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To capture emerging technologies in the fast-changing technology market, use of information concerning new
technology-based firms (NTBFs) is strongly encouraged, in addition to the information about the technology
itself. Especially, NTBFs rapidly respond to technological change, and their investment information is a signif-
icant criterion of technology valuation. Therefore, this study proposes a new technology opportunity discovery
(TOD) framework that exploits text mining by deep learning and a knowledge graph (KG) by using three data
sources: technology, NTBF, and investor data. First, a technology-classification model was developed using
technical text data acquired using Doc2vec and logistic regression, and then this model assigned highly-relevant
technology fields to NTBFs using NTBFs’ investor relation text data. Next, a KG that considers technology, NTBF,
and NTBF’s investor was constructed to represent their relations for TOD by using the results of previous steps.
Lastly, considering inter-connectivities of such factors, a TOD index that measures the potential of technologies
was proposed. The accuracy and validity of the methods were demonstrated empirically, and an evaluation of
emerging technologies identified by the analysis was provided. Our framework will be of great significance as a

useful alternative to provide new insights for emerging technologies in the industry and market.

1. Introduction

Recently, new technology-based firms (NTBFs, i.e., technology-based
startups) have been founded at an accelerating rate worldwide, and
some world-leading companies and business angels have been actively
investing in the technologies of NTBFs or carrying out mergers and ac-
quisitions for the NTBFs (Moghaddam et al., 2015). These circumstances
have formed a new technological innovation ecosystem specialized in
NTBFs (i.e., the NTBF ecosystem), where an ability to preoccupy
promising technologies strongly affects the quantity and flow of money
in the venture investment market (Colombo et al., 2016; Tegarden et al.,
2012). To be specific, when new technologies appear in this ecosystem,
the NTBFs attempt to exploit and commercialize the latest promising
technologies; they can generate profit by providing them to the cus-
tomers, attract investment, and achieve sustainable growth (Saura et al.,
2019; Yoon and Park, 2004).

Exploitation of technology opportunities is vital in an environment in
which foundation, technology-driven growth, and investment related to
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NTBFs are central components. Therefore, the value assessment of
technologies is growing in importance for various stakeholders, ranging
from R&D managers to investment experts, to discovery technology
fields with high growth potential in the actual market. Nevertheless,
quantitative and objective measurement of market growth, sustain-
ability, and investment potential of technology is a difficult task in a real
NTBF ecosystem (Dushnitsky and Lenox, 2006; Kang et al., 2021). This
difficulty arises because the investment and growth for NTBFs are in-
cremental and phased (e.g., seed-series A-series B-unicorn); for this
reason, the long-term continuity of technology growth needs to be
considered for the valuation of NTBFs-related technologies.

To respond to this demand, technology opportunity discovery (TOD)
is necessary, which is a way to identify emerging technology opportu-
nities and quickly react to them (Klevorick et al., 1995; Nieto and
Quevedo, 2005; Olsson, 2005). The main perspective of TOD is to assess
the potential value of technology and to discover promising technologies
that have great future value (i.e., emerging technologies). However,
existing TOD studies have only focused on evaluating the technology by
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quantifying the increase in the amount of bibliography of technical data
(Bengisu and Nekhili, 2006; Curran and Leker, 2011; Xin et al., 2010;
Yoon et al., 2014; Yoon and Park, 2005), or on searching the company’s
portfolio to find a technology opportunity that is suitable for the com-
pany (Cho et al., 2016; Choi et al., 2019; Lee et al., 2010). To the best of
our knowledge, no TOD work has considered the growth potential of
technology in the NTBF-investment perspective and how the technology
is used and valued in new industries and markets by suppliers and
consumers.

Therefore, in an advance over existing TOD analysis studies, this
study considers the trends in NTBFs and their technological innovation
ecosystem to represent the marketability in real businesses. This
perspective has never been explored before, despite the important
contributions on NFBFs to advances in technology. We present a
framework for TOD analysis by utilizing information of NTBFs and their
investment information together with technical data to represent the
NTBF-related technology ecosystem and its cycle structure. To do so, we
propose a new approach that fits the data by using deep learning-based
text mining and a knowledge graph (KG). The framework allows people
to identify technology opportunities that are of good quality. Specif-
ically, we first develop a technology-classification model (Doc2vec-LR)
that makes use of Doc2vec, a contextual document-embedding algo-
rithm along with logistic regression (LR). Then we apply Doc2vec-LR to
the textual information of NTBFs to automatically identify the tech-
nology fields of each NTBF. Third, we generate a novel KG for the TOD
(TOD-KG), that contains technology, NTBF, and investing information of
the NTBF. Finally, we create a new TOD index that can quantitatively
evaluate technology by applying social network analysis measures on
the TOD-KG from various perspectives, then use the calculated TOD
index to identify the emerging technologies. We conduct a detailed TOD
analysis using the proposed framework for NTBFs, and provide mean-
ingful interpretation and evidence of TOD analysis. Our framework is
the first attempted TOD analysis to represent the technology ecosystem
in which NTBFs and investors are linked together.

Our Contributions. This study has made four contributions:

This study proposed a new TOD analysis framework using NTBFs and
their investment data along with technical documents and used deep
learning-based text mining and KG to develop methodologies suit-
able for the data. Our framework can identify technology opportu-
nities that have sustainable growth potential in the NTBF ecosystem.
This study used Doc2vec to generate the document representation for
TOD analysis to better structure the document stream by extracting
document-specific embedding, including the contextual character-
istics of words. Further, we presented a method to represent the hi-
erarchical aspects of categorization levels of technical documents on
Doc2vec training; the method enables embedding of technology to
competently represent inherent patterns of entire technologies.

Our TOD-KG was created by representing technology, NTBF, and
investor. For the TOD-KG, the connection between nodes is
composed of the similarity of text embedding between technologies
or NTBFs as well as the link elements of direct technology classifi-
cation and investing behaviors between technology and NTBF or
between NTBF and investor.

e We proposed the new TOD index derived from the TOD-KG to
quantify emerging technology opportunities. We introduced a
method to calculate a TOD index by appropriately combining the
representative centrality measures by considering three types of
factors in the TOD-KG. The TOD index can identify the major tech-
nology that is the main crossroad in the TOD-KG and is highly linked
to other entities.

This paper is organized as follows. Section 2 reviews existing TOD
studies, and Section 3 describes the data used in this study. Section 4
details the proposed TOD framework. Section 5 demonstrates the results
and validity of the methodology. Section 6 presents a detailed analysis of
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the results, and then Section 7 concludes this study.
2. Related work

In this section, we review related work on TOD analysis from tech-
nology and corporate perspectives, respectively. The former review
considers studies that identify emerging technologies in specific fields by
adopting TOD techniques or by developing such methods by considering
technical data. The latter considers studies that focus on the target
corporations by analyzing their technical documents, which aim to
provide adequate R&D directions and TOD strategies on promising
technologies for them, and to discover the potential of their core
technologies.

2.1. TOD in a technology perspective

2.1.1. Text Mining Methods for the TOD

The initial TOD studies were conducted by experts by monitoring
and bibliographic analysis of public databases (Porter and Detampel,
1995). The amount of data has increased rapidly and continuously, so
TOD studies have moved towards automated data processing to sup-
plement expert-oriented techniques (Lee et al., 2020; Yoon et al., 2015).
Patents and scientific articles summarize R&D results and are rich
sources of technology information, mainly in the form of text, so TOD
studies that have used such data have attempted to identify technology
opportunities by utilizing keyword-search methods such as a keyword
morphological matrix and a keyword matching algorithm (Xin et al.,
2010; Yoon and Park, 2004). These methods can derive potential tech-
nological opportunities by identifying semantic similarity between
technologies, and create possible technology combinations by using
technical keywords. Still, these methods consider only the frequency of
co-words extracted from technical documents, and cannot discover their
contextual and latent semantic information.

To overcome the limitations of keyword-based methods, TOD studies
have used machine learning-based text mining methods. These methods
can examine a large database to extract latent information related to
TOD, which existing TOD methods may not find (Lee and Lee, 2019).
Lee et al. (2009) converted patent data to a term-document matrix and
then used principal component analysis to generate a two-dimensional
patent map; vacant spaces on this map represent possible opportu-
nities to create new technology. Wang and Chen (2019) proposed a
method that uses latent semantic analysis to transform patent data to
low-dimensional latent features, and then used cosine similarity to
discover outlier patents, which can be interpreted as latent technology
opportunities.

Advances in deep learning-based text mining algorithms have been
exploited in recent TOD studies; they have focused on neural network-
based text embedding methods such as Word2vec and Glove (Mikolov
et al., 2013; Pennington et al., 2014), which generate word represen-
tations to capture the context of the documents. Roh et al. (2019)
pproposed a way to find technical opportunities by using Word2vec and
k-medoids to mine opinions in customer review data and patent data.
They identified the technologies related to customer needs by scanning
the data to find words that have similar contextual meaning. They
identified the technologies related to customer needs by scanning the
data to find words that have similar contextual meaning. Lee et al.
(2020) proposed a product landscape analysis of a patent-product
database by using Word2vec to identify product areas that can refer to
the possibility of technology opportunities.

2.1.2. Network Analysis for the TOD

Network analysis is an approach to quantify interactions between
actors (i.e., entities, represented as nodes on a graphical representation
of a network). Several researchers have proposed this type of TOD
framework, including a subject-action-object (SAO) network and patent
network, because it can effectively represent the relationships among
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Table 1
Basic statistics of technology and NTBF corpus
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Corpus Number of documents Number of unique tokens Token length/document Minimum of token length Maximum of token length
Mean Standard deviaton

Technology 8,772 17,497 181.7 68.7 25.0 553.0

NTBF 118 2,144 346.9 183.9 35.0 2,162

technologies (Han et al., 2019; Kim et al., 2019; Von Wartburg et al.,
2005; Yoon and Park, 2004; 2005).

An SAO structure consists of a subject, an action (verb), and an ob-
ject, which represent interactions among the factors that constitute the
technical document. The subject and object are nodes of SAO network,
and indicate respectively the technology and the purpose of technology
(e.g., the product); the action is a link (i.e., an edge) between the nodes,
and represents the mean for purpose of the technology (Choi et al., 2012;
Leeetal., 2014). Han et al. (2019) conducted a TOD study of the medical
domain fields by using the abstracts of articles in medical journals to
build an SAO network, and identified combinations between technolo-
gies by link prediction between nodes. However, techniques that use
SAO have only considered three factors, and may have difficulty rep-
resenting features of technology (e.g., specific applicable fields, advan-
tageous effects of inventions) other than SAO factors (Kim et al., 2019).

Furthermore, some TOD studies that use patent analysis have
generated a patent network that is composed of patents as nodes, and
patent relationships (e.g., citations) as links. Yoon and Park (2004)
constructed a patent network by extracting keyword vectors from each
patent and calculating the similarity between patents to create an as-
sociation matrix, and then applied the degree centrality measure to the
association matrix to generate several indices that can quantify the
importance, newness, and similarity of patents. In addition, a
patent-citation network composed of the cross-citation information of
patents can be used quantify the value a of technology opportunity by
using in-degree and out-degree centrality measures adjusted to the
asymmetric nature of the citation network (Von Wartburg et al., 2005).
Kim et al. (2019) proposed a TOD study to generate technology network
indices by using a patent network that is constructed by considering the
relationship between patents and their international patent classifica-
tion codes; the technology convergence capability can be measured by
calculating degree centrality, betweenness centrality, and closeness
centrality in this network.

Overall, previous studies that used patent networks have enabled
identification of technology opportunities by identifying visual patterns,
and have permitted evaluation of opportunities by measuring several
network-quantification indices, but the studies have limited ability to
represent external factors (e.g., corporate- and investment-related in-
formation) that can be highly correlated to trends of technologies.

2.2. TOD in a corporate perspective

Recently, several studies have conducted TOD by using corporate
technical data, such as corporate portfolios and patent data owned by
companies. The studies have suggested ways to discover promising
technologies suitable for the characteristics of a target company for its
R&D planning (Lee et al., 2017).

Choi et al. (2019) defined firms which have a large number of
registered patents as precedent enterprises (PEs) that have already un-
dergone technological changes. Then they generated sequences using
patent data of PEs, representing the temporal change in their technology
fields. They proposed a TOD method that uses using a sequential-pattern
mining algorithm, PrefixSpan, to find important sequences for the target
firm similar to the PE sequence, by considering the technology simi-
larity, business stability, and recency from the PE sequence. Lee et al.
(2014) identified new technology opportunities for SMEs by combining
an expert’s analysis of keywords, with an SAO network derived from the

SMEs’ patent data. Park and Yoon (2017) used firms’ technology port-
folios to analyze TOD that supports the firms’ decision-making tailored
to their technology preferences. They applied collaborative filtering to
calculate the similarity between the target company and other com-
panies, and then recommended the technology with the highest pref-
erence among the technologies that the target company has not explored
yet.

In similar contexts as those of prior studies, our proposed framework
defines an effective TOD index that represents the corporate perspective
by using deep learning-based text mining and network analysis (i.e.,
graph analysis). However, no study has analyzed TOD for NTBFs and
their investors, despite the importance of such factors.

3. Material

Our TOD framework considers three datasets, technology text data,
NTBF data, and data on investors who have invested in NTBFs. First, we
collected the technical data, the technology roadmap (TRM), which is a
report that summarizes trends in promising technology sectors such as
artificial intelligence (AI), big data, and future automobiles in South
Korea from 2016 to 2019 (Smeroadmap, 2019). TRM data can be
divided into small documents at the level of a paragraph, and the doc-
uments have technology labels with a hierarchical structure from
upper-level technologies (i.e., category) to lower-level technologies (i.e.,
subcategory); the technology labels are organized into a two-level tree
structure, of which a category covers multiple subcategories exclusively.
For example, two documents with the same category ‘AI’ can have
different subcategories such as ‘Human-Al collaboration system’ and ‘Al
software’, and do not fall into other categories than Al. The final tech-
nology text data contained 8,772 documents with 24 categories and 269
subcategories, and the examples of TRM data are shown in Table Al.

The data were preprocessed. We first removed special characters,
numbers, and whitespace. Then we tokenized the corpus into words (i.
e., tokens), and then to minimize the use of redundant words unrelated
to technology objects, we extracted the nouns by extracting the
morpheme of each word. Then we eliminated stop-words and applied
Zipf’s law to the corpus of nouns. Zipf’s law means that the frequency of
a word is proportional to its rank, and the frequency and rank of a word
follow a probability distribution in the form of a power law (Li, 1992;
Powers, 1998). According to Zipf's law, we can remove very common
words or rare words that are not necessary to understand the core
meaning of the sentence, which degrade the accuracy of the text em-
beddings models. Finally, we obtained a total of 8,772 preprocessed
technology text data entries composed of 17,497 unique noun tokens.

Next, we collected NTBF data from the Rocket Punch website
(Rocketpunch, 2019). Rocket Punch is one of the large business
networking platforms in Korea, where numerous companies, including
NTBFs, participate and share their reliable corporate information to
promote themselves to investors and job seekers. Rocket Punch data
includes the company’s various information such as its technical
investor relation (IR) text, news texts, the year of establishment, and
funding information. Among the companies that were registered on
Rocket Punch, 446 startup ventures that were established less than five
years ago were selected as NTBFs for this study. Of these 446 NTBFs,
those that have been shut down were excluded, and then we constructed
the NTBF corpus by merging the IR texts with news articles. Then we
conducted text preprocessing for the NTBF corpus in the same way as for
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the technology text data. Text that is too short can have insufficient
information, so we removed text that had fewer than 30 tokens. Finally,
118 NTBF samples that contained 2,144 unique noun tokens for NTBF
technology categorization were prepared. The variable description of
NTBF data is described in Table A2 and the basic statistics of technology
and NTBF corpus are shown in Table 1.

Finally, we collected investment data about 121 investors who
invested in the NTBFs from Rocket Punch. These data include the
funding information such as the total number of investments and the
investment amount (see Table A3).
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Table 2
Technology classification results for category and subcategory

Label type Classifier Accuracy (10-fold CV) F1-score (10-fold CV)

catagory Doc2vec-LR 0.9254+0.014 0.9249+0.001
Doc2vec-MLP 0.9180+0.017 0.91754+0.012
Doc2vec-RF 0.6977+0.017 0.6714+0.017
Word2vec-LR 0.847140.015 0.8427+0.016
Word2vec-MLP 0.865540.015 0.8646+0.015
Word2vec-RF 0.766240.015 0.7521+0.017
FastText-LR 0.8687+0.011 0.8657+0.011
FastText-MLP 0.8809+0.013 0.8800+0.013
FastText-RF 0.807240.007 0.7975+0.008
Glove-LR 0.7309+0.026 0.7256+0.029
Glove-MLP 0.7068+0.023 0.6971+0.024
Glove-RF 0.661240.022 0.6406+0.023

subcatagory Doc2vec-LR 0.8899+0.012 0.8780+0.013
Doc2vec-MLP 0.8503+0.016 0.8361+0.019
Doc2vec-RF 0.5640+0.023 0.5033+0.022
Word2vec-LR 0.6800+0.015 0.6331+0.018
Word2vec-MLP 0.736440.017 0.7165+0.019
Word2vec-RF 0.5767+0.016 0.529240.017
FastText-LR 0.717740.016 0.6750+0.020
FastText-MLP 0.7741+0.019 0.7568+0.020
FastText-RF 0.62174+0.018 0.5788+0.020
Glove-LR 0.471340.026 0.4452+0.024
Glove-MLP 0.402340.017 0.4023+0.018
Glove-RF 0.3628+0.012 0.3182+0.011

4. Proposed framework

In this section, we propose a new TOD framework that consists of
four phases (Fig. 1): (1) Technology classification: we construct the
Doc2vec-LR classifier by combining Doc2vec and LR; specifically, we
use Doc2vec to extract the document embeddings for technology text
data, and then build the LR classifier for the extracted embeddings. (2)
NTBF technology categorization: we assign relevant technologies to
NTBFs by applying the Doc2vec-LR to NTBF data. (3) TOD-KG genera-
tion: we create the TOD-KG by connecting technology, NTBF, and
investor by considering relationship extracted from the results of phase
2. (4) Emerging technology discovery: the TOD indices are calculated to
discover the emerging technologies on top of the TOD-KG. Each phase of
the proposed framework is detailed as follows.

4.1. Phase 1. Technology classification

Technology classification is a vital process that can allocate suitable
technology for technical text data even if the input is composed of
technical text data without specific labels. In this phase, we construct the
Doc2vec-LR classifier for technology classification in two steps: (1)
Doc2vec training and (2) LR training (Fig. 2). We use Doc2vec to
transform each technology document to a vector (i.e., a document
embedding). Doc2vec is an extension model of Word2vec to learn em-
beddings for documents by introducing a paragraph vector (e.g., a
vector of a sentence, document, or chapter) (Le and Mikolov, 2014). It
has two learning ways, a distributed memory model of paragraph
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vectors (PV-DM) and a distributed bag of words version of paragraph
vector (PV-DBOW). The PV-DM maps the paragraph and context words
into unique vectors to predict a target word (i.e., the next word in a
context) while the PV-DBOW maps only the paragraph to the embedding
to predict words randomly sampled from the paragraph. Doc2vec has
three user-defined parameters: vector size 5, window size 1, and mini-
mum frequency of words 7. This study implements the PV-DM of
Doc2vec since it has demonstrated better accuracy than the PV-DBOW
model in general (Le and Mikolov, 2014).

In Doc2vec training, we use the technology label (e.g., category or
subcategory) of each technology document as the paragraph ID of
Doc2vec; this approach is unlike the general method that uses the
unique identification (ID) of each document (i.e., paragraph ID). Spe-
cifically, technology documents have two technology labels (i.e., cate-
gory and subcategory), so we set the paragraph IDs as pairs of category
and subcategory to represent the hierarchical structure of technology
labels (Fig. 2). Then we extract the unique embeddings of technology
categories and subcategories from the trained Doc2vec model, and use
them to infer the document embeddings. This method to train Doc2vec
has two merits. (1) The document embeddings can represent both
technology label information and contexts of documents simulta-
neously, by learning the corpus with the category and subcategory; it has
the effect of applying supervised learning to Doc2vec, which is an un-
supervised text-embedding model. (2) The method can automatically
extract the embeddings of technology categories and subcategories (i.e.,
technology embeddings), which would be embedded in the contexts of
multiple documents. These technology embeddings will be used to
define relationships between technologies in the TOD-KG of Phase 3.

After extraction of document embedding, we assign technology la-
bels to each document by using the multinomial LR model that pre-
sented the best accuracy and F1 score in preliminary experiments
(Table 2). Consequently, we obtain a technology-classification model
called Doc2vec-LR trained with technology-relevant text data.

4.2. Phase 2. NTBF's technology categorization

To analyze the TOD effectively by representing NTBF information,
unified technology category labeling for the NTBFs is essential because it
enables intuitive identification of their technical fields, but generally the
NTBF data has no clear and consistent technology category (label) in-
formation. Thus, the goal of this phase is to assign each NTBF to relevant
technologies by applying the Doc2vec-LR model to the NTBF corpus. The
method of allocating technology categories and subcategories to NTBF
documents is shown in Fig. 3.

Next, we apply the Doc2vec-LR classifier to the pre-processed NTBF
corpus. For this purpose, we extract the embedding of each NTBF
document based on pre-trained Doc2vec, and then use the LR classifier
to automatically assign the technology categories to the document.
Here, we establish a hierarchical technology category allocation method
based on the classification probability by slightly modifying the existing
way of the Doc2vec-LR model. The modified method can identify the
concurrent technical characteristics of NTBF, which cannot be covered

| Hierarchical Probabilistic Technology Category Allocation |

Category Probability Subcategory (Category) Probability
N Al/Bigdata 0.56 Human-AI collaboration (AI/Bigdata) 0.43
Doc2vec-LR Bio/Healthcare 032 Smart inspection system (Smart Factory) 0.21
A]:Fr'];;i“ Classifier Smart Factory 0.10 Personal health record system (Bio/Healthcare) 0.20
document
Smart City 0.01 Smart water quality management system (Smart City) 0.01

Fig. 3. Process of NTBF’s technology categorization
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when one type of exclusive category (or subcategory) is allocated to each
NTBF. We use the Doc2vec-LR model to first assign the k. categories that
had with the highest probability to each NTBF document. Then, k;
subcategories with the highest probability that belong to the k.
previously-assigned upper-level categories are allocated to the NTBF
document. k. and k; are user-defined parameters for the number of
categories and subcategories allocated to the NTBF document, respec-
tively. Even when the subcategories with the highest probability have
the same category, they are allocated in order of the probability among
the subcategories. Note that the ks subcategories do not always corre-
spond one-to-one to k. categories. For instance, as shown in Fig. 3 with
k. = ks =2, the categories ‘Al/Bigdata’ and ‘Bio/Healthcare’ that show
the highest probability in the upper-level categories are assigned as
technologies of the NTBF. For subcategory allocation, although ‘Smart
inspection system’ has the second-highest probability, we exclude this
subcategory from technology candidates of the NTBF because it does not
belong to the previously assigned upper-level category (e.g., ‘Al/Big-
data’ and ‘Bio/Healthcare’); instead, we determine ‘Personal health

record system’ that has the next-highest probability, and that is a sub-
category of ‘Bio/Healthcare’, as the NTBF’s technology.

4.3. Phase 3. TOD-KG generation

In this study, we aim to evaluate the potential value of technologies
by taking the technology, NTBF, and investor information into account
for TOD analysis. To approach the problem, one possible way is to first
construct a new data structure that can represent the interactions be-
tween various subjects comprising the NTBF ecosystem. A KG is a het-
erogeneous graph to represent different types of entities (i.e.,
heterogeneous nodes) and their various relationships (i.e., heteroge-
neous edges) (Ji et al., 2021; Yang et al., 2020). In this phase, by
adopting the definition of KG, we newly construct the KG for TOD (i.e.,
TOD-KG) to effectively integrate the information about heterogeneous
objects that have different properties in the NTBF ecosystem as a single
form. Our new KG is a fundamental data structure suitable for the pur-
pose of this study, which is used to quantify the value of lime-lighted



M. Lee et al.

Table 3

Qualitative analysis for evaluation of NTBF technology categorization. Unique
terms excluding common words of every document in NTBF text data and
technology labels assigned to each NTBF are listed. The terms are displayed in
Korean-English translated pairs

NTBF

Words

Category Subcategory

Co3

Co4

Cco7

C17

C26

‘dlo|E{oto|'d (data mining)’,
‘&8 (habits)’, A7 0]
(healthcare)’, ‘% (risk)’,
Mg (life), ‘AEFY (style)’,
‘ElH (disease)’, ‘“7HM
(improve)’, ‘& & (utilize)’,
42 (discovery)’, ‘A S 2|
(weight management)’, ‘@&
(nutrition)’, ‘0{Z 2|7 0|
(mobile application)’, ‘&4
(analysis)’, “® Xt (gene)’,
‘=% (recommended)’, ‘SO
O|E] (big data)’, ‘RTHE
(genome)’
‘CHE (loan), ‘B4
(analysis)’, ‘S A=
(investment)’, ‘A4 Z Q|
(small business owner)’, “®l A{
H|A (web service)’, 7+ %™
7} (valuation)’, ‘A= (fund)’,
‘S 2 M7} (valuation of
mortgage)’, ‘SF At
(investment)’, ‘2 HF 2 H
(mobile application)’, ‘&1 0|
E (big data)’, ‘EHE
(platform)’, ‘B 27+ x| (value
of mortgage)’, ‘ZAMXIZ
(construction fund)’, ‘&4t
(real estate)’, ‘QEW'
(online)’, “HE
(information)’, g4}
(change)’, ‘“EIEl| 3 (fintech)’,
“H|2f (construction)’
<OOIE (item)’, 04| 2t
(reservation)’, ‘XFR10{&{ 2|
(natural language
processing)’, ‘0% (store)’,
‘TLOH (purchase)’, ‘Gt %!
(famous restaurant)’, ‘Hi g
(delivery)’, ‘M| 41X
(messenger)’, ‘1B k|5
(artificial intelligence)’, ‘742H
(deal)’, “B7H (brokerage)’,
‘CH3} (conversation)’, ‘F{HA
(commerce)’, ‘7HRIH|A]
(personal assistant)’ EAE
(text)’, ‘24 (client)’, ‘L&
2| (schedule management)’,
SHZ (chatbot)’, ‘B Xt HIA|IX|
(text message)’, FHE
(chatting)’
‘ZEBHE (platform)’, ‘XM
H|A (payment service)’, ‘Cll
OlE] (datay’, “H2E|
(convenient)’, ‘ZX| A&
(payment market)’, ‘ZX|
(payment)’, ‘B 7H
(brokerage)’ ‘01"” (tour)’,
ZF I MH|A (brokerage
service)’, ‘& & (expand)’, “El
B3 (fintech)’
‘E X} (investment)’, ‘“F X3
%| (attract investment)’, ‘2t
A (stability)’, ‘Sl X|IHE
(hedge fund)’, ‘S E (aim)’,
‘KHAHREE] (asset
management)’, ‘Al (artificial
intelligence)’, ‘S &
(engineering)’, ‘T2 A|A
(process)’, ‘AH&t (asset)’, ‘Y
T E|& (algorithm)’, ‘=2

‘Al/Big data’ ‘Genome analysis’
‘Bio/ ‘Real-time healthcare
Healthcare’ system’

‘Fintech’ ‘Al/ ‘Big data software’

Big data’ ‘Fintech big data
analysis and
application system’

‘Service ‘Text mining used

platform’ ‘Al/  natural language

Big data’ processing’ ‘Human-Al
collaboration system’

‘020 service’ ‘020 service for

‘Fintech’ tourists’ ‘Fintech big
data analysis and
application service’

‘Fintech’ ‘Al/ ‘Asset management

Big data’ system’ ‘Fintech big
data analysis and
application system’
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Table 3 (continued)

NTBF  Words Category Subcategory

(profits)’, ‘M= (system)’, ‘&

Of (sector)’, ‘EIE|=
(fintech)’, ‘=52 (fee)’, ‘At
53} (automation)’

C39 & (switch), ‘swEZ ‘Service ‘Al software’ ‘Edutech’
(software job group)’, ‘H4l2{  platform’ ‘Al/
'z (machine learning)’, ‘@%#  Big data’
(experience)’, ‘M E7}

(expert)’, ‘0| & (turnover)’,
‘Z=M (recommendation)’, ‘71
A& (consulting)’, ‘ElE{'d
(deep learning)’, ‘CIxH{
(talent)’, ‘B K|S (artificial
intelligence)’, ‘&t%d
(industry)’, ‘T+A|
(assignment)’, ‘¥
(training)’, ‘712[0{ (career)’,
‘E|AE (test), ‘2
(coding)’, ‘RLELA
(opensource)’, ‘B EHE

(learning platform)’, ‘S &k

(specialized)’, ‘& (study)’,
=¥ (strategy)’, ‘FIEIEH
(curriculum)’, ‘7Hg¢ &}
(developer)’, ‘& 2| (lecture)’

C44 ‘ZSE (platform)’, ‘8 & ‘020 service’ ‘Personalized
(equipment)’, ‘M|t 3| At ‘Bio/ healthcare monitoring
(pharmaceutical company)’, Healthcare’ devices and platforms’
‘¥ S (complications)’, ‘4] ‘020 service data
RZ (food ingredient)’, ‘Ot analysis system’

&l (marketing)’, ‘@A 704
(healthcare)’, ‘& &
(hospital)’, ‘F{HA&
(commerce)’, ‘22 Z 20l
(online and offline)’, ‘=&
(disease)’, ‘Al XFRH S| A
(grocery store)’, ‘&
(excersise)’, ‘& x| (a
complete cure)’, ‘74%
(health)’, ‘2744 (public
health center)’

c61 ‘12 (medical care)’, ‘7|5 ‘Al/Big data’ ‘Data analytics in smart
(record)’, ‘Z2| (care), ‘i3 ‘Bio/ healthcare’ ‘Big data
(history)’, ‘@A |04 Healthcare’ collection system for
(healthcare)’, ‘&t A} smart healthcare’

(patient)’, ‘x| (treatment,
care)’, ‘EMR (Electronic
Medical Record)’, ‘Z 3|
(lookup)’, ‘A A} (meal)’, ‘24 &
(life)’, ‘2l (disease)’, ‘RS
2 (exercising)’, ‘THE1
(pattern)’, ‘244 (analysis)’,
‘B|ZE (report)’, ‘HAlZ{d
(machine learning)’, ‘A&
(prescription)’, ‘74%
(health)’, ‘CHEH &3
(university hospital)’

C72 ‘2% (nearby)’, ‘ME ‘020 service’ ‘020 service for
(goods)’, ‘MHI|A (service)’, ‘Service tourists’ ‘SNS platform’
‘47 (shop)’, ‘58t platform’

(specialized)’, ‘EtOH (sale)’,
‘A7 (shopkeeper), ‘37t

R 2 (space sharing
model)’, ‘0424 (traveler)’,
‘O|S 42 (travel route)’, ‘Q|
%718t MH[A (location based
service)’, ‘&% (promotion)’,
‘o1& (travel)’

technologies by reflecting intrinsic relationships between heterogeneous
entities of the graph comprehensively. Fig. 4 presents the structure of
the TOD-KG.

The TOD-KG has three types of nodes (i.e., entities): NTBF, NTBF’s
technology, and NTBF’s investor. The node set of TOD-KG, V = {C, T,I}
where |V| = N, consists of NTBF node set C = {ci, ..., ¢tn, }, NTBF’s
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Table 4

Comparison for cosine similarity between text embeddings of TRM and NTBF
text data ((A) TRM documents in a subcategory, (B) NTBF documents in a
subcategory (C) NTBF documents in other subcategories not belong to (A) and
®)

Subcategory Average cosine Average cosine
similarity between (A)  similarity between (A)
and (B) and (C)

Medical data management 0.7814 0.6140
systems

Video media platform 0.7271 0.6058

Big data construction and 0.7073 0.6044
analysis system for logistics
service

Data security and de- 0.7064 0.6140
identification

Asset management system 0.7036 0.6216

Genome analysis 0.7001 0.6136

Bio-derived material analysis 0.6972 0.5998
system

Crowdfunding 0.6969 0.6114

Bio-signal measurement and 0.6921 0.5901
diagnosis device

Data Analytics in Smart 0.6903 0.6167
Healthcare

Molecular diagnostics 0.6852 0.5906

Simple money transfer and 0.6839 0.6092
payments

E-commerce platform 0.6837 0.6134

Fintech big data analysis and 0.6823 0.6234
application service

020 service for tourists 0.6822 0.6184

SNS platform 0.6813 0.6233

Health functional food 0.6807 0.5973

Big data collection system for 0.6771 0.6224
smart healthcare

Human-Al collaboration system 0.6771 0.6307

Pet care 020 service 0.6755 0.6191

Mobile fintech security 0.6747 0.6131

020 service data analysis system  0.6653 0.6206

020 service platform 0.6632 0.6111

Speech recognition system 0.6614 0.6147

Visualization tool for data 3D 0.6606 0.6073
transformation

Mobile application platform 0.6590 0.6182

Edutech contents 0.6585 0.6132

Big data software 0.6581 0.6247

Personal heath record system 0.6572 0.6149

Text mining used natural 0.6551 0.6255
language processing

AI Software 0.6509 0.6365

Real-time healthcare system 0.6496 0.6054

Personalized healthcare 0.6492 0.6239
monitoring devices and
platforms

Image data-based Artificial 0.6475 0.6173
Intelligence service

Game platform 0.6434 0.6157

Big data analysis and 0.6404 0.6136
visualization platform

Healthcare design 0.6375 0.6163

Sentimental information 0.6361 0.6182
analysis

Robotic Process Automation 0.6353 0.6164

Cognitive science software 0.6212 0.6168

Immunochemical diagnosis 0.6192 0.5986

technology node set T = {t1,...,ty, }, and investor node set I = {ij, ...,
iy, } which are the investors who have invested in the NTBFs. |C| = N¢,
|T| = Nr, and |I| = N; are the number of nodes in C, T, and I respectively,
conditioned with N = N¢ + Nt + Ny.

The edges in the TOD-KG represent four types of connectivity:
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Table 5

Basic statistics for TOD-KG
Component Statistics
Number of nodes 202
Number of NTBF nodes 77
Number of technology nodes 42
Number of investor nodes 83
Number of edges 593
Average degree 5.875
Average weighted degree 2.497
Average closeness centrality 0.308
Average betweenness centrality 234.631
Average PageRank centrality 0.005

e The edge between NTBF ¢, € C and NTBF’s technology t, € T
(denoted as E.,,) has connectivity when t, is the technology labels
allocated to c,, whereu=1,...,Ncandv = 1,...,Nr.

o The edge between NTBF c, and NTBF’s investor i, (denoted as E,;,)
has connectivity when i,, 2 = 1, ..., N, is the investor who has
invested in c¢,. To determine E; , the frequency or amount of in-
vestment is not considered here.

e The edge between two certain technologies t, and t,e T\{t}
(denoted as EMV/) has connectivity when the cosine similarity be-

tween their document embeddings cos(d,,,d;,) > y where d,, € R®
and d;, € R® are the document embeddings of t, and t, extracted

from Doc2vec.
e The edge connectivity between two NTBFs ¢, and ¢, € C\{c.}
(denoted as E.,,) has connectivity when the cosine similarity be-

tween their document embeddings cos(d,.d.,) > & where d., and
d., are the document embeddings of ¢, and c,. y and ¢ are user-

defined parameters for the similarity threshold of edge connection.

Subsequently, E.,, and E.; are defined as direct interconnections
between nodes, whereas E; ¢, and E, ., represent the coherence between
v ¥

the document embeddings of nodes.

4.4. Phase 4. Emerging technology discovery

TOD analysis urgently requires a precise and overall index to quan-
titatively evaluate technology opportunities, so we introduce a TOD
index that is calculated from the TOD-KG by measuring the network
centrality to represent the influential power of the entities of TOD-KG.
The assumption of the TOD index is that a high centrality of a technol-
ogy can represent a high potential value of technology opportunities in
the NTBF-related technological ecosystem. Specifically, in this phase, we
generate a technology opportunity index (TOI) (Fig. 5) by aggregating
three different TOD indices, i.e., a technology index (TI), an NTBF index
(NI), and an investor index (II), in terms of three perspectives, tech-
nology, NTBF, and investor, respectively. The TOI can represent the
characteristics of main subjects and their relationship in the NTBF
ecosystem. The processes for computing the TOD indices are explana-
tions below.

First, the TI of the technology node, TI(t,), is the connection cen-
trality of a technology among nodes connected to the target technology
node. To calculate TI(t,), we use three well-known centrality measures
of a network: closeness centrality (CC), betweenness centrality (BC), and
page rank (PR). CC of a node is defined as the inverse of the average

N-1

shortest path distance to all other nodes; CC(t,) = DT where
GeEV\{ty} N VY

d(t,,j) is the length of the shortest path from node t, to node j € V\{¢,}.
BC refers to the frequency at which a node is on the shortest path that

ojx(ty)
jk

connects two other nodes except itself, i.e., BC(ty) = > cyrew (i)

where ¢ is the number of shortest paths between nodes j and k and
ojk(ty) is o that passes through node t,. PR ranks the importance of a
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Fig. 6. Example of the entire TOD-KG. Dark gray nodes: NTBFs; white nodes: investors; light gray nodes: technologies. Node size represents the average value of
three centrality measures. The size of each technology node does not indicate the TOI index.

node in relation to the other nodes. Initially, PR values of all nodes are
set to %, and at each iteration, PR(t,) is iteratively calculated as PR(t,) =
Zjepj%v(?y where P; = {j € V\{t,}|E, =1} is the set containing all
nodes that connect to node t, and L(t,,j) is the number of neighbors of
node j.

Here, each network centrality measure has its own characteristics
that can be interpreted in terms of the TOD. CC(t,) captures the closeness
of technology t, to other nodes (i.e., NTBFs and investors) in the TOD-
KG. BC(t,) represents the significance of technology t, by calculating
how frequently t, appears on all the shortest paths in the TOD-KG. PR(t,)
means the connection intensity of node t, with the other influential
nodes that have a large number of neighbors and the high PR value; high
PR(t,) indicates that node ¢, is highly connected to the other influential
nodes.

We aggregate CC(t,), BC(t,), and PR(t,) with equal weights to
calculate TI(t,):

TI(1,) = CC(t,) + BC(t,) + PR(t,)
N1
Zjev\{tv}d(tvv.j)

PR(j)
2Lt}

ojx(ty)
Jj,k

€9)

JEVEV\{ji}

In a similar way as for TI, the NI and II of t, can be calculated using CC,
BC, and PR. NI(t) aggregates the centrality measures around the NTBFs
allocated to t,:

NI(t,) = ) CC(c,) + BC(e,) + PR(c.),

cu€Cy,

@

where C;, = {c, € C|E., = 1}. II(t,) aggregates the centrality measures
of the investors for the technology connected via NTBFs. It is formulated
by

(1) =»_CC(i) + BC(i.) + PR(ic),

i€l

3

where I, = {i; € I|E.;, =1 AE, =1 for Vc,}. NI(t,) and II(t,) mean
respectively the intrinsic influence of NTBFs and investors related to t, in
the TOD-KG. Finally, we generate the TOI by aggregating the TI, NI, and
II:

TOI(t,) = TI(t,) + NI(1,) + 1 (1,). (4)
TOI(t,) represents the integrated influence of the TOD-KG nodes in
different centrality measures; i.e., TOI(t,) is an overall TOD index to
incorporate the TI, NI, and II that can measure the connection centrality
of technology node t, in various aspects. Weighting of the summations
may be appropriate, but we do not consider this possibility here. Indi-
vidually, TI, NI, and II can be also useful tools for in-depth analysis of
promising technologies.
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Table 6
Emerging technologies identified using the TOI Top-5 and bottom-5 ranked
technologies are marked in bold text.
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Table 7
Comparison of top-10 ranked emerging technologies identified using the four
TOD indices

Technology TOI Technology TOIL Technology TI
Fintech big data analysis and application service 1.101 Fintech big data analysis 1.101  Fintech big data analysis and 0.408
Big data software 1.090 and application service application service
Human-AI collaboration system 1.089 Big data software 1.090  Big data software 0.408
Text mining used natural language processing 1.073 Human-AI collaboration 1.089  Text mining used natural 0.395
Al Software 1.073 system language processing
Mobile application platform 1.045 Text mining using natural 1.073  Mobile application platform 0.393
Asset management system 1.034 language processing
Edu-tech contents 1.016 Al Software 1.073 Al Software 0.392
020 service for tourists 1.016 Mobile application platform  1.045  SNS platform 0.374
E-commerce platform 1.000 Asset management system 1.034  E-commerce platform 0.364
Mobile fintech security 0.988 Edu-tech contents 1.016  Human-AlI collaboration system 0.364
Data Analytics in Smart Healthcare 0.984 020 service for tourists 1.016  Personalized healthcare 0.358
020 service data analysis system 0.978 monitoring devices and platforms
Simple money transfer and payment 0.971 E-commerce platform 1.000  Edutech contents 0.356
Personalized healthcare monitoring devices and platforms 0.867 Technology NI Technology I
Image data-based Artificial Intelligence service 0.844
Speech recognition system 0.837 020 service for tourists 0.410  Image data-based Al service 0.344
Genome analysis 0.799 Fintech big data analysis 0.408  Human-AlI collaboration system 0.339
SNS platform 0.765 and application service
Big data construction and analysis system for logistics service 0.749 Asset management system 0.403  Mobile fintech security 0.338
Healthcare design 0.716 E-commerce platform 0.399  Personalized healthcare 0.318
Visualization tool for data 3D transformation 0.695 monitoring devices and platforms
Crowdfunding 0.541 Big data software 0.397  Speech recognition system 0.309
Healthcare information managing service 0.529 Edutech contents 0.394  Simple money transfer and 0.304
Molecular diagnostics 0.529 payments
Video media platform 0.528 SNS platform 0.390  Genome analysis 0.296
Personal health record system 0.502 Data Analytics in Smart 0.388 Al Software 0.296
Bio-derived material analysis system 0.501 Healthcare
Big data collection system for smart healthcare 0.495 Text mining using natural 0.388  Text mining using natural 0.290
020 service platform 0.492 language processing language processing
Data security and de-identification 0.492 Human-AlI collaboration 0.386  Big data construction and 0.290
Real-time healthcare system 0.485 system analysis system for logistics
Medical data management systems 0.483 service
Pet care 020 service 0.476
Robotic Process Automation 0.465
Sentimental information analysis 0.461
Big data analysis and visualization platform 0.452 Table 8
Cognitive science software 0.451 Evaluation results for TOI corresponding to average IFS and IAS between Rt and
Immunochemical diagnosis 0.445 Rp
Game platform 0.435
Health functional food 0.428 Tol IFS IAS
Bio-signal measurement and diagnosis device 0.237 # of technologies Group Mean Mean p-value Mean p-value
in each group
5 Rr 1.08 6.46 0.01* 251.87 0.01*
5. Empirical results and analysis Ry 0.39 2.80 48.60
10 Ry 1.05 5.77 <0.01** 201.89 <0.01**
5.1. Technology classification results Rg 0.43 270 38.05
15 Rr 1.02 5.28 <0.01** 159.47 <0.01**
L . Rg 0.45 253 59.33
We first implemented Doc2vec to vectorize the TRM documents. For 20 Ry 0.96 482  <0.01** 146.44  <0.01%**
training, we set the parameters to 5 = 300, 4 = 10, and = = 3, and then Rg 0.47 2.27 47.47

we extracted the embeddings of documents in the training set. After-
ward, we used them as input to the LR classifier to train it to allocate
both technology category and subcategory to each document. To vali-
date the Doc2vec-LR model, we additionally considered three baseline
models with different combinations of text embedding techniques such
as Doc2vec and three other word embedding models, Word2vec, Glove
(Pennington et al., 2014), and FastText (Joulin et al., 2016), and three
classifiers such as LR, multi-layer perceptron (MLP) and RandomForest
(RF). The combinations of text embedding models and classifiers are
denoted as Doc2vec-MLP, Doc2vec-RF, Word2vec-LR, Word2vec-MLP,
Word2vec-RF, Glove-LR, Glove-MLP, Glove-RF, FastText-LR, Fast-
Text-MLP and FastText-RF, respectively. For the Word2vec-based
models, the document embeddings were generated by aggregating the
embeddings of words for each document (Huang et al.,, 2018), as
extracted using word embedding models. We compared the accuracy of
Doc2vec-LR with the baseline models for technology category and
subcategory classification. To reduce the sampling error in model con-
struction, we conducted 10-fold cross validation (CV) for each classifier,
and we optimized the models to maximize the F1-score for technology

10

Notes: ** p < 0.01. * p < 0.05,; p is denoted by p-value for t-test. Unit of IAS is
100 million KRW.

classification. All experiments were implemented in Python 3.7 with an
i7-8700 CPU and 16 GB of RAM with a GENSIM3 module.

Technology-classification accuracy was calculated for category and
subcategory (Table 2). The classification accuracy of Doc2vec-LR for
category is superior to that for subcategory, but it shows remarkable
accuracy even for > 200 subcategory labels. These results indicate that
the Doc2vec training process reflecting the characteristics of both
category and subcategory can be an effective way for improving the
accuracy of technology classification.

5.2. NTBF technology categorization results

We applied the Doc2vec-LR to categorize the adequate technologies
of 118 NTBFs. For hierarchical technology category allocation, the user-
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defined parameters k. and ks were set to 2. Although the validation for
the accuracy of NTBF technology categorization is challenging since
there are no true labels (i.e., targets) for technology fields of NTBFs, we
verified the NTBF technology categorization in terms of qualitative and
quantitative analyses. First, we performed the qualitative analysis
(Table 3) to directly compare the contents in the NTBF corpus with its
categorized technology labels by listing unique words of each NTBF
document after excluding the common words in it.

From the results in Table 3, the pre-trained Doc2vec-LR model could
accurately categorize the technology of NTBFs. To be specific, in the case
of ‘Al/Big data’ and ‘Bio/Healthcare’ categories, words such as
“healthcare,” “disease,” “nutrition,” “patient,” and “big data” are
prominent in the NTBF corpus, whereas the words such as “loan,” “in-
vestment,” “fund,” “fintech,” and “payment” are dominant in the NTBF
corpus of ‘Fintech’ category. Additionally, for the technology subcate-
gory, the NTBF of which the corpus contains “natural language pro-
cessing,” “messenger,” and “chatbot” was classified into the ‘Text mining
used natural language processing’ subcategory, but another NTBF
corpus containing words such as “learning platform,” “study,” and
“lecture” was classified into the ‘Edutech’ subcategory.

Next, for the quantitative evaluation, we compared the average cosine
similarity of TRM and NTBF documents assigned to the same category
with that of TRM and NTBF documents assigned to different categories of
each other (see Table 4). As shown in Table 4, the similarities between
documents of TRM and NTBFs with the same category are mostly higher
than those with different categories. This result means that the text em-
beddings of TRM and NTBF documents from the same category, extracted
from the Doc2vec-LR model, can have a more similar distribution than the
cases with different categories. To sum up, both qualitative and quanti-
tative evaluation results verify the accuracy of NTBF categorization using
the proposed Doc2vec-LR model, and demonstrate the applicability of our
model to technical text data that differ from TRM data.

[LITS

5.3. TOD-KG generation results

We conducted TOD-KG generation using the technology and docu-
ment embeddings extracted from Doc2vec and the relationship of NTBF
and technology labels from NTBF technology categorization. To generate
the TOD-KG, we focused on elements such as NTBFs and technology
subcategories in five technology categories: ‘Al/Bigdata,” ‘Service plat-
form,’ ‘Offline-to-Online (020) service,” ‘Fintech,” and ‘Bio/Healthcare,’
which are the top-5 ranked technology categories and account for about
70 % of the total number of technology categories allocated to the NTBFs
(Table B1). Note that this process can be easily extended to cover the other
technology categories for TOD-KG generation.

Furthermore, we only considered technology subcategories as the
technology nodes of TOD-KG. We excluded technology categories for
two reasons. First, if they were used as the nodes of TOD-KG together,
we might represent redundant technology information in the TOD-KG
generation; i.e., technology subcategories intrinsically contain cate-
gory information because they are connected with the unique upper-
level category, as a consequence of the hierarchical relationship. Sec-
ond, such a relationship between category and subcategory could give
strong connection centrality to every technology category node, so
abnormally large TOD indexes would be assigned to them.

Finally, 77 NTBFs, 42 technology subcategories, and 83 investors
who invested in the NTBFs involved in such five categories were con-
nected in the TOD-KG. We set the user-defined parameters y and ¢ to 0.9
for the edge connection of TOD-KG. The basic statistics for the TOD-KG
are presented in Table 5, and the entire TOD-KG as an actual example is
displayed in Fig. 6. In Fig. 6, we can identify the core subcategory
technology nodes such as ‘Big data software,’ ‘Al software,” and ‘Fintech
big data analysis and application service’ intuitively, which are densely
coherent to NTBF and investor nodes. The sub-TOD-KG for each of five
technology categories was also visualized (see Appendix C); the whole
graph of Fig. 6 is divided into five sub-graphs in terms of each

11

Technological Forecasting & Social Change 180 (2022) 121718

technology category.

5.4. Emerging technology discovery results

Given the TOD-KG, we performed the emerging technology discov-
ery by calculating the TOI, TI, NI, and II for 42 technology subcategories
allocated to 77 NTBFs (see Table 6 and Table D1). Most of the top-5
ranked emerging technologies sorted by the TOI are related to Al and
big data or to convergence between Al and other fields such as finance.
On the contrary, most of the bottom-5 ranked technologies are involved
in games, health food, and chemistry.

The top-10 ranked emerging technologies were listed by each of the
four indices, TOI, TI, NI, and II (Table 7). TI and TOI show top-tier scores
to similar emerging technologies, but NI and II give top ranks to tech-
nologies that differ from those identified by TI and TOI. Especially, NI
(the NTBF perspective) identifies ‘020 service for tourists’ and ‘Asset
management system’ as promising, whereas II (the investor perspective)
identifies ‘Image data-based Al service,” ‘Speech recognition system,’
and ‘Genome analysis’, which do not have high scores in the other TOD
indices. These results demonstrate that the various perspectives can
identify different emerging technologies.

6. Discussion
6.1. Evaluation of the TOI in real investment decision

This study discovered the emerging technology opportunities using
the TOI proposed by reflecting the NTBF ecosystem. It is necessary to
economically and quantitatively evaluate those, but it is not an easy task
due to the intrinsic properties of the NTBF ecosystem, such as the lack of
a firm’s financial accounting information and unclear cost information.
Here, for the evaluation, we instead consider economic valuation from
the real investment decisions of venture capitalists who invested in the
NTBFs. These decisions could be reliable evidence of the perceived value
of emerging technologies presented by the NTBF ecosystem, because the
investors’ main considerations include the value and novelty of an
NTBF’s technology and the future growth of the NTBF (Han and
Hwangbo, 2020; Heo, 2020).

To be specific, using the number and amount of investments in each
NTBF, we computed two measures to validate the TOIL: (1) investment
frequency score: IFS(t,) = ﬁzcue%chu and (2) investment amount

score: IAS(t,) = ﬁzﬂueqv IA.,, where IF,, and IA, are total investment

frequency and amount of ¢, respectively, and N¢, is the number of
NTBFs belong to each t,. Then, we sorted the technologies by TOI values
in descending order and then classified them into a top-ranked group Ry
and a bottom-ranked group Rp by their ranks according to the pre-
defined number of technologies included in each group. We finally
evaluate the TOI in terms of its ability to distinguish emerging tech-
nologies in Ry and Rg by examining the difference of the averaged IFS
and IAS between two groups, respectively.

The TOI validation used a statistical t-test to compare the average IFS
and IAS between Ry and Rp with various numbers of technologies
selected in each group (Table 8). Our proposed TOI shows statistically
significantly higher average IFS and IAS in Rt compared to those in Rp at
all the number of technologies. Furthermore, when the number of
technologies in Ry increases, Ry includes even technologies that are
assigned low potential by the TOI. Because of this phenomenon, both IFS
and IAS averages gradually decrease. This result is noteworthy for two
reasons. First, in a real investment decision, a consistent trend between
two investment measures and TOI is hard to achieve because of the
existence of many countercases that have high frequency but a small
amount of investment, or vice versa. Second, this implies that the pro-
posed TOI can be used as a reliable indicator to guide practical decision-
making for several stakeholders in the NTBF ecosystem.
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6.2. Further analysis on TOD results

This section aims to provide an interpretation of emerging technologies
that were identified using our proposed TOD index across various industry
and academic fields. The TOI identified that ‘Fintech big data analysis and
application service’ is a top-tier emerging technologies (Table 6). This
technology is a convergence of fintech and big data analysis fields. After the
global financial crisis in 2008, the fintech industry expanded rapidly by
linking internet-conducted fintech technology and its network, to Al and big
data technologies (Kim et al., 2020; Lee and Shin, 2018). In particular, due to
the spread of smartphones and tablet personal computers, the fintech market
has been expanded with the increasing demand from mobile
simple-payment and E-commerce technologies (Ju et al., 2016). This phe-
nomenon has enabled fintech companies to amass and store a vast amount of
financial data collected from such devices, so the companies could differ-
entiate their services from other competitors by providing their customers
with personalized financial services and data-driven solutions (Lee and Shin,
2018). Furthermore, recently, Al technologies have continued to converge
with various industries such as finance, bio/healthcare, manufacturing, and
020 services, especially in terms of data analysis and process automation
(Kim et al., 2018). Especially, ‘Human-Al collaboration’ technology is an
intelligent interface technology to guide people’s decision-making by using
various technologies such as natural-language processing, computer vision,
and speech recognition. Thus, this technology is widely used in various in-
dustries such as ‘Edutech,” ‘Marketing platforms,” and ‘Customer consulta-
tion automation through chatbots,” and can create new added values by the
fusion of Al technologies.

We also analyze the results of NI, TL, and I to show different perspectives
for the TOD (Table 7). Subsequently, we can consider the NI as the NTBF’s
level of market entry. For example, ‘O20 service for tourists’ has the highest
NI, this result can be interpreted to mean that many NTBFs have interest in
technology related to ‘O20 services for tourists,” and it also has high con-
nectivity with other technologies. An 020 service is a promising business
model that connects online and offline commerces on a mobile app, and can
help customers in the sharing economy in many ways by integrating diverse
services such as transportation, accommodation, and food delivery (Du and
Tang, 2014; Ryu et al., 2020). In fact, the potential of ‘020 service for
tourists’ can be considered an institutional peculiarity, especially in South
Korea, which has allowed NTBFs to provide accommodation-sharing ser-
vices for both domestic and foreign tourists since 2019. With the policy,
many NTBFs were founded using novel technologies and services with the
inter-industry connection of the O20 industry; especially, NTBFs’ market
entry into this technology sector has been more active than other 020 ser-
vices. For another instance, we can adopt the evidence to identify ‘Fintech big
data analysis and application service’ as a promising fintech technology in
terms of both the NI and TI, from the following two aspects. One is the
technical aspect of combining fintech technologies such as peer-to-peer
network loans, simple payment, remittance systems, and Al technologies
to create a suitable environment for personalized fintech services to users
(Suh and Kim, 2019). With increase in users’ needs for efficient and conve-
nient fintech services that use Al, many NTBFs have been developing and
patenting related technologies to meet these needs and thereby increase
market share. The other aspect is a market-entry barrier for new companies
due to the fintech technology regulations, which are related to information
protection on electronic financial transactions in the banking, insurance, and
financial investment sectors (Choi and Kim, 2019). Since 2019, policy-
makers worldwide have created finance-regulatory sandboxes that ease
these regulations to foster innovation in the financial sector so the potential
of this technology is expected to increase for NTBFs continuously.

From the investor perspective, ‘Genome analysis’ and ‘Personalized
healthcare monitoring devices and platforms’ received a large amount of
attention from the investors; it means that the investors foresee a great
potential for such technology fields. In particular, in South Korea, the
healthcare industry is a field that has a great investment ripple effect,
and government and public investments are also actively progressing
(Jang and Kim, 2021). More specifically, South Korea has sufficient
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digital healthcare infrastructure, such that the number of public medical
big data is approximately six trillion, and the penetration rate of elec-
tronic medical records approaches nearly 92 %. Thus, decision-makers
in the investment industry have eagerly invested in healthcare-related
technologies with the expectation of potential market demand, growth
potential, and future value-added creation in the healthcare industry.

However, use of Al technologies in the bio/healthcare industry raises
possible ethical and legal concerns, such as accountability, trans-
parency, and privacy preservation for private and sensitive data
collection (Davenport and Kalakota, 2019; Lee et al., 2018), so the
barriers to market entry for these NTBFs were high. Although the legal
and regulatory issues for data were partially resolved with the passage of
three data-related bills in 2020, the bio/healthcare industry has a very
high entrance level because these complex questions remain, compared
to other investment prospects (Kim, 2020). Consequently, the future
value of the Bio/healthcare industry has increased as a result of a
convergence of Al and healthcare technology, but remains an industry in
which technology opportunities coexist with risks.

7. Conclusions

In this paper, we presented a new systematic framework to identify
potential technology opportunities. We proposed a text mining technique
that uses Doc2vec and LR models to develop a technology-classification
model called Doc2vec-LR, then it to categorize each NTBF accurately
into technology fields. Next, we constructed the TOD-KG consisting of
three factors, technology, NTBF, and NTBF’s investor. We then used the
TOD-KG to measure the potential value of technology opportunities with
network measurement indicators. We analyzed the top-scored promising
technologies as identified by TOD indices, and provided evidence and
interpretation of technologies with the actual situations of the practice
industry. This study proposed a functional technology intelligence system
for providing the meaningful TOD indices, and our results will be a basis
for the TOD to represent the information of NTBF and investment.

Although our study makes several contributions, some limitations and
future work remain. First, we performed TOD analysis using technical
documents and NTBF information in Korean; because of this focus, the
usability of our approach may be debatable. However, our framework
considered only keywords (i.e., nouns) that are a general form of part-of-
speech, and that exist in all languages. Thus, our model can be easily
applied to technical text data in other languages after text-preprocessing
to extract the nouns. In addition, we used data that had already been
accumulated from the past for TOD analysis, so the analysis should be
repeated on the latest data to identify whether the changes cause the
difference in the predicted evolution of future technology. However, most
of these models or systems need to be updated periodically to obtain the
latest analysis results when new data is accumulated. Regarding this, our
framework can be easily implemented again by pre-processing in the form
of input data to the framework even if data is updated.
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Variable name Description Example
Environment (MOE) (No. 2021003330001). -
Company name Anonymized NTBF name Cel
Tokenized A document after pre- ‘T2 (medical care)’, ‘7|15
Appendix A document processing NTBF’s IR text (record)’, ‘&2l (care)’, ‘LHA
and related news. (history)’, ‘@A 704

(healthcare)’, ‘Bt A} (patient)’,
‘X|2 (treatment, care)’, ‘EMR
(Electronic Medical Record)’, ‘4|
Al (mealy’, “4¥ (life)’, ‘2H
(disease)’, ‘@8 & (exercising)’,
‘IHEd (pattern)’, ‘=24

Table A1 (analysis)’, ‘E|ZE (report)’

The year of The year of establishment 2017
A few examples of TRM data Establishment

Tokenized document Category Subcategory

‘O| R A|AE! (medical system)’, ‘R HE Bio/ Genome analysis
(genome information)’, ‘AA} (test)’, ‘7H2IR}  Heathcare
TR} (personal gene)’, ‘5™
(accumulation)’, ‘7HQIH (individual)’, ‘% &
9|%} (personalized medicine)’, ‘ngs (ngs)’, Table A3
| & (constitution)’, ‘2|CH| O|E] (big data)’, Variable description of investment data
<O |AF ini > ‘_/.\_HK > ‘olx_-{ . L.
Xf;éfi;‘?;&] =y st:)(f?;j ;*H’gg ’(h:-alth Variable name Description Example
information)’, ‘7}S 3 & (made possible)’, Company name Anonymized NTBF name c61
MHEXHE (life information)’, ‘7 X|AbE Investments The total number of investment attraction 3
(value chain)’, ‘24 HE (clinical frequency
information)’, ‘¥0124E (wearables)’, ‘A4 & Investment The total amount invested by an investor ~ 20.9
M2 3 (bioinformatics)’ amount (100 million KRW)

A2 (advice)’, ‘2! (factor)’, ‘2% (error)’, Fintech Asset Investors List of Anonymized investors investing in 1002, 1009, 1041,
‘X2 (payment)’, ‘?/& (danger), ‘F& management each NTBF 1071

(order)’, ‘EHIE (trend)’, ‘A (compete)’, system
‘28 (bank)’, ‘T X (revenue

structure)’, ‘4=214 (profitability)’, ‘CHH

(interview)’, ‘812 (hacking)’, ‘284 E Appendix B
(financial products)’, ‘AF&t (asset)’, ‘AlAE

X (systematic)’, ‘& 2|&| | (management

system)’, ‘& & A H|A} (financial consumer)’,

‘AHEAIE (capital market)’, ‘2%

(operation)’, ‘24 (analyze)’, ‘22}2l

(online)’, ‘X43% (low growth)’, ‘& 7|

(long term)’, ‘T=UE (yield)’, ‘B 87|& Table Bl
(financial institution)’, ‘2& (operation)’, Ratios of technology categories allocated to NTBFs
‘KHAHEHEIMHIA (wealth management
LN, Technology category Ratio of categorized NTBFs (%)
service)

‘S AN (statistical)’, ‘@1A7|& (recognition Al/Bigdata Speech Al/Big data 23.42
technology)’, ‘E{E|QIHE recognition Service platform 18.47
(entertainment)’, ‘S8 AH|A (application system Offline-to-Online service 8.56
service)’, ‘F& (inference)’, ‘THEIQ1 4] Fintech 8.11
(pattern recognition)’, ‘&t =01 (korean)’, ‘Et Bio/Healthcare 5.86
04 (word)’, ‘S (phoneme)’, ‘2 (input)’, Digital contents design 5.41
‘45 (pronunciation)’, ‘& & (acoustic)’, ‘& Smart city 4.5
O|Z & (q &amp; a)’, ‘0|3l (understand)’, ‘S Blockchain 3.6
42101 (spoken language)’, ‘S &2 Smart factory 3.6
(acoustic model)’, ‘S 4l OE (voice data)’, IoT 3.6
‘AZAY (neural network)’, ‘CllO|E{ (data)’, Display 2.7
‘27 (classification)’, ‘AH&S #1124 (automatic AR/VR 2.25
translation)’, ‘CH&} %{ 2| (conversation Smart media devices 1.8
processing)’, EIAE (text), ‘ST Security 1.8
(speech synthesis)’, ‘RS XIS (a.i)’, ‘AICH 3D printing 1.35
4 (recognition target)’, “SEfA Cosmetics 1.35
(morpheme)’, ‘=44 (analyze)’ Embedded SW 1.35

‘020 (020)’, ‘2EFY (style)’, ‘N (store)’, ‘2 020 020 service for Robotics 0.9
 (almost)’, ‘M 20} (check out)’, ‘BE{Z}  service tourists LED/Shining 0.9
(car rental)’, ‘04 (grant)’, ‘0f|&f Energy 0.45

(prediction)’, ‘=7 (pursuit)’, ‘72l (deal)’,
3t 4 *%12| (image processing)’, ‘MM
(sensor)’, ‘&4 (food)’, ‘=% (packaging)’,
‘O4E (matching)’, ‘EtOH34E (sales status)’,
‘S 7l (mediation)’, ‘@ Z 2} (offline)’, ‘4|
& (restaurant)’, ‘=4 (lodgment)’, ‘21| 0|
E (big data)’, ‘241EZ % (analysis sharing)’,
‘A A|Zt (real time)’, ‘F& (coupon)’, ‘RS
(circulation)’, ‘=& X{% (collection and
storage)’, ‘244! (guest room)’, ‘S & (same)’,
‘CHZ (price)’, 2%} (exact)’, ‘22+2!
(online)’, ‘%244 (accommodation)’
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Table D1
Scores of TI, NI, and II for 42 technologies

Technology TI NI I

Big data software 0.408 0.397 0.285
Fintech big data analysis and application service 0.408 0.408 0.285
Text mining used natural language processing 0.395 0.388 0.290
Mobile application platform 0.393 0.373 0.278
Al Software 0.392 0.385 0.296
SNS platform 0.374 0.390 0.000
E-commerce platform 0.364 0.399 0.237
Human-Al collaboration system 0.364 0.386 0.339
Personalized healthcare monitoring devices and platforms 0.358 0.190 0.318
Edutech contents 0.356 0.394 0.266
Asset management system 0.343 0.403 0.287
020 service data analysis system 0.336 0.368 0.273
020 service for tourists 0.334 0.410 0.272
Mobile fintech security 0.330 0.319 0.338
Crowdfunding 0.327 0.213 0.000
Simple money transfer and payments 0.324 0.342 0.304
Speech recognition system 0.320 0.208 0.309
Data Analytics in Smart Healthcare 0.315 0.388 0.282
Image data-based Artificial Intelligence service 0.308 0.192 0.344
Pet care 020 service 0.302 0.173 0.000
Big data collection system for smart healthcare 0.294 0.201 0.000
Video media platform 0.293 0.235 0.000
Personal health record system 0.292 0.210 0.000
Healthcare information managing service 0.290 0.000 0.239
Healthcare design 0.289 0.169 0.258
Real-time healthcare system 0.289 0.196 0.000
Cognitive science software 0.285 0.166 0.000
Bio-derived material analysis system 0.283 0.217 0.000
Robotic Process Automation 0.283 0.181 0.000
Big data analysis and visualization platform 0.281 0.171 0.000
Genome analysis 0.281 0.222 0.296
Immunochemical diagnosis 0.276 0.169 0.000
Big data construction and analysis system for logistics service 0.275 0.184 0.290
Medical data management systems 0.273 0.210 0.000
Health functional food 0.262 0.166 0.000
Data security and de-identification 0.261 0.231 0.000
Game platform 0.261 0.174 0.000
Sentimental information analysis 0.259 0.202 0.000
020 service platform 0.258 0.233 0.000
Visualization tool for data 3D transformation 0.257 0.161 0.278
Molecular diagnostics 0.248 0.000 0.281
Bio-signal measurement and diagnosis device 0.237 0.000 0.000
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