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Abstract: The research agenda on smart cities has increasingly extended not only on perspectives
of social–economic relations between technologies and cities but also on the industrial economic
ecosystem. The purpose of this study is to focus on an analytical method for the characteristics of a
smart city’s ecology and industry. With that thought, we have developed a smart SPIN (Spectrum,
Penetration, Impact and Network) model and applied it to analyze the ecology of the Korean smart
city industry in general. This model consists of smart spectrum model, smart penetration model, smart
impact path model and smart network clustering model. The smart SPIN model shows great potential
as an analytical method for the smart city industry ecosystem. As a source of data for analyses from
1960, 1985 and 2015 via input–output table, we revised these data into 25 and 8 industries related to
the smart city ecosystem. Additionally, we applied the 2015 GDP deflator. The results of analysis are
as follows: First, spectrum, the number of smart industries is increasing. This means that the smart
city industry scope and area are expanding. Second, analysis of the smart penetration model and
smart ecological industry can be applied into other industries. In other words, traditional industries
can crossover and utilize smart technology. Third, with the results of our analysis of the smart impact
path model, production paths are increasing while parameter paths did not show a triple parameter
path. This means the value chain of the smart city industry is highly divested, but the structure of the
industry is weakening. Fourth, smart network analysis shows important clusters to be centered on
traditional industries: the clusters do not appear in smart industry centers. This means the impact
of the smart city is not strong. Our analysis shows that, today, the Korean industrial ecosystem of
smart cities is interacting with existing industries and raising it to a more intelligent and smarter
level. Thus, there is a need for this kind of analysis study in order to find optimized smart city
industry ecosystem.

Keywords: smart city industry; industrial ecosystem; spectrum; penetration; impact; network;
input–output table

1. Introduction

The World Economic Forum has stated that the most important issue in the world
at present is the fourth Industrial Revolution (IR) and the Industrial Internet of Things
(IIoT) [1]. The fourth IR and IIoT will accelerate IT convergence with existing sustainable
businesses and industries along with hyper-connected societies while expecting to create
a new business model [2]. From a sustainable perspective, there have been various city
models convergent with information and communication technologies, and ecology tech-
nologies such as resilience city [3], u-eco city [4], smart city [5] and floating city [6]. Smart
city is one such model. It is a burgeoning area matching the fourth IR. Smart cities can
be applied as a model to solve existing urban problems while simultaneously creating a
brand new industry. In general, smart cities have a special role in managing the physical
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infrastructure of the city [7]. They utilize communication technology for transportation,
supply, electricity, sewage, water supply and management. This technology is then embed-
ded in the cities, such as mobile and sensor networks, which can be controlled through
wireless technology and monitored through communication with personal devices linked
with building sensors [8]. Smart cities give us a new paradigm in which urban areas
can converge with communication technology [9]. They join various technologies and
industries such as knowledge, construction and energy. Through this, they implement a
smart economy, smart environment, smart mobility, and therefore, a smart life [8,10].

The ecosystem of the smart city industry works closely with the ecology of technology
and the corporate ecosystem [11]. Smart cities settle in as an important concept as well
as a paradigm in industrial ecosystem aspects and technological ecosystems [12]. Conse-
quently, there have been more studies on the ecology of smart cities recently. Typically,
studies have focused on smart city industrial ecosystems [10,12], smart city governance
ecosystem [13,14], smart city service and technology ecosystems [15–17] and smart city
data management ecosystems [18,19]. The study aims to clarify the concepts of enterprise
architecture, big and open linked data analytics and smart city and how they are related
to each other [18]. The research draws on orchestration to address multi-layer tensions
in smart city data ecosystems and present a case study of London’s city data ecosystem
between 2017 and 2019 [19].

However, most studies are discursive in nature, structured on the smart city’s concept
to measure economic efficiency rather than the empirical means to focus on its industrial
mechanisms. There are some empirical studies, but they suffer from the limits of the
analysis methodology and fragmented data on the ecosystem of the smart city industry.
Most analyses of empirical studies evaluate the smart city industry ecosystem through
a piecemeal approach due to analytical limitations and focus on a part of the smart city
industry’s ecological framework. Most empirical studies on a smart city’s industry have
utilized input–output tables. Most studies have been centered around economic impact
such as forward linkage effect, backward linkage effect and multiplier effect [20–23]. In this
study, the economic ripple effect of smart city construction was investigated through the
cases of Dongtan city and Seoul city using regional input–output tables [20,22]. Jeong’s
study calculated the effect of smart city development on the entire industry [21]. There is a
study that classifies the industry and analyzes the ripple effect by viewing the Internet of
Things technology as a smart city industry [23].

Recently, these studies have added importance to the value chain in the industrial
ecosystem using structural path analysis with input–output tables [10,12]. Analyzing
clusters is important while performing industrial ecosystem analysis. Industry clusters
help strengthen local regional economic structures and internal growth agents and pos-
itively develop the local economy through technology and knowledge promotion [24].
Distinguishing the industry cluster helps prioritize industry value chain partners as well as
decision-making for industry policies [25]. Despite this, studies on the industrial clusters
related to the smart city industry still have much work to do. From this viewpoint, current
studies utilize a methodology that considers the relationship between industrial clusters
and smart city industries to study the ecosystem of the industry. As a result, this study
aims to develop an analytical model for the smart city ecosystem and apply it to case
studies on changes in the Korean smart city industry and ecosystem. The introduction of
different empirical approaches through the smart SPIN model can provide better insight
and understanding of how smart city capital and capacity can structurally shape industrial
convergence outcomes within an economic context.

The remainder of this study is structured as follows. In Section 2, we show the
theoretical background and previous studies for the identification of smart city industry
ecosystem in the economy. Section 3 presents the smart SPIN model and data analysis
for a detailed methodological framework that enables us to quantify the smart sector’s
influence on the whole industry in terms of smart city. Discusses implications that derive
from the results and concludes the paper in Section 5, while Section 6 presents the policy
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remarks and recommendations for future research. By analyzing the ecosystem of the smart
city industry, this study will be able to know what industries need to be strengthened in
the era of the fourth Industrial Revolution and the policy direction of the industry can
be suggested.

2. Literature Review
2.1. Smart City Industry

Defining the industry scope has become difficult because of the development of com-
munication technology, acute competition at the global level and fast integrated, converging
technology [26]. The trend of the smart city industry has not been clearly defined as a
result of the conversion of science and technology. The growth of science and technology
integration has slowed down as well. Therefore, this study attempted to define the smart
city industry through related literature and case studies. Case studies related to the smart
city industry building technology were also considered.

Early studies on the definition of the smart city industry were classified diversely ac-
cording to the respective researchers’ study objectives and subjective opinions. Cho et al. [27]
analyzed the Korean smart city industry to determine its national economic impact. They
reclassified the smart city industry into 15 industry categories. These categories consist of
larger groups regarding personal life (5), mechanical devices (7) and public administration
and services (3).

Jeong [21] classified the following as smart city industries: communication, broad-
casting, visual and sound devices, transport facility, construction, other business services,
education institute, culture and entertainment services. Lim et al. [22] studied the Seoul
case to suggest smart city policy directions. They defined the smart city industry as having
two parts: infrastructure and utilization. They categorized the smart city industry into
eight wide classifications such as electric and electronic devices, construction, real estate,
business services and so on.

Kim et al. [23] looked into the supply and demand of sensors for the Internet of Things
(IoT). Simultaneously, they utilized the Delphi method to analyze the relationship between
IoT sensors and the smart city industry. This study has reclassified the smart city industry
into 30 small categories, based on the converging characteristics of science and technology.
It aimed to verify the reclassification of the smart city industry and traditional industry by
analyzing existing literature. The smart industry is reclassified and built on information
and communication technology (ICT), as well as software and hardware. In contrast, the
traditional industry is reclassified as the construction industry and public administration
services industry, the former being a definitive classification. As we have noted previously,
smart cities are integrated not only in the construction industry but also in the service and
manufacturing industries as well.

Overall, research on smart city industry classification has been conducted in consul-
tation with smart city experts and the smart city industry has been classified differently
according to the smart city concept definition. According to the previous research, the
smart industry was classified into IT manufacturing (e.g., computer, and electronic and
electricity equipment), IT service (e.g., communication, S/W and broadcast) and knowl-
edge service (e.g., education, health and welfare, culture and sports). In order to define
the smart industry, this study identified the main technologies applied to the smart city
through the smart-x case such as smart car [28], smart building [29], smart farm [30] and
smart factory [31]. This smart-x industry expects production to grow exponentially by
2026 [32–35].

The following procedure was performed to connect the technology and services of
the smart-x case with the industry. (1) The elements constituting the smart-x case such as
service, technology and infrastructure were identified. (2) Technology and industry were
reconnected based on the Harmonized Classification System of ICTs developed by TTA
(Telecommunications Technology Association) in South Korea. The linked industries were
finally applied to the Bank of Korea’s input–output table.
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Therefore, this study overcame the limited industry classification to define smart city
industry classification: technology derived from the cases of smart cars, smart buildings,
smart factories and smart farms. We focused on the technology and mapping through the
input–output table approach as an acceptable method for industry classification [12]. The
smart-x industry had 20 common industries classified as IT manufacturing, IT services and
knowledge services (See the Appendix A, Table A1).

In our study, smart industry is defined as: IT manufacturing (semiconductor manu-
facturing, electronic display manufacturing, printed circuit board manufacturing, other
electronic components manufacturing and computers and peripherals manufacturing); IT
service (information service, software development supply services and communication
and so on); knowledge service (research and development, building and civil engineering
services, scientific and technical services and so on). In other words, all industries other
than the smart industry are classified as traditional industries. For this study, we defined
smart city industry as the conversion of the smart city industry with traditional industries
(Figure 1).

Figure 1. Concept of the smart city focused on industries.

2.2. Industrial Ecosystem of Smart City
2.2.1. Theory of Ecosystem

The word ‘ecosystem’ has been used in various fields such as industry ecosystem,
business ecosystem, innovation ecosystem and urban ecosystem. Industries began dis-
cussing the key concepts of the ecosystem where the materials and energy flow effectively
match [36]. Additionally, the industry value chain labor division started to increase the
interdependency between business and industry. This discussion was activated as a base
requirement. Research on the industry ecosystem started with Ayres in 1989. When he
studied the environment and industry, he discovered industrial metabolism and related
studies. Tibbs [37] focused on the harmony between industry and the natural ecosystem to
help one understand the basic mechanisms of the natural ecosystem.
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The industrial ecosystem (industrial value chain) in the business ecosystem focuses on
the relationship between enterprises [38]. The industrial value chain is an industrial and
economic concept based on technical and economic relationships between industries [39].
The industry ecosystem in the innovation ecosystem is shaped by the relationships among
performers (material resources, human resources) and entities (institute systems) [40]. It is
differentiated from the research economy and commercial economy as well as innovation
ecosystems based on the energy circle. The urban ecosystem recognizes a city as an
ecological unit and it analyzes the material and energy circle aspects. It regulates the various
inputs and outputs: if the strength of the metabolism increases, the inputs and outputs
increase. When there is a mismatch between input and output in the urban ecosystem,
it is necessary to intervene from the external environment to balance the ecosystem. We
should comprehend a city as a system and attempt to match the theological structure. In
order to understand the urban ecosystem, one should know that a city is alive and can be
interacted with as a system. Thus, we need a comprehensive and macro perspective on the
urban ecosystem.

To summarize, the theoretical framework of the ecosystem for the study is as follows:
(1) ecosystems converge on the defined keyword of interaction; (2) economic, industrial,
technical perspectives and ecosystems accommodate a new thing appearing to characterize
and increase its scope and territory; (3) an ecosystem has the characteristics to create
new value through convergence between technologies and businesses; and (4) optimal
ecosystems can be made and characterized by forming clusters integrated among different
industries [12].

2.2.2. Previous Study of Smart City Industrial Ecosystem

Studies of smart city industrial ecosystems have seen little research and progress
worldwide. Most representative and qualitative research studies such as system architecture
design and governance establishment were on smart city ecosystems [19,41–43] and smart
city innovation ecosystems [44], whereas quantitative studies were on the changes of smart
city industry convergence [10,12,44].

The study by Abella et al. [41] presented the continuous reuse of data, which are
produced, collected, processed, treated and circulated from smart cities. This produced
an ecosystem model that created new value. This data ecosystem model consists of three
stages. The first stage is framed to validate the reuse of open data. The second stage utilizes
value created by continuous reuse of open data. The third stage is economic and social
value creation based on the first and second stages. This study builds a staged smart city
data ecosystem and provides smart city services according to citizens’ practical needs.

Gupta’s [19] study performed a smart city data ecosystem of the orchestration gover-
nance direction through the London case study. This form of governance has zeroed-in on
openness, diffusion and sharing. He asserted that the openness of archives has decreased
the duplication of administration and, at the same time, maximized efficiency when tech-
nique and organization have had flexible systems. Diffusion was also implemented through
innovative organization based on literacy. In other words, it needed capable organization
to obtain information and power to understand the information. He claims that sharing
ownership was based on co-work at public institutions in London.

Ahlers et al. [42] presented a system architecture for an IT-oriented smart city ecosys-
tem. Its architecture aims to integrate systems with the multiple stakeholders that operate
and manage smart cities. In addition, it is a supporting system that can be easily replicated
into other smart city projects. This architecture will investigate the influences of the energy
transition into urban management and planning, the integration of eMaaS (e-Mobility as
a service) into positive energy communities and the growth of local trading markets and
new business models [42].

Linde et al. [43] provide insight into how to develop dynamic capabilities to innovate
the smart city industry ecosystem. The dynamic functions are configuring ecosystem
partnerships, value proposition deployment and governing ecosystem alignment. This
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study offered insights into the specific micro-foundations or seizing and reconfiguring
capabilities, which are necessary to orchestrate ecosystem innovation through a multiple
case study of smart city initiatives [43].

Kim et al. [44] focused on the activation of smart city innovative ecosystems. They
argue that the smart city innovation ecosystem defines a view of traditional cities com-
bined with the Korean smart city model. The study proposed a framework on smart
city innovative ecosystems, consisting of six key points: physical resource; virtual assets;
human resource; economic assets; governing system; and socio-culture. Additionally,
they suggested ways to activate smart-city-related businesses and analyzed the smart city
innovative ecosystem centered around the six key points.

The study by Jo and Lee [10] defined smart city industry as consisting of IT manu-
facturing, IT services and construction based on knowledge services. Data for this study
used input–output tables from the years 1980 and 2012. This study focused on analyzing
qualitative change, quantitative change and conversion change in the smart city industry
ecosystem. The results of analysis and the smart city industry were growing from both the
qualitative and quantitative points of view. The smart city industry is led by conversion
changes, which the analysis revealed to be a central force for strengthening the ecosystem.
However, when we examine industrial perspectives in general, traditional industries show
greater conversion changes than the smart city industry. Traditional industries are leading
changes in conversion, which means smart cities are still at the beginning stage in Korea.

Jo et al.’s study analyzed how the ecosystem of the smart city industry is changing
from a sustainable perspective. This study used the input–output model and structural
path analysis. The analysis data are input–output tables from 1960 to 2015. As a result of
the analysis, it was confirmed that the smart city industry is replacing other industries in
the overall industry structure and creating a new value chain [12].

Most of the existing research has been limited to qualitative research such as system
development and design and governance establishment. Quantitative research in industrial
and economic aspects was analyzed using the input–output model and the structural
path analysis and has limitations that cannot deviate from the analysis of input–output
coefficients and multiplier coefficients. Therefore, this study developed a smart SPIN model
based on the input–output model, structural path analysis and network analysis methods
to develop and apply a new methodology that is different from existing studies.

3. Research Model and Data
3.1. Development of a Smart SPIN Model for Analyzing the Industrial Ecosystem in Terms of
Smart Cities

This study developed a new analytical method: smart SPIN model. The smart SPIN
model formulation uses data from input–output tables and consists of four models: smart
spectrum model (SSM), smart penetration model (SPM), smart impact path model (SIM) and
smart network clustering model (SNM). Our smart SPIN model was formulated by fixing
and upgrading (as well as integrating) existing analytical tools. In order to understand
the smart SPIN model, it is necessary to understand models such as the input–output
model [45], structural path analysis [46] and social network analysis [47].

The outline for understanding the model is as follows. First, the new interpretations
of the input–output model are SSM and SPM. Analysis using the existing input–output
model focuses on measuring the ripple effect using the multiplier coefficient such as
employment inducement effect, income inducement effect and value-added inducement
effect. However, it is not suitable for analyzing the ecosystem characteristics of industries,
such as the expansion of the industrial scope and the analysis of inter-industry convergence.

Therefore, in this study, a smart spectrum model was presented as a model to analyze
how much scope the smart industry has. In addition, a smart penetration model was
developed to measure how much the smart industry penetrates (or converges) into the
traditional industry and the smartization of the traditional industry. Second, this study
presented a SIM that reinterpreted structural path analysis in a macroscopic dimension. As
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described in the literature review, studies using the existing structural path analysis are
limited as they focus on finding new paths and extinct paths. In other words, it is difficult
to find the characteristics of the industry creating a new value chain. Therefore, this study
focused on the smart industry and analyzed the macroscopic smart city industry ecosystem
called the industrial value chain through the total number and pattern of industrial paths. In
particular, this model can analyze industry intervention paths that have not been analyzed
in other studies. This is an analysis of how important the smart industry is among other
industries. Third, we developed a SNM. This is an application of the existing network
analysis. Existing network analysis focuses on the study of industry centrality indicators.
Analysis using centrality can confirm the relationship between industries, but there is a
limit to finding clusters between industries. This study presented a method that enables
clustering based on the existing network analysis. The smart SPIN model presented in
this study can be developed by interpreting the existing model from a new perspective,
focusing on the smart city industry rather than focusing on various industries. Detailed
smart SPIN modeling is given in Figure 2.

Figure 2. Concept of the smart SPIN model.

3.1.1. Smart Spectrum Model

The smart spectrum model can analyze the scope of the smart industry in its ecosystem.
The scope of smart industries is the sum of the number of smart industries among whole
industries in input–output tables (See Figure 3). The scope of the smart city industry is
analyzed by the sum of the number of industries (Equation (1)). The model shows how
many smart industries are within the nation’s industries.
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Figure 3. Example of the calculation of the smart spectrum.

Ss =
(
∑ n

j=1 Inj

)
/n (1)

where:

Ss: smart spectrum;
Inj: industry placed in rows in the input–output table;
n: total number of whole national industries.{

Inj = 1 I f Inj ∈ Smart Industries
Inj = 0 otherwise

(2)

3.1.2. Smart Penetration Model

Smart penetration model is calculated as a technical coefficient (input–output coeffi-
cient, see Figure 4). This model is able to analyze smart input and the level of conversion.
The smart penetration model can be written as Equation (3). It has been analyzed through
a technical coefficient. The smart industry input means that when all industries produce
one unit of production, it shows the smart city industry’s input by measuring a portion of
smart industry revision compared to traditional industries.

Figure 4. Example of the calculation of the smart penetration.

Sp =
(
∑ n

i=1 ∑ n
j=1
(
aij·Ini

))
/n (3)

where:

Sp: smart penetration;
aij: technical coefficient;
Ini: industry that appears in a column in the input–output table;
n: total number of whole national industries.
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{
Ini = 1 I f Ini ∈ Smart Industries
Ini = 0 otherwise

(4)

3.1.3. Smart Impact Path Model

The smart impact path model is a tool to analyze the production paths and intervention
paths. Here, we analyze smart production paths as measured by two indicators: the number
of smart production paths and the number of production-type paths. The smart production
paths are the sum of paths shown in the evaluation of structure paths. Smart production
path analysis is able to see production triggers. More paths in the smart production path
means a stronger link in the value chain (Equation (5), Figure 5).

Figure 5. Concept of analysis for the smart production path and the smart intervention path.

Spp = ∑ m
n=1 pn (si→ oi) (5)

where:

Spp: smart production path;
pn: production path in the industry structural path;
m: total number of production paths;
si: smart industries;
oi: other industries. {

Pn = 1 I f Ini ∈ Smart Industries
Pn = 0 otherwise

(6)

There are four types of production-type paths. They are direct, via1, via2 and via3
types. Direct refers to no stopping in the middle; this type goes direct. Via1 is a path from
the beginning; there is one industry at the beginning and another industry before the last
industry. Via2 means there are two different industries to get the last industry. Via3 means
there are three different industries linked from the star industry to the final industry. The
direct type is a simple production path, while the via3 type is a complex production path. If
the smart industry has new value chains and a business structure more diversified than
via2 and via3 types, it will turn up more than direct and via1 types. Equations for obtaining
a production path are as follows:

Spp(D) = ∑ m
n=1Dn(si→ oi) (7)

Spp(via1) = ∑ m
n=1via1n(si→ oi) (8)

Spp(via2) = ∑ m
n=1via2n(si→ oi) (9)

Spp(via3) = ∑ m
n=1via3n(si→ oi) (10)
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where:

Spp(D): smart production path of direct type;
Spp(via1): smart production path of via1 type;
Spp(via2): smart production path via2 type;
Spp(via3): smart production path via3 type;
Dn: number of smart production paths of direct type;
via1n: number of smart production paths of via1 type;
via2n: number of smart production paths of via2 type;
via3n: number of smart production paths of via3 type;
m: total number of production paths.

The smart intervention path can find out the smart industry’s linking contribution
to other industries. For example, in the via2-type path (I1-I2-I4-I3) situation, all the paths
are summed up as ITM/ITS, ITM/KS and ITS/KS. Earlier information about the via1, via2
and via3 path types could be confused with the explanation of smart production paths.
Therefore, when we analyze smart intervention paths, via1 is a single intervention path, via2
is a double intervention path and via3 is a triple intervention path. If there is an increase in
the number of smart intervention paths, smart industries growing as intermediate goods or
semi-finished products or ingredients at the same time, then transactions among industries
are very active. This is expressed in Equations (11)–(13).

Sip = ∑ k
p=1 ITMp + ∑ l

p=1 ITSp + ∑ m
p=1KSp (11)

where:

Sip: single intervention path;
ITMp: ITM production path;
ITSp: ITS production path;
KSp: KS production path;
k: number of ITM production paths;
l: number of ITS production paths;
m: number of KS production paths;
p: total number of production paths.

The double intervention path comes from calculating Equation (12) below.

Dip = ∑ k
p=1(ITM, ITS)p + ∑ l

p=1(ITS, KS)p + ∑ m
p=1(ITM, KS)p (12)

where:

Dip: double intervention path;
(ITM, ITS)p: gets each ITM and ITS production path;
(ITS, KS)p: gets each ITM and KS production path;
(ITM, KS)p: gets each ITS and KS production path;
k: number of ITM and ITS production paths;
l: number of ITM and KS production paths;
m: number of ITS and KS production paths;
p: total number of production paths.

The triple intervention path comes from calculating Equation (13) below.

Tip = ∑ n
p=1(ITM, ITS, KS)p (13)

where:

Tip: a triple intervention path;
(ITM, ITS, KS)p: obtains an ITM, ITS and KS simultaneously in the production path;
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n : total number of production paths which obtain ITM, ITS and KS simultaneously in the
production path.

3.1.4. Smart Network Clustering Model

The analysis of network clustering used minimum spanning tree (MST), which would
extract the backbone of the industrial network—that directionality exists—from production
inducement coefficients [48,49]. MST is an algorism to extract a whole network to look
for minimum distance, which is then combined sequentially. This study assumed that
production inducement coefficients are the minimum distance between industries. In other
words, if we find the smallest distance between different industries, those connect these
industries. The industries connected by minimum distance means to look for the smallest
production inducement coefficients of all industries until one industry is linked to the
minimum distance industry. This process is repeated until all industries are connected [49].
The core which obtained the most production inducement coefficients in the industry
network, or extracted the basic structure that this algorism implemented, can do the
clustering [50,51]. We can write it in equation form, which would be Equation (14).

BN(ka) = min ∑ n
p=1netp(bij)

(14)

where:

BN(ka): backbone network using MST;
netp(bij)

: multiplier coefficient in network path.

The backbone network is the summation of minimized paths so that production
inducement coefficients become the smallest. In this study, we applied the MST algorithm
which prediction inducement coefficients multiply by minus one. This is to look for the
minimum coefficient at the path.

The industrial network clustering can be found using the backbone network as derived
previously. The industrial network clustering must comprise a minimum of three or more
industrial nodes bundled as one and also include two or more links within. The two
conditions noted above must be satisfied to form a network clustering. The boundary
of network clustering is established when the links of nodes are connected in opposite
directions (See Figure 6) [51]. We found industry clusters using these methods from MST.
Equation (15) is another way to express this.

Figure 6. Example of the smart network clustering.

Cluster(BN) ⇔ N(i) ≥ 3 ∧ L(i) ≥ 2 (15)

where:

Cluster(BN): MST cluster in backbone network;
N(i) ≥ 3: industry node value of more than three;
L(i) ≥ 2: industry link value of more than two.

When these two conditions are fulfilled, network clustering could be built in the
backbone network. Smart network clustering model can analyze how the industry clusters
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are formed and connected, and their level of complexity. The indicator is the number of
smart clustering. Through this, we can find out its existence and numbers.

3.2. Data Analysis

This study used an input–output table for the years 1960, 1985 and 2015 from the
Bank of Korea [52]. The input–output tables issued take into account the commodity
prices during the given time period. These years were specifically selected as 1960 is
the first year Korea made an input–output table, 2015 is the most recent input–output
table available and 1985 falls in the middle. Smart city (information city) started in South
Korea with government informatization as a starting point in 1960 [53]. Various smart
policies have been established in South Korea (e.g., Administrative Computerization Plan
(1978), National Infrastructure Network Plan (1987), Cyber Korea (1999), e-Korea (2002),
Broadband IT Korea (2003), u-Korea (2006), U-City Raw (2008) and the first and second
U-City Comprehensive Plan (2009, 2014)).

The input–output table established by the Bank of Korea is published every five years.
The latest version of the input–output table is 2015. This study used the 2015 input–output
table as the latest data at the time of conducting the study. Therefore, the data from 1960
to 2015 are data that can examine changes in the smart city industrial ecosystem in South
Korea. This study analyzed changes in Korean smart city development. It utilized the
GDP deflator of the year 2015 to compare annual input–output tables and to smoothen
commodity increase, which will eliminate the nominally increased portion.

Smart industries can be classified by understanding smart technologies. In this study,
smart technologies were defined as a sensing, processing, networking and interfacing [4,8,53].
The smart technologies characteristics are as follows: Sensing are technologies of seeing
(e.g., camera and lens), hearing (e.g., auditory sensor) and smelling (e.g., olfactory sensor).
Processing is a technology that processes data received from a sensor such as knowledge
algorithm (e.g., artificial intelligent) for data processing. The technologies used to transmit
data for processing are in the area of networking technologies such as Wi-Fi, 5G and
broadband network. Interfacing are technologies for output by display such as monitor
and large electronic display. These technologies were able to classify as an area of three
from industrial perspectives. Firstly, sensing and interfacing technologies were related to
IT manufacturing industries. Secondly, processing technologies included knowledge-based
service industries. Thirdly, networking technologies can be said to be related to the IT
service industries area. These contents are also related to smart-x case analysis (see the
Appendix A, Table A1).

In particular, the OECD broke the traditional dichotomy between the manufacturing
and service industries for economic activity by introducing a formal definition of the indus-
trial sector of information and communication technology and knowledge service [54–56].
Although the OECD’s definition of industry for ICT and knowledge services is a useful
classification, it may not cover the full range of related activities [10,12,57]. However,
the industrial classification approach introduced by the OECD is undoubtedly the most
appropriate classification method because it can be quantified from an economic point
of view and can conduct economic comparison studies between countries [57]. Based
on this classification, this study classified relevant smart technology industries into IT
manufacturing, IT services and knowledge services [8,10,12,57].

We reclassified industries for the three years of input–output tables to analyze the
smart city industry ecosystem; the sub-subcategories that are the minimum unit of each
industry were reclassified into 8 and 25 industries (See the Appendix A, Table A2). Analysis
data on SSM, SPM and SIM were used for the 8 reclassified industries and SNM was
adapted for the 25 reclassified industries. Each model uses different data because each
model has different characteristics. For example, in the case of SNM, if we had used the
eight reclassified industries, it would have been difficult to find industry clusters.

The eight reclassified industries are: agriculture and mining (AM), traditional manu-
facturing (TM), IT manufacturing (ITM), construction (C), energy generation and supply (E),
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IT service (ITS), traditional service (TS) and knowledge service (KS). We reclassified ITM,
ITS and KS industries as smart industries and the other AM, TM, C, E and TS industries as
traditional industries.

This study reclassified AM based on primary industries such as agriculture, fisheries,
mining and quarrying. TM was classified as secondary industry oriented. In the case of
ITM, we classified by criteria based on the recent technologies’ statistic data and literature
search. ITM has smaller detailed classifications: it has 11 categories such as semiconductor,
electronic display equipment, circuit board, electric device and computer. C is classified as
building construction and civil construction. E included electricity, gas and waterworks
recycling energy. ITS was categorized around wired/wireless communication, communi-
cation service and software service. Based on existing literature, KS included finance and
insurance, professional science and technology, education, health and culture [58,59]. The
KS industry includes ITS, but since our study was focused on a specific ecosystem analysis
of the smart city industry, we separated the two. TS covered food, accommodation, real
estate, business support and other services.

4. Analysis Result: Application and Interpretation of the Smart SPIN Model
4.1. Result of Application of Smart Spectrum Analysis

This section of the study shows an analysis on the increased scope of smart industries
through the spectrum model (Table 1). The smart industry proportion was 8.4% (9) of the
total Korean industries in 1960. Proportions of the smart industry increased to 10.7% (17)
in 1985 and 20.1% (33) in 2015. The analysis revealed an increase in spectrum. However,
the traditional industry showed spectrum decrease annually: 91.7% (99), 98.3% (142) and
79.9% (131).

Table 1. Changes in the smart spectrum (unit: no, %).

Year
Smart Industries Traditional Industries Total

SUMITM ITS KS SUM AM TM C E TS SUM

1960 2
(1.9)

1
(0.9)

6
(5.6)

9
(8.4)

11
(10.2)

71
(65.7)

5
(4.6)

2
(1.9)

10
(9.3)

99
(91.7)

108
(100)

1985 6
(3.8)

1
(0.6)

10
(6.3)

17
(10.7)

20
(12.6)

96
(60.4)

5
(3.1)

5
(3.1)

16
(10.1)

142
(89.3)

159
(100)

2015 11
(6.7)

5
(3)

17
(10.4)

33
(20.1)

12
(7.3)

80
(48.8)

7
(4.3)

7
(4.3)

25
(15.2)

131
(79.9)

164
(100)

AGR 141.7 200 68.3 - 20.9 9.2 20 95 58.1 -

We can also see impressive changes in the number of units. The smart industry
increased by 8% between year 1960 and 1985 and by 16% from 1985 to 2015. Conversely,
traditional industry increased by 43% between the years 1960 and 1985 and then decreased
by 11% from 1985 to 2015. ITS was categorized as the communication industry until
1985; however, in 2015, it emerged as the information service, software development
supply and wired/wireless communication services. In 1960, KS was classified into three
parts, education service, medical/health service and cultural service, but the finance and
insurance categories were added in 1985. Professional science and technology services were
added, and KS was further subdivided in 2015. In a nutshell, since the smart spectrum is
increasing, the smart industry is expanding.

Smart spectrum analysis showed that the smart industry is becoming increasingly
segmented. This means that the smart industry is building a new economic system. It also
means that the smart industry is emerging as an important industry in the industrial ecosys-
tem due to the continuous development of information and communication technology.
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4.2. Application Results of Smart Penetration Analysis

The results of smart penetration analysis revealed the pace with which the smart
industry is progressing. It also shows the contribution made by the smart industry’s
ingredients into the industry (Table 2). The penetration ratio of smart industry to whole
industries was 5.2% in 1960. However, it rose to 22.8% in 1985 and 27.6% in 2015. On
the contrary, the traditional industry’s penetration ratio was 94.7% in 1960. It declined to
77.1% in 1985 and reduced to 72.4% in 2015. This ratio means the penetration of the smart
industry has increased while traditional industry has decreased in all Korean industries.
To produce a unit of goods, smart industry penetrates faster and traditional industry’s
penetration ratio decreases as technology progresses towards 5G, AI, robots and IoT.

Table 2. Changes in smart penetration (unit: coefficient, %).

Year
Smart Industries Traditional Industries Total

SUMITM ITS KS SUM AM TM C E TS SUM

1960 0.083
(2.8)

0.027
(0.9)

0.046
(1.5)

0.156
(5.2)

0.542
(18.0)

1.507
(50.1)

0.082
(2.7)

0.120
(4.0)

0.599
(19.9)

2.85
(94.7)

3.009
(100)

1985 0.471
(12.8)

0.108
(2.9)

0.261
(7.1)

0.840
(22.8)

0.368
(10.0)

1.776
(48.3)

0.070
(1.9)

0.158
(4.3)

0.464
(12.6)

2.836
(77.1)

3.678
(100)

2015 0.494
(11.4)

0.181
(4.2)

0.517
(12.0)

1.192
(27.6)

0.440
(10.2)

1.636
(37.9)

0.018
(0.4)

0.238
(5.5)

0.794
(18.4)

3.126
(72.4)

4.322
(100)

AGR 236.1 183.7 282.7 - −6.2 4.9 −44.4 41.1 24.2 -

Smart industry’s penetration ratio increased year on year: 17.6% between 1960 and
1985 and 4.8% from 1985 to 2015. On the contrary, traditional industry reduced for the same
time periods. Smart industry’s technical coefficient rose from 0.156% in 1960 and 0.840%
in 1985 to 1.192% in 2015. This means that each year every industry needs smart industry
input worth USD 19 in 1960, USD 105 in 1985 and USD 142 in 2015 to produce goods worth
USD 1000. This input will keep rising as we move to the fourth IR.

Analysis result of this study shows ITM and KS categories have a big penetration ratio
in all smart industries. ITM had a bigger penetration rate than KS in 1960 and 1985. The
average rate of increase, smart industry wide, for ITM is 236.1%, for ITS is 183.7% and
for KS is 282.7%. On the contrary, traditional industry’s TM, E and TS are much lower
compared to KS. Finally, the penetration of smart industry is on the rise, meaning that the
smart industry has become an important material for growth. It can be stated that smart
industry already penetrates other industries.

The results of this analysis suggest that the city is changing from a physical city of
rebar and concrete to a smart city that can see, hear and smell. In other words, smartization
is progressing in all areas of industry. In particular, it can be confirmed that these results
are closely connected with Korea’s smart (or informatization) policies [53].

4.3. Application Results of Smart Impact Path Analysis

Analyzing smart impact path tells us how the structure of production is changing
and how it impacts many industries. Smart impact path analyzed two sides: one is
smart production path and the other is parameter path. Smart industry’s impacts to other
industries are shown as production path and the results of the analysis are shown in Table 3.
It is evident that the average number of smart production paths is increasing. It was 50.3 in
1960, 58 in 1985 and 70 in 2015. Average number of traditional industries showed 38, 58.6
and 73.8, respectively.
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Table 3. Changes in smart production pathw (unit: no).

Year

Smart Industries Traditional Industries

SUMITM ITS KS AVG AM TM C E TS AVG

Other Industries

1960 58 41 52 50.3 23 27 51 50 39 38.0 341

1985 65 49 60 58.0 48 39 82 67 57 58.6 467

2015 66 80 64 70.0 66 53 102 89 59 73.8 579

AGR 6.8 41.3 11.0 - 73.0 40.1 42.5 33.4 24.8 -

Looking at the average increase, smart industry’s ITM increased to 6.8, ITS increased
to 41.3 and KS increased to 11. In most of traditional industries, the production paths were
higher than the smart industry: AM 73, TM 40, C 42.5, E 33.4 and TS 24.8. This result can
observe that smart industry’s ITM and KS average increase in the number of paths is lower
than the traditional industry. This contrasts smart spectrum analysis as the traditional
industries have better and various paths than smart industry to deliver the industry’s
impact. At the same time, value chain started by smart industry is weaker compared to
traditional industries.

Analysis of smart intervention path reveals the extent of the mediation of the smart
industry between industries and convergence (Table 4). In general, several cases show the
smart industry’s single intervention path. In 1960, 56 single intervention paths appeared
and two double intervention paths. In 1985, there were 133 single intervention paths, and
the number increased to 218 in 2015. In 1985, there were 4 double intervention paths and
22 paths in 2015. These increased about five times from 1985 to 2015. However, these
numbers seem unremarkable when compared with single intervention paths. Our study
carefully checked for any triple intervention paths but found none for all the years studied.
When we examine single intervention paths from year to year, ITM had the most paths in
1960, but KS mediated more industries since 1985. From a double intervention path point
of view, it was clear that the ITM and the ITS were converged to connect other industries in
1960. The ITM and KS were converged in 1985, and the ITS and the KS were converged to
connect other industries in 2015.

Table 4. Changes in smart intervention paths (unit: no).

Year
Single Intervention Path Double Intervention Path Triple Intervention Path

ITM ITS KS SUM ITM, ITS ITM, KS ITS, KS SUM ITM, ITS,
KS SUM

1960 29
(52)

11
(20)

16
(29)

56
(100)

2
(100) - - 2

(100) - -

1985 52
(39)

11
(8)

70
(53)

133
(100)

2
(50)

2
(50) - 4

(100) - -

2015 65
(30)

27
(12)

126
(58)

218
(100)

2
(9)

12
(55)

8
(36)

22
(100) - -

AVG 48.6 16.3 70.6 - 2.0 7.0 8.0 - - -

These results show that the smart industry creates new value chains on behalf of the
existing traditional industry. In addition, it complements other industries and, eventually,
becomes a substitute. However, now it has become a mandatory industry. Notably, the
smart city industry ecosystem moves from a simple converging structure to multiple, com-
plex converging structures. Considering that a triple intervention path has not appeared,
we assume that the smart city industry is still in its infancy.
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4.4. Application Results of Smart Network Clustering Analysis

An analysis of the smart network shows whether clusters were formed centered
around the smart industry. Through the minimum spanning tree algorithm function which
generates the backbone network, we look for clusters around the smart industry. (Table 5,
see the Appendix A, Figure A1).

Table 5. Changes of smart network clustering (unit: no).

Industry Cluster 1960 1985 2015

Cluster
1

Main Node (TM)LI (TM)CI (TM)CI

Connected Node 11 19 18

Smart Industry Node ITM(0), ITS(1), KS(3) ITM(1), ITS(1), KS(3) ITM(1), ITS(0), KS(5)

Cluster
2

Main Node (TM)NMMI (TM)LI (TM)CI

Connected Node 11 3 7

Smart Industry Node ITM(1), ITS(0), KS(1) ITM(0), ITS(0), KS(1) ITM(0), ITS(0), KS(1)

Cluster
3

Main Node (TS)WRT (TS)RES (TS)WRT

Connected Node 3 4 5

Smart Industry Node ITM(0), ITS(0), KS(0) ITM(0), ITS(0), KS(1) ITM(0), ITS(1), KS(1)

Cluster
4

Main Node
- -

(TM)NMMI

Connected Node 4

Smart Industry Node ITM(0), ITS(0), KS(0)

Cluster
5

Main Node
- -

(TM)LI

Connected Node 3

Smart Industry Node ITM(0), ITS(0), KS(2)

Isolated Nodes (KS)BP, (KS)PSTA, (TS)AFS (KS)BP -

Note: accommodation and food service = AFS, broadcast and publishing = BP, chemical industry = CI, IT
manufacturing = ITM, IT service = ITS, light industry = LI, non-metal and metal industry = NMMI, professional,
scientific and technical activities = PSTA, real estate service = RES, wholesale and retail trade = WRT.

There were three clusters formed in 1960: light industry, metal and non-metal industry
within TM. Isolated nodes appeared for broadcasting, publishing, professional, scientific
and technical activities within KS, and accommodation and food services in the traditional
industry. KS and ITS linked with the light industry in 1960, while ITM linked with the metal
and non-metal industry, and the medical and human health service linked with the chemical
industry. In 1985, three clusters were formed centered around the chemical industry and the
metal and non-metal industry. Isolated node confirmed KS’s broadcasting and publishing.
On the smart industry front, finance and insurance services linked closely with business
service and real estate service in the traditional industry. While KS’s professional, scientific
and technical activities linked with the light industry, the smart industry linked with the
chemical industry, which has the largest node.

There were five clusters in 2015 centered around the traditional industry. Isolated
nodes did not appear. From the smart-industry-centered view, the chemical industry linked
with education service, medical and human health service and ITM in 2015. The light
industry is associated with broadcasting, publishing and cultural service. Professional,
scientific and technical services are associated with broadcasting and publishing. Finance
and insurance services are associated with ITS. The analysis shows that no smart cluster
appeared in the smart industry for the years 1960, 1985 and 2015. Based on this, it can
be said that the smart industry acts as a supporting industry to the traditional industry.
This means the smart industry is insignificant to connect small clusters. In other words,
impact ramifications are small and the smart industry lacks the capacity to form an industry
ecosystem by itself.
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5. Conclusions

The purpose of this study is two-fold. First, to develop a tool to analyze changes
in the Korean smart city industry ecosystem—smart SPIN model. Second, to apply the
analysis tool (smart SPIN model) with Korean input–output tables of three years to find
the interaction among industries.

The findings and conclusions can be summarized as follows. First, from the smart
spectrum model, the number of smart industries has increased. This means the scope of
smart industries is expanding. Second, an analytical study of penetration shows that the
smart industry has higher technical penetration than traditional industries. This means
traditional industries use the smart industry as an important base. The smart industry
integrates into various traditional industries and increases their value. Third, analysis
of the smart impact path revealed that the number of production paths increases. The
value chain structure started by the smart industry is weaker than the traditional industry,
which means that the Korean traditional industry manufacturing is strong. The smart city
industry ecosystem’s value chain is not strong enough and the smart industry substitutes
existing industries to make new value chains. Fourth, smart network clustering showed
that important clusters are centered on the traditional industry. At the same time, the
cluster did not appear around the smart industry, which tells us that while the smart
industry is growing along with the traditional industry, it is still weak to stand on its own
or be indigenous.

We believe, this study can contribute in the following ways. First, our study defined
the term ‘smart city’ based on technology factors structuring the smart city. This study
proposes a new method to analyze the ecosystem beyond the existing studies of the smart
industry’s impact such as production inducement impact and labor inducement impact.
Finally, we were able to analyze the smart city industry ecosystem using the smart SPIN
model. The satisfactory results confirm that the model is well used.

6. Policy Remarks and Future Research

In the industry ecosystem, the birth of a new industry translates to the parasite
stage of an existing industry, expanding the new industry to integrate with the existing
industry (called the conversion stage) and eventually replacing the existing industry (called
the conception stage). At the moment, the Korean industrial ecosystem in a smart city
is interacting with the existing industry and transforming it to a more intelligent and
smarter stage. However, the Korean policy on the smart city is to throw the existing
traditional industry away and treat the smart city industry as an independent industry. The
government pushes it forward as a new growth engine of the nation to guide the economic
future of Korea. We think such a policy is pre-mature. We should monitor the emerging
industries and focus on converging the smart and traditional industries.

This study has several limitations. This study has classified the smart city industry
through smart-x cases studies despite the fact that there are limitations in the classification.
Moreover, there are limitations in the analysis models. The input–output model is a
macroscopic analysis method and hence there is a limit to the analysis of rapid changes
in economic conditions. This study was analyzed by reflecting three input–output tables.
This data sample has limitations as it does not reflect the overall characteristics of the
Korean industry.

The study presents several options for future research. The analysis model can be
applied and used not only in Korea but also in other countries and produce a reasonable
output. Thus, we need comparative studies with other countries. However, it is difficult to
use the model presented in this study in countries where input and output tables are not
prepared. It is necessary to study new models using qualitative indicators. We must also
encourage continuous research to find the optimized smart city industry classification. The
findings of this study can help us understand the path that the smart city, as a new growth
engine of the national industry policy, will lead to.
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Appendix A

Table A1. Reclassification of industries using cases of smart-x.

Industries of Input–Output Table
Smart-× Cases

Smart
IndustrySmart

Car
Smart

Building
Smart

Factory
Smart
Farm

Semiconductor Manufacturing o o o o

IT
Manufacturing

Electronic Display Manufacturing o o o o

Printed Circuit Board Manufacturing o o o o

Other Electronic Components Manufacturing o o o o

Computers and Peripherals Manufacturing o o o o

Communications and Broadcasting Equipment Manufacturing o o o o

Medical and Measuring Devices Manufacturing - o - o

Generator and Motor Manufacturing o o o o

Electrical Conversion and Supply Control Unit Manufacturing o o o o

Battery Manufacturing o - - o

Wire and Cable Manufacturing o - o o

Other Precision Instruments Manufacturing o - o -

Wired, Wireless, and Satellite Communication Services o o o o

IT Service

Other Telecommunications Services o o o o

Information Service o o o o

Software Development Supply Services o o o o

Other IT Services o o o o

Research and Development o o o -

Knowledge
Service

Building and Civil Engineering Services o - - -

Scientific and Technical Services o o o o

Other Professional Services o o o o

Source: Jo et al., adapted from ref. [10], revised and supplemented. The o means that the smart-x case has been
applied to the relevant industry.
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Table A2. Reclassification of smart city industries (unit: industry no.).

NO 1960 1985 2015 Reclassification (8 and 28 Industries)

1 1–7 1–13 1–8 (AM) Agriculture and Fishing

2 8–11 14–20 9–12 (AM) Mining and Quarrying

3 12–43 21–64 13–35 (TM) Light Industry

4 44–55 65–83 36–51 (TM) Chemical Industry

5 56–68 84–100 52–67 (TM) Non-Metal and Metal Industry

6 69–74 101–106 83–93 (TM) Manufacturing of Machinery

7 78–81, 84 114–118 94–100 (TM) Manufacturing of Transport Equipment

8 76, 82, 83 107, 110, 120, 122 74, 76, 81, 82, 101–103 (TM) Other Manufacturing

9 75, 77 108, 109, 111–113, 119 68–73, 75, 78–80 (ITM) IT Manufacturing

10 85–89 127–131 111–117 (C) Construction

11 90 123–126 104–110 (E) Energy Generation and Supply

12 – 142 131, 132, 134–136 (ITS) IT Services

13 – – 133, 137, 138 (KS) Broadcast and Publishing

14 91 143, 144 139–142 (KS) Finance and Insurance

15 93, 100 153, 154 158, 159 (KS) Medical and Human Health Services

16 104 157 160, 161 (KS) Cultural Services

17 99 151 157 (KS) Education Services

18 – 147, 148, 152 146–150 (KS) Professional, Scientific and Technical Activities

19 – 133, 134 129, 130 (TS) Accommodation and Food Services

20 98 132 118 (TS) Wholesale and Retail Trade

21 95–97 135–141 119–128 (TS) Transport Services

22 92 145, 146 143–145 (TS) Real Estate Services

23 101 150 155, 156 (TS) Public Administration and Defense Services

24 102, 103 149 151–154 (TS) Business Support Services

25 105 156, 158 162–164 (TS) Other Services

Source: Jo et al., adapted from ref. [10], revised and supplemented.
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Table A3. Abbreviation List.

Abbreviation Large Sector Definition Abbreviation Small Sector Definition

AM Agriculture and Mining
AF Agriculture and Fishing

MQ Mining and Quarrying

TM Traditional Manufacturing

LI Light Industry

CI Chemical Industry

NMMI Non-Metal and Metal Industry

MM Manufacturing of Machinery

MTE Manufacturing of Transport Equipment

OM Other Manufacturing

ITM IT Manufacturing ITM IT Manufacturing

C Construction C Construction

E Energy Generation and Supply E Energy Generation and Supply

ITS IT Services ITS IT Services

KS Knowledge Services

BP Broadcast and Publishing

FI Finance and Insurance

MHS Medical and Human Health Services

CS Cultural Services

ES Education Services

PSTA Professional, Scientific and Technical Activities

TS Traditional Services

AFS Accommodation and Food Services

WRT Wholesale and Retail Trade

TS Transport Services

RES Real Estate Services

PADS Public Administration and Defense Services

BSS Business Support Services

OS Other Services
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