' and 'Safety processing and cooking (0.58)' and 'Packaging the food (0.24)'. In this
case, a weight assigned to several utilizations by calculating the co-occurrence of other
words of utilization. We also updated the frequency of utilization through the
multiplication of the assigned weight of utilization and the number of posts that contained
keywords. Similarly, extracted sentiment keywords are also assigned a positive or negative
point through SentiWordNet.
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Then, we construct keyword vectors for the extracted words. These vectors are composed
of two parts. In utilization parts, we calculated the frequency of utilization word in posts
by each utilization. Then, we assigned the expected utilization for potential users by each
post. For instance, when post 1 included 5.4 weighted keywords of Microplastic and 2.1
weighted keywords of Capsuled food, these posts were considered as expected the
utilization of Microplastic. Likewise, in sentiment parts, we calculated the summation of
sentiment score by each post and identified the polarity of posts. The illustrated example
of the keyword vector is in Figure 3. In Figure 5.3, the figure indicated the frequency of
corresponding keywords in the corresponding post. For example, five meant that plastic is
five times discovered in post 1.

Figure 5.3: Illustrated examples of keyword vector
After that, we calculated the number of preferred components and sentiment ratio of each
utilization as followed in Table 5.2.

Table 5.2: Preferred utilizations for potential users
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Technology
Pulsed electric
field

Cold plasma

Nano processing

Utilizations
Decontamination
Flavor Preservation
Liquid Food Processing
Food separation
Decontamination
Thermo-sensitive Food
Processing
Nutrient Treatment
Food Packaging
Food Packaging
Capsuled Food
Nanoparticle in Food
Food Inspection

Preferred
components
1.72
1.56
2.01
1.22
1.45

Sentiment
Ratio
0.097
0.072
0.056
0.038
0.102

1.21

0.076

2.26
2.61
2.45
1.86
1.45
1.22

0.054
0.043
0.185
0.116
0.085
0.043

According to Table 1, the sentiment ratio was the positive score in a few utilizations of
each promising technology. The utilization of promising technologies rarely reaches 3% of
sentiment ratio, because many potential users mention the danger of novel processing
mechanism, so many applications were evaluated negatively. Thus, the number of
preferred components is generally lower than the expected value. Many promising
technologies are still under study, and slowly replace the current technology or integrate
with current technology.
Then, we calculate the distance-based consensus index and Shannon-Weaver index. Most
of the posts only mentioned one or two utilizations of promising technologies, so each
forum was considered as individual actors. The calculation results summarized in Table
5.3. Consensus index increased when the number of utilization (n) also increased, so
results of consensus summarized as the ratio: (calculated distance) / (maximum distance).

Table 5.3: Consensus index of utilizations for potential users
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Technology
Pulsed electric
field

Cold plasma

Nano processing

Utilizations
Decontamination
Flavor Preservation
Liquid Food Processing
Food separation
Decontamination
Thermo-sensitive Food
Processing
Nutrient Treatment
Food Packaging
Food Packaging
Capsuled Food
Nanoparticle in Food
Food Inspection

Consensus
ratio
15.48%
22.16%
15.16%
35.25%
14.42%

Shannonweaver Index
1.025
0.956
0.915
0.825
1.127

19.65%

1.022

28.12%
26.35%
10.13%
16.25%
22.16%
8.26%

0.887
0.903
1.141
0.738
1.106
1.165

5.2.3. Technology evaluation
The last step is to evaluate the utilization of promising technologies through
PROMETHEE model and set the priority of promising technologies. First, Standardization
was performed to calculate the weights of the indices. The result of weight is summarized
followed Table 5.4.
Table

5.4:
Communities

Preferred
components

Sentiment
Ratio

Consensus
ratio

Entropy
Uniformity
Weight

1.064
0.985
0.155

1.032
0.956
0.482

1.047
0.971
0.324

Shannonweaver
Index
1.075
0.996
0.040

Calculated weight for four indices

On a closer examination of Table 5.4, the calculated weight can be ordered as Sentiment
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Ratio > Consensus ratio > Preferred components > Shannon-weaver Index. This result
indicates that potential users considered both satisfaction (sentiment ratio) and suitability
(Consensus ratio) are important when they evaluate novel utilizations. Shannon-weaver
index is generally lower than the expected value because many potential users do not
entirely comprehend how to apply promising technologies in their life. On a closer
examination the opinion, potential users tend to write only expectation and concern about
promising technologies. This statement means online posts contained uncertain
expectation and abstract opinion about a few applications rather than concrete opinion and
improvement about various forms.
In the next process, PROMETHEE model for candidate technologies was constructed
according to the satisfaction and suitability indices. To calculate the net flow of each Vshape indifferent utility function (See section 5.2.3), we set the parameter p, q based on
gathered documents which 1) evaluated positively for potential users and related experts 2)
rarely contained keywords related utilizations introduced in Table 5.2 and 5.3. With trial
and error, we set the parameter as Table 5.5. In Table 5.5, ‘sign’ means the relationship
between the utility and selected indices. For instance, according to previous research in
section 2.3.3, as consensus ratio is decreasing, the corresponding utility of utilization is
increasing inversely.

Table

5.5: Set
Parameter

Preferred
components

Sentiment
Ratio

Consensus
ratio

Sign

+

p
q
Weight

1.43
0.04
0.155

+
0.061
0.014

0.020
0.262

0.482

0.324

parameter for four utility functions
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Shannonweaver
Index
+
0.205
0.035
0.040

According to Table 5.5, the utility of the consensus ratio is expected to be less extreme
than low data. In other cases, almost every unrealized and un-commercialized utilizations
still have discussed the most suitable application field and usage. Consensus ratio for
promising technologies tend to have a large difference, so parameter q for consensus ratio
is estimated relatively high. On the other hand, the number of applications is still low in
different fields, so parameter p for preferred components is estimated relatively small.
Moreover, there are a few cases which are out of the bound of two estimated parameters (p,
q) in every index. In these cases, we set the utility score of utilization as 0 or 1 which is
extreme numerical value. Table 5.6 indicates the result of net-flow for each utilization.

Technology
Pulsed
electric field

Cold
plasma

Nano
processing

Utilizations
Decontamination
Flavor Preservation
Liquid Food Processing
Food separation
Decontamination
Thermo-sensitive Food
Processing
Nutrient Treatment
Food Packaging
Food Packaging
Capsuled Food
Nanoparticle in Food
Food Inspection

Leaving
flow
0.368
0.131
0.132
0.000
0.398

Entering
flow
0.041
0.221
0.257
0.546
0.043

Net-flow
0.328
-0.090
-0.125
-0.546
0.355

4
7
8
12
2

0.166

0.197

-0.031

6

0.076
0.099
0.480
0.387
0.217
0.110

0.391
0.362
0.000
0.052
0.154
0.302

-0.315
-0.263
0.480
0.335
0.063
-0.193

11
10
1
3
5
9

Rank

Table 5.6: The result of net-flow for each utilization
According to Table 5.6, Food packaging with Nano-processing has the maximum score in
every utility function. This result indicates that potential online users make a good
evaluate of this utilization in terms of both satisfaction and suitability. Compare to other
processing methods, nanotechnology is considered as familiar and safe processing
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technologies for many potential users. Nanotechnology has widely contributed to various
activities and work. Moreover, numerous researches and projects related not only to nonacademic but also to academic fields are being steadily conducted. Among many
utilizations of Nano-processing, the role of the container is most preferred and quickly
accepted. Food inspection is also often mentioned by potential users because experts
started to use the Nano-equipment for regular examination for diseases such as cancer. A
few posts expected to identify the change in taste occurred, which hardly detected by
human sense organ system. However, it was divided on the issue regarding the utilization
of nanoparticle. Some posts concerned about genetic manipulation with nanoparticles,
which is unproven artificial additives for the public. They insisted that Nano-processing
can contribute to genetic manipulation, and synthesized food disturbed to make a health
and nature diet. A few posts also tended to expect the decline of the price for rare food
through nanoparticles, but many posts currently stand opposed to the transformation of
food.
On the other hand, Pulsed electric field and Cold plasma are preferred only
decontamination and sterilization process. Many other areas used these technologies for
solving various health problems such as destroying airborne viruses and food poisoning
bacteria. A few posts insisted that Pulsed electric field with high pressure can utilize for
separating the beneficial nutriment from natural food. Some posts also proved that these
technologies rarely contribute to the destruction of nutrients and flavor. However, other
posts mentioned that two technologies might be 1) dangerous to be handled for nonexperts and 2) influence the degree of freshness of vegetable and fruit. Except for
decontamination, potential users still hesitate to conduct other preservation processing
such as food taste, and color. This action means potential users not ready and accepted
these technologies in their cooking and food processing yet, although they gradually began
to learn the strength of two promising technologies. Therefore, we can conclude that food
processing with nano-processing has relatively higher potential for promising technologies
than other technologies, and this technology has a top priority for long-term economic
growth and social development.
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5.4

Conclusion

In this paper, we propose a framework that estimates the opinion of potential users to
identify promising technologies. The suggested approach in this paper had three modules.
In the first module, we gather the potential user online posts from online forums. These
can cover the issues and opinion related to promising technologies, especially the useroriented opinion in terms of society and application. Their opinion tends to contain the
expectation of how to apply new promising technologies in society and work. In the
second module, we conduct the opinion mining from unstructured online posts through
two evaluation factors: satisfaction and suitability. In the satisfaction aspect, we identify
the potential users’ preference for utilization through their frankly written posts. On the
other hand, in suitability aspect, we recognize the opinion of potential users in terms of the
level of “scope” and “difficulty” for the usage the technologies.
To analyze the promising technologies through satisfaction and suitability, we introduce
and provide four types of indices: Preferred component, Sentiment score, Consensus index,
and Shannon-Weaver index. In the third module, we construct the integrated evaluation
modeling to set the priority of promising technologies in terms of potential user aspect. In
response, two heterogeneous variables: satisfaction and suitability should be considered as
independent in the structured model at the same time. To identify the promising utilization
in the future, we try to construct the multi-criteria decision model PROMETHEE
(Preference Ranking Organization METHod for Enrichment Evaluation), which can
estimate the different utility function depending on the uncertainty through heterogeneous
variables. These utilities are utilized as the basis of the priority of promising technologies.
We analyze simple cases related to food processing technologies show how to process our
framework that can systematically reflect the expectation of potential users. According to
chapter 4, three technologies - Pulsed electric field, Cold plasma, Nano-processing are
selected as promising technologies in Food processing. Subsequently, we estimate the
utility of utilization through the posts from the online forum, and 12 utilizations are
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expected to be preferred to potential users. Based on the evaluation of 12 utilizations, we
identify the priority of 1) evaluation criteria (Sentiment Ratio > Consensus ratio >
Preferred components > Shannon-weaver Index) and 2) promising technologies (Nanoprocessing).
The expected contributions of this approach are twofold. First, we suggested the research
framework of evaluating the utilization of promising technologies by analyzing the posts
of potential users. We gathered the online posts contained the opinion of potential users
that can assess the possible technological and social issues. Moreover, these posts can
provide more progressed information about promising technologies included innovative
applications for future threats. Besides, PROMETHEE model can effectively evaluate
when 1) numerous potential utilizations are compared, and 2) selected evaluation variables
and utility is not a clear linear relationship. So, MCDM based research framework can
contribute to providing direction on how promising technologies compare with a lot of
other technologies through several heterogeneous variables.
Second, we suggested two user-oriented evaluation factors (Satisfaction and Suitability) to
evaluate promising technologies through four indices. Previous evaluation of promising
technologies focused on only technical performance and related factors through timeseries forecast model. However, potential user-oriented evaluation can provide the proper
applications of promising technologies in the future. Specially, we introduce sentiment
score to can show the preference of potential users from online posts, and preferred
components can show the number of preferred functions and expected applications for
potential users. Moreover, we introduce consensus index and Shannon-weaver index to
show the disagreement of utilization in terms of usefulness and potential usage. Along
with the first contribution, the quantitative framework in this study allows for useroriented estimating for the preferred utilization of promising technologies in the future.
Despite the contributions, this study is subject to several limitations. First, we analyze and
evaluate only a few cases through our suggested framework. We only deal with the
realized utilization cases for technology evaluation. However, in users’ aspect, the extent
the utilization such as new function and integration is also important factors to utilize

88

technologies in their social life. Thus, we will conduct the forecasting process, which tries
to forecast the novel function and extension of other promising technologies. We also
should gather and evaluate more various cases to validate the usefulness and effectiveness
of the suggested processes.
Second, we cannot suggest appropriate opinions for utilization if the opinions of the
experts or the users strictly confronted. It means our framework can evaluate the degree of
variety and conflict of perspectives, but our framework limits to provide correct and
detailed direction of promising technologies. Besides, we consider only the range of
opinion, even the opinion and expectation is invalid. We calculate the consensus ratio only
the relative rank of utilization, so many ambiguous application cases still contained our
utilization lexicons. Some of the potential users rarely understand the characteristics and
function of suggested promising technologies, so they spread false information to other
potential users. For instance, Pulsed electric field is no longer an influence on the tissue of
food, many potential users concerned about the deformation yet, and many potential users
agree with this incorrect opinion. So, we complement the process that unrealistic
applications excluded from our future research framework. We will also set the process
dealt with the direction of promising technologies through expert opinion. To do this, we
can utilize expert data such as patent and future-oriented expert data.
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Chapter 6
Conclusion

6.1

Summary and Contribution

The overall objective of this study was to answer the questions related to identifying the
promising technologies with the stage of technologies such as theoretical background,
technology and utilizations for users.
The purpose of Chapter 3 is to find the candidate for promising technology based on the
academic basis of promising technologies. Academic interactions and integrations
facilitate more rapid theoretical improvement, so academic diversity is gradually increased.
In this process, new academic backgrounds are created to solve new problems. Therefore,
chapter 3 focused on deriving the candidates for promising technologies based on
theoretical diversity. This diversity partially includes potential solutions to problemsolving ideas and applications for society. To address this process, we suggest first main
question: “Do the knowledge and theory become the promising technology sufficiently
created?”. With setting this questions, we assumed that promising technologies could be
created from interdisciplinary research which was actively interacting with other fields.
Then, we estimated the degree of information exchange and influence by constructing
stochastic model which can forecast the future expected frequency of citations. In addition,
we considered that variety of knowledge and theory can also influence the accommodating
probabilities of creation. So, we estimate the degree of variety through diversity index
based on the proportion of citation where is related fields.
In contrast, in Chapters 4 and 5, there are the stages of evaluating the candidates of
promising technologies that were created by theoretical background. In this thesis, the
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significance of promising technologies is not only technological development but also
means of social applications and developments. So, we analyze online forum data that
includes technological/social evaluations and expectations to identify social impacts and to
provide the novel solutions for solving potential problems. To do this, in chapter 4, we
provided several potential issues regarding identified promising technologies. These issues
could cover the insight and expertise from experts as well as a little idea for related
problems. After the identifying the candidates of promising technology, we suggest second
main question: “Are the technologies promising technologies?”. With setting this
questions, we assumed that the degree of promising tended to increase when 1) the
influence of technologies increases, and 2) the possibility of development increases. To
select the promising technologies from candidates, we suggest the network indices as
parameter of influence and diversity index as the parameter of developing possibility.
An unsupervised method, probability clustering was used with two different indices to
identify the likelihood to belong to “promising” group, and this method was then utilized
to find the list of promising technologies.
In addition, in chapter 5, we suggest the framework what promising technologies is
essential in the future. This framework focused on the viewpoint of potential users who
could contribute to developing society by introducing promising technologies. Related
main question is “Can the utilization be derived from promising technologies contribute to
future developments?”. With setting this questions, we assumed that the contribution of
utilizations tended to increase if 1) increasing the satisfactions of utilizations increases for
users, and 2) increasing the degree of consensus and range in terms of usage. To measure
them, we introduce the several heterogeneous indices such as sentiment score, diversity
index and consensus index. A multi-criteria decision model, PROMETHEE was used with
heterogeneous to summary the comparison with utilizations, and this result could drive the
priority of promising technologies.
The major contribution is that this thesis suggests an initial stage of research on systematic
and stepwise approach to select the promising technologies from different information
sources. In theme #1, we focused on the basis and source of promising technologies. We

91

analyze the interdisciplinary research field as the source of promising technologies. These
research field provide the integrated information regarding different ways for solving
complex potential problems. These integrated knowledge and background stimulate the
convergence of technologies as the fruit of the various expertise from diverse range of
experts and researchers. This means we can find the potential of technologies through
analyzing the characteristics and composition interdisciplinary research. In theme #2, we
focused on the technological feature in terms of the influence and diversity of components.
We introduced the expert data from online forum to catch the future trend of technological
feature and needs. These data contained the future-oriented experts’ opinions and
forecasting which can reflect the possible technological and social issues. Moreover, with
an online platform, various experts can easily participate in the discussion. In this process,
collective intelligence that is derived from communications and interactions in various
communities can generate more advanced information about emerging technology
included the technical issues and estimations. So, this information with consensus could
provide the characteristics and issues of promising technologies. In theme #3, we focused
on the practical utilizations for potential end-users in society. We identified the expectation
of promising technologies by analyzing the online posts from potential users. These posts
included not only subjective opinion and expectation regarding usage in their life, but only
user-oriented potential issues and their innovative solutions.
Moreover, this thesis proposes an initial direction of research on promising technology:
How to reflect the uncertainty and future-oriented factors of technologies in the models. In
theme #1, we assume that a citation is an uncertain event because a specific topic and
information are derived from several fields. The expected citation frequency was inferred
each point of the future time through Glänzel-Schubert-Schoepflin model, which can catch
the notion of variability into account by accommodating probabilities. In detail, this model
stochastically estimated the cited/citing rate of the field when other field needed to interact.
In theme #2, we conduct the unsupervised probabilistic clustering to identify the
technologies in a promising group. To estimate the cluster, we calculate several indices.
These indices tend to indicate the degree of stimulating technological evolution by
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combining other knowledge to solve the various potential problems. However, the
threshold of indices rarely assures the definite promising of technologies. This model
could meet the assumption regarding uncertainty. Notably, 1) model provides the only
trend of promising through indices, thus do not need the ‘pre-defined criterion. 2) the
result of clustering only provides the likelihood of promising, which avoid the strict
assumption that quantitative statistics/trend and the possibility of emerging.
In theme #3, we suggest two heterogeneous evaluation factors: satisfaction and suitability
for evaluating promising technologies. The weight and utility of corresponding evaluation
values were different depending on the individual background. To construct the model
reflected this statement, we introduced the PROMETHEE model. With the model, we
inferred several utility functions of each parameter from the user posts included the
difference between individual potential users. Therefore, this thesis expected to provide
the implications in terms of 1) data and 2) modeling the uncertainty for identifying the
promising technologies in the future.

Table 6.1: The contribution of each theme
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Theme

Factor
Data

Theme #1
Theoretical
background
Uncertainty

Data
Theme #2
Technology
Uncertainty

Data
Theme #3
Utilization
Uncertainty

6.2

Description
Interdisciplinary research
- Providing integrated knowledge and
background regarding different ways for solving
complex potential problems
Glänzel-Schubert-Schoepflin model
- Modeling a citation as stochastic process
which contain the notion of variability into
account by accommodating probabilities
Expert opinion
- Providing the future trend of technological
feature and needs with future-oriented experts’
opinions
Probabilistic Clustering model
- Modeling by accommodating the uncertainty
assumptions regarding
1) pre-defined criterion
2) relation between parameter and likelihood’
User posts
- Providing 1) subjective opinion and expectation
and 2) user-oriented potential issues and their
innovative solutions
PROMETHEE
- Modeling the utility functions of heterogeneous
parameters were inferred from the user posts
included the difference

Limitation and Future Research

Although several fruitful contributions are proposed, this thesis is subject to some
limitations which should be addressed in future research. First, this thesis analyzed and
evaluated only a few fields through our suggested framework. Our framework only
illustrated nanotechnology and single detailed technologies such as food processing
technologies. However, considering the purpose of the thesis, it is necessary to verify the
framework with more empirical cases derived from various types of technologies and
related knowledge. Thus, we should gather and evaluate more various cases to validate the
usefulness and effectiveness of the suggested processes. We will investigate many other
online forums and related interdisciplinary research to discover the underlying candidates
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of promising technologies in future research. In addition, to verify the strength of
contributions regarding 1) modeling the uncertainty and 2) diverse data source, we should
compare with our framework and previous studies which rarely considered the
characteristics of promising technologies. In future research, we expect to investigate the
effect of uncertainty and data source in analysis result.
The second limitation is that the suggested framework cannot reflect newly occurring
fields, features, and functions from the analysis process. We classified the promising
technologies through the characteristics of promising technologies, so it is limited to
estimate the technologies in extreme early phase, which is not fixed the concept. The
direction of future study is to estimate and forecast the characteristics of the technologies
in the initial stage. Every promising technology has the background and basis theory, so
they have a significant amount of correlation with the existing technologies and their fields.
We can identify similarity with the current and new fields by calculating distance indices
that incorporate a co-word frequency analysis.
Lastly, the research methodologies hardly considered the timeline because of the lack of
data. We rarely tracked the dynamic changes which can answer the questions 1) when
selected technologies are emerging or 2) what technologies are first emerging. However,
online participants intensively generated their posts a specific point-in-time, so it is
difficult to gather the historical data in balance. To overcome this limitation, we plan to
adopt additional types of data in each step. Because of the quality of data, we do not gather
the posts from the social network service (SNS). In utilization section, these SNS data
utilized for constructing the time-series and forecasting model to identify when they
receive the attention to promising technologies. We also construct the forecasting model
based on the previous cases of promising technologies. To construct the model, we should
identify the variables which can affect the timing of promising technologies in future
research.
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초록

4차 산업 혁명으로 기술이 급속히 발전함에 따라 다양한 기술 분야에서 유망 기술이 개발되고 있다. 많은 분야에서 신기술의
출현은 인류에게 사회적 경제적 이익을 가져다 주고 있다. 특히, 점진적 기술의 발전보다 급진적인 신기술의 출현 및 발전을 토대로
유망 기술은 기술이나 사회 발전을 위한 돌파구를 제시하고 있으며, 사회나 기술 발전에 막대한 영향을 미치고 있다. 이 때문에
수많은 학자들은 미래에 유망한 기술을 파악하고자 하였다.
하지만 현재까지 진행된 많은 연구는 유망 기술의 기술적인 요소에만 초점을 두었다. 상당수의 유망 기술은 타 기술과의 지속적인
상호작용 과정과 개선 과정을 통해 기술의 특성이 바뀐다. 따라서 본 학위논문에서는 유망 기술의 두 가지 특성에 주목하였다. 첫
번째는 유망 기술의 개발 및 발전 과정은 두 가지 패턴이 존재한다는 것이다. 두 가지 패턴은 유망 기술이 1) 기존의 배경
이론이나 과학적 근거가 개선됨에 따라 발생하는 것과 2) 응용 분야의 특정 문제를 해결하기 위해 새로운 시스템과 기술이
필요한 경우 발생하는 것으로 나뉜다. 따라서 유망 기술을 식별하기 위해서는 단순히 기술의 특성만을 분석하는 것뿐만이 아닌
기술의 발생 과정을 분석하는 것이 필요하다.
두 번째는 배경 이론 – 기술 – 응용 과정에서 나타나는 기술의 변화를 나타내는 불확실성이 정의되지 않았다는 점이다.
이전의 많은 연구들은 불확실성과 모호함과 같은 유망한 기술의 기본 가정을 충족시키지 않는 결정론적 모델을 수행한다. 하지만
앞에서 언급했듯이 기술은 발전 과정에서 많은 불확실한 요소가 개입하여 기술의 특성이나 요구사항 또는 활용 분야 등이 달라질 수
있기 때문에 이에 대한 내용을 식별 과정에 반드시 반영해야 한다.
본 학위 논문에서는 이론적 배경, 기술 자체와 기술에 대한 응용이라는 세 가지 단계를 토대로 유망 기술을 식별할 수 있는 체계적인
접근 방식을 제공하고자 한다. 특히 본 논문은 1) 학제 간 연구와 관련된 이론적 배경, 2) 기술 요소를 다루는 전문가 의견, 3) 유망
기술의 활용에 대한 사용자 의견이라는 세 종류의 이질적 데이터를 토대로 유망 기술의 후보를 점차 좁힌다. 또한 해당 논문은 단계
별로 유망 기술의 불확실성을 모델링하여 유망 기술의 후보를 도출하는 세 개의 소주제로 구성되어 있다.
첫 번째 소주제에서는 기술에 대한 과학적 근거와 이론적 배경을 토대로 유망 기술을 도출하였다. 유망 기술은 다른 분야와의 정보
교류가 활발한 학제 간 연구(Interdisciplinary research)에서 나타나는 경우가 많다. 이에 본 연구에서는 학제 간
연구를 분석하여 유망 기술이 나타날 가능성이 높은 다학제를 파악하고, 이를 토대로 유망 기술의 후보군을 도출하였다. 학제 간 연구는
두 개 이상의 다른 학문 분야가 지식적 교류를 토대로 새로운 아이디어나 지식을 창출하는 것을 의미한다. 이를 분석하기 위해 타
분야와의 상호작용 정도를 분석하기 위한 인용 데이터를 수집하였다. 그리고 추계적 모형 중 하나인 Glänzel-SchubertSchoepflin 모형을 통해 예상 인용 빈도를 추정한다. 해당 모델을 토대로 인용 과정에서의 확률을 정의하고, 이를 추계적으로
모형화함으로써 기술들의 정보 교류 과정에서 나타나는 불확실성을 반영하였다.
또한 학제 별로 미래에 유망할 정도를 정의하기 위해 본 연구에서는 다양한 상호작용과 영향력을 나타내는 다양성
지표(Diversity index)를 활용하였다. 이는 다종성, 이질성, 균형성이라는 세 가지 기준을 토대로 1) 기술적 요소의 특성과 2)
타 기술과의 교류 특성을 분석한다. 본 연구에서는 사례 연구를 위해 나노 과학 분야를 타 분야와 비교하여 분석하였다. 분석 결과,
나노 기술의 기술적 교류와 발전은 다른 분야와 보다 활발히 이루어질 것으로 예측되었다. 이를 통해 본 연구에서는 나노 과학이 가장
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유망한 분야임을 확인하였으며, 해당 기술과 관련된 몇 가지 기술을 다른 분야와 자주 상호 작용하는 유망 기술의 후보로 정의하였다.
두 번째 소주제는 기술의 기술적 요소를 토대로 유망 기술을 판별하였다. 여기서 기술적 요소는 기술적 진화만이 아닌 사회 및 기술
분야의 관련 문제를 모두 포함한다. 이를 위해 본 연구는 미래 지향적인 전문가의 견해와 기술적인 문제가 담긴 미래에 대한
전문가 의견(Expert opinion)을 분석하였다. 전문가 의견은 온라인 커뮤니티에 게재되는 게시물이나 댓글 또는 보고서 등을
포함하는 것으로 해당 내용에는 토론 과정에서 형성되는 집단 지성(Collective intelligence)를 토대로 예상되는 기술 동향과
사회적 영향 그리고, 해당 기술의 활용 방안 등을 모두 포함한다. 전문가 의견을 토대로 본 연구에서는 유망 기술의 정도와 가능성을
포함하는 다양성(Diversity) 및 네트워크 중심성(Network centrality) 지표를 추정하였다. 해당 지표는 잠재적인
미래의 관심사가 될 주제를 발굴하기 위해 텍스트 데이터로부터 주제를 발굴하는 방법론인 잠재 디리클레 할당(Latent
Dirichlet Allocation)를 활용하여 발굴된 주제를 토대로 추정되었다.
그리고 분류 기법인 퍼지 확률적 군집분석(Fuzzy probabilistic clustering) 을 활용하여 유망성을 기준으로 하여 기술에
대한 군집을 구성하였다. 그리고 유망 기술 군집에 포함되는 기술이 무엇인지를 식별하였다. 해당 기법은 지표와 유망한 정도 사이의
관계의 불확실성을 다루는 데 활용되었다. 사례 분석을 위해 본 연구에서는 이전 주제에서 도출한 유망 기술군 중 하나인 식품 가공
기술을 활용하였다. 분석 결과를 통해 본 연구에서는 미래에 세 가지 하위 식품 가공 기술이 유망해 질 것으로 예측하였다.
세 번째 소주제에서는 유망 기술이 사용자에게 어떻게 활용될 수 있는지를 통해 유망 기술을 도출한다. 이전의 많은 연구에서는
기술적 퍼포먼스와 같은 전문가 관점에서의 기술 평가에만 초점을 두었다. 하지만 기술 요소만으로는 유망한 기술을 선택하여
잠재적인 사용자의 평가나 활용 방안을 예측하는 것은 어렵다. 실제로 유망 기술의 특성은 유동적이기 때문에 잠재적 사용자는
해당 기술을 예상하지 못한 목적이나 분야에 활용할 가능성이 높다. 이에 따라 본 연구에서는 잠재적 사용자 관점에서 기술에
대한 기대와 생각을 포함하는 사용자 게시물(User post)를 분석하였다.
또한 유망 기술의 잠재적 활용성을 평가하기 위해 두 가지 평가 요소를 활용하였다. 첫 번째 요소는 만족(Satisfaction)으로
이는 사용자 게시물의 텍스트를 토대로 사용자 선호도와 관련 의견을 추정하여 얻는다. 두 번째 요소는, 적합성(Suitability)으로
기술 사용 과정에서 사용자들이 겪을 어려움(Difficulty)과 사용자들이 기술을 사용할 범위(Scope)의 수준을 평가하여 얻는다.
그리고 이러한 이질적 요소를 PROMETHEE라는 다기준 의사결정 모형을 토대로 평가 점수를 산출한다. 해당 기법은 이질적
변수를 개인의 불확실성을 토대로 산출된 선호 함수를 통해 효용 점수로 변환하는데 활용된다. 사례 연구에서는 두 번째 소주제에서
도출된 세 개의 유망 기술을 분석하였다. 분석 결과를 통해 사용자에게 가장 유망한 기술이 무엇인지에 대한 유망 기술의 우선 순위를
도출하였다.
전체적으로 본 학위논문은 다양한 데이터로부터 유망 기술을 도출하기 위해 체계적이고 단계적으로 접근하는 연구의 초기 단계를
제시한다는 것에 의의를 갖는다. 본 논문에서는 기술의 이론적 배경, 기술 그리고 응용이라는 세 개의 단계 별로 유망 기술의 특성을
분석하기 위해 적합한 데이터를 선정하고, 데이터를 분석하기 위한 각각의 방법론을 제시하였다. 특히 해당 방법론과 데이터를
통해 유망 기술의 불확실성과 미래 지향적 요소를 반영하는 방법을 보여줌으로써 유망 기술 발굴을 위한 연구의 초기 방향을 제시한다는
점에서 의의를 갖는다.
주요어: 기술 예측, 유망 기술, 불확실성의 모형화, 다학제 연구, 전문가 의견, 잠재적 사용자 평가
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