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Abstract: Although technological innovation is critical for growth and future survival, small and
medium scale enterprises (SMEs) are at a disadvantage compared to larger organizations given
the resources available. It is important to examine the possible methods for making research and
development more efficient. This study analyzes the technological innovation efficiency of SMEs
in the manufacturing and service industries in South Korea and determines the factors affecting
efficiency. The models of data envelopment analysis and Tobit regression analysis were used.
According to the analysis results, the technical and pure technical efficiencies were higher in the
service industry than in the manufacturing industry. The factors affecting efficiency were also
different between the two industries. This study is significant because it evaluates the innovation
activity efficiency of small and medium manufacturing and service companies in South Korea and
provides specific criteria and a rationale to improve the efficiency.

Keywords: data envelopment analysis; DEA; small and medium-sized enterprises; technological
innovation; efficiency

1. Introduction

Innovation refers to new or dramatically improved products or processes of institu-
tional units, including companies, that, when implemented, affect operational performance
such as revenue, cost, and quality [1]. Research and development (R&D) activity-based
technological innovations are increasingly emphasized for companies in the Fourth Indus-
trial Revolution [2–4]. In the second and third industrial revolutions, the success or failure
of companies depended on who created and supplied products or services, cheaper and
faster, using capital and physical competitiveness. However, in the market environment
of the hyper-connectivity-based fourth industrial revolution era, customers respond to
companies that can reflect the needs of individuals while supplying dramatically improved
innovative products or services promptly [5]. Such products and services allow companies
to gain a competitive advantage in the market, and success in the market further accelerates
the company’s technological innovation. In a company’s business activities, technological
innovation is no longer a strategic option, but rather an essential factor that determines the
success or failure of a company [6].

Previously, a company’s primary goal was to achieve a competitive advantage in tech-
nological innovation, as it was the source of growth. However, the concept of innovation
efficiency—with which larger outputs are produced with smaller inputs in managing tech-
nological innovation activities—has also drawn attention. Efficiency is a relative concept
used for benchmarking or providing corporate strategic implications because it can provide
a baseline for a comparative evaluation of technological innovation levels [7,8].
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When new growth engines are required in the fourth industrial revolution era, the
technological innovation of small and medium-sized enterprises (SMEs) may be a determi-
nant of survival and sustainable growth in the industrial and national dimensions [9,10].
However, the technological innovation speed of SMEs preparing for the future is insuffi-
cient compared to that of large enterprises due to limitations in technology, professional
manpower, and infrastructure [11]. Therefore, it is necessary to find various measures to
increase the efficiency of technological innovation using limited resources to secure the
competitiveness of SMEs in the Fourth Industrial Revolution era [12]. SMEs in South Korea
refer to companies with total assets of less than 500 billion won that meet all the external
and independence criteria stipulated in the Basic Law for SMEs [13]. In South Korea, SMEs
accounted for 99.9% (6.52 million) of the total companies as of the end of 2017 and are a
significant axis of the country’s economy and industries, in which 82.9% (15.99 million) of
total workers are employed [14].

Existing research on technological innovation has mostly been conducted for statistical
significance through regression analysis for workforce or financial indicators using indirect
corporate data as well as to conduct fact-finding surveys, such as customer satisfaction,
using questionnaires. [15]. This study aims to analyze the relative operational efficiency of
SMEs by using the manpower and cost information that directly contributed to technologi-
cal innovation, going beyond the existing research methods. It additionally suggests plans
for efficiency improvement.

Furthermore, this study comparatively analyzed the efficiency of SMEs’ technological
innovation activities, focusing on the manufacturing and service industries. These indus-
tries accounted for 24.9% and 57.0% of the gross domestic product (GDP) of South Korea
in 2020, respectively [16]. The strategy of innovation activities depends on an industry’s
technical opportunities and knowledge cumulativeness, appropriateness, and knowledge
base. In particular, there are considerable differences in innovation patterns between the
manufacturing and service industries [17–19]. The manufacturing industry is characterized
by producing tangible outputs, having little customer contact, and being capital-intensive.
Conversely, the service industry is characterized by producing intangible outputs, exces-
sive direct customer contact, and is labor intensive [20]. Consequently, in this study, the
industrial factors affecting technological innovation efficiency were examined through
integrated and individual analyses of the two industries, which show different innovation
patterns and industrial characteristics.

Furthermore, in this study, a linear programming-based data envelopment analysis
(DEA) method was used for efficiency analysis. DEA is an effective method for evaluating
performance because it measures the relative efficiency against the most efficient entity by
simultaneously considering multiple input and output variables [21]. DEA can analyze
the measured values in different units without applying arbitrary weights to the variables
measured. Moreover, as its measurement models do not assume certain functional forms,
they facilitate efficiency analyses using various variables that affect the technological
innovation performance of SMEs. Thus, its usefulness has been widely verified [22–29].

This study is unique because the DEA analysis is used with the Tobit regression
analysis (used when the dependent variable is detected as a value within a specific range)
to assess the technological innovation influencing factors by industry group.

If standard indicators of efficient technological innovation companies are derived
through an approach using DEA and the Tobit model and used as a benchmark case, it is
thought that it will contribute to the improvement of the technological innovation efficiency
of small and medium-sized enterprises. In addition, if we can confirm, through this study,
the general innovation pattern that appears according to industry, it is expected that it will
be useful not only for corporate activities but also for national policy establishment.

The remainder of this paper is organized as follows. Following the introduction
in Section 1, Section 2 examines the definitions of the DEA model, the Wilcoxon–Mann–
Whitney test, and the Tobit regression model, and examines prior studies related to Korean
technological innovation research and DEA research for SMEs. Section 3 establishes the
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hypotheses and identifies the variables and research models. In Section 4, descriptive
statistical analysis of variables and efficiency evaluation through DEA are presented. This
section also discusses the identifying factors and differences affecting the efficiency based
on the average value of the efficiency of the manufacturing and service industries classified
into high-and low-efficiency groups. Finally, in Section 5, the main research results and
implications of this study are drawn, and future research directions are derived based on
the limitations of this study.

2. Literature Review
2.1. DEA Model

DEA is a method that applies a linear programming model to the inputs and outputs
to select the best decision-making units (DMUs) and derives the optimal values from the
best DMUs to measure relative efficiency. When the relative efficiency is 100% in DEA, it
means that the outputs cannot be increased any further unless the input variables increase
or other parts of the outputs decrease compared to the most efficient DMU [30].

DEA can compare multiple input and output variables to measure the relative effi-
ciency of DMUs. It can also apply other analysis units, such as continuous, ordinal, and
nominal variables, for data selection [31]. The efficiency measurement results of DEA are
affected by the number of DMUs and the input and output variables. Therefore, if the
number of DMUs increases, the discriminating power of the DEA model increases; if the
number of variables increases, the discriminating power decreases. Nevertheless, DEA can
help improve actual efficiency because it can determine the efficiency value by consider-
ing various input variables simultaneously based on the DMUs and provide numerical
information regarding the sections and its scale where the inefficiency occurs [32].

Several DEA models have been proposed to better reflect the efficiency. These include
the Charnes, Cooper, and Rhodes (CCR) model, which assumes a constant return to scale
(CRS) in the input aspect proposed by Charnes, et al. [33]; the Banker, Charnes, and Cooper
(BBC) model, which assumes a variable return to scale [34]; and the Byrnes, Fare, and
Grosskopf (BFG) model [35], which assumes a non-increasing return to scale (NRS). Among
them, the CCR and BCC models are most frequently used in DEA [36–38].

The CCR model assumes that CRS, in which the output variables increase as the scale
increases, is the most basic DEA model. In the CCR model, the ratio of output variables
to input variables must not exceed 1. The weights that maximize the inputs and outputs
are determined under the condition that the weight of each input and output variable
is larger than 0. However, the CCR model cannot reflect various constraints, such as
imperfect competition, and cannot distinguish between scale efficiency (SE) and pure
technical efficiency (PTE).

As a supplement to the CCR model, the BCC model was developed by Banker, Charnes
and Cooper [34] to reflect SE by mitigating the CRS assumption of the CCR model. The
BCC model can distinguish between the SE and PTE. In the SE model, the value of the
overall technical efficiency calculated by the CCR model is divided by the value of the PTE
calculated by the BCC model. Consequently, the value approaches 1, and the scale is closer
to the optimal value. Therefore, if the SE value is 1, the optimal scale state is achieved; if
the SE value is less than 1, there is inefficiency in the scale.

CCR efficiency is called technical efficiency (TE), and as BCC efficiency assumes VRS,
it is called PTE. If the CCR and BCC models are compared, the relationship of CCR ≤ BCC
holds. Therefore, observation values not included in the optimal values of the CCR model
can be included in the optimal values of the BCC model, implying that the number of
observation values evaluated as efficient in the BCC model may be greater than that of the
CCR model.

2.2. Wilcoxon–Mann–Whitney Test

The Wilcoxon–Mann–Whitney test, a non-parametric test, was used to examine the
efficiency difference between the groups. DEA uses ordinal variables or categories for the
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measurements. Thus, if a common continuous variable validation, such as a t-test, is used in
the comparison stage of efficiency between the groups in this study, the largest classification
category will be represented as an open-end category with a value larger than a certain
pre-set value. Hence, the t-test result will become significantly different [39,40], implying
that it is inappropriate to apply continuous variable validation. Thus, it is appropriate to
use a non-parametric test such as the Wilcoxon–Mann–Whitney test, based on rank order
without distinguishing the values of categories.

2.3. Tobit Regression Model

In DEA, the efficiency value is within a limited range of values between 0 and 1.
Therefore, its distribution has certain limitations. As it is different from ordinary, normal
distributions, an error that underestimates the effect of the variable may occur if ordinary
least squares (OLS) is applied [41]. This study applied a Tobit regression model to an-
alyze the cause of efficiency to avoid such errors. The problem is solved by setting the
efficiency index as a dependent variable and the factors affecting efficiency as independent
variables. This will identify the size of the effect while simultaneously applying a regular
regression model.

On the other hand, the inability to consider factors other than the independent vari-
ables that were subjectively selected and examined in this study can be a limitation of the
Tobit model.

2.4. Previous Studies on Innovation and Technology Development of Korean SMEs

Previous research on technological innovation and the development of Korean SMEs
has focused on corporate performance, government-supported projects and policies, and
the effects of external cooperation. Regarding corporate performance, Park and Lee [42]
analyzed the impact of innovation activities on the performance of small-and medium-
sized manufacturers. They found that R&D performance, such as patent applications and
sales, are important indicators of innovation capabilities and activities. Kang and Park [43]
examined the relationship between innovation performance and capabilities and confirmed
that different types of technological innovation capabilities contribute uniquely to each
growth stage of the company.

Bae [44] analyzed how participation in R&D projects affects the employment rate
changes of companies that participate in government technological innovation develop-
ment projects targeting SMEs. The analysis shows that the scale of government investment
significantly impacts employment growth, especially in large-scale R&D groups. Sohn,
et al. [45] analyzed the impact of government regulation on SMEs’ technological innovation
achievements through logistic and negative binomial regression analyses. They found
that appropriate regulation could have a positive effect in reducing the market failure of
enterprises and increasing technological innovation performance.

Park, et al. [46] analyzed the results of R&D conducted in collaboration with gov-
ernment research institutes using a logistic model to investigate the effects of external
cooperation on the technological innovation of information and communication technology
(ICT) SMEs. Consequently, it was confirmed that cooperation between industry and gov-
ernment research institutes was effective for SMEs’ technological innovation. Additionally,
Kang [47] conducted an empirical analysis to understand the impact of external cooper-
ation on the innovation performance of local SMEs. The analysis confirmed that there
is a significant positive correlation between the joint R&D and innovation performance
of SMEs, and that the cooperative activities of enterprises with excellent technological
capabilities have a greater impact on innovation performance.

2.5. Previous Studies on SME and Technological Innovation Efficiency Analysis Using DEA

Table 1 shows that DEA has been used to conduct an efficiency analysis of SMEs in
various studies. These studies can be divided into financial performance, management and
operation strategies, R&D, and technological activities.
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Table 1. Previous studies that analyzed efficiency using DEA for SMEs.

Category Researchers Input Variables Output Variables Analysis Models

Financial
performance

Yang et al.
(2009) Assets, liabilities, debt ratio Profit margin, revenue DEA

Buyukkeklik et al.
(2016)

Long-term liabilities, total
equity Revenue, net income DEA

Lang
(2020)

Total equity, debt ratio,
total assets

ROE, total asset turnover
ratio DEA

Management &
operation
strategies

Kim et al.
(2008)

ERP fitness by work,
number of employees

Revenue, the average cost
of goods sold, average
revenue growth rate

DEA, AHP,
weighted SBM

Halkos and Tzeremes
(2010)

Foreign ownership ratio,
number of employees,

intangible assets, tangible
assets

Revenue DEA, FDH
(Free Disposal Hull)

Ha et al.
(2016) Number of employees, cost

Growth rate, cost
increase/decrease,

time, etc.
DEA

Charoenrat and Harvie
(2017)

Capital, number of
employees Revenue DEA, Tobit regression

Ahn et al.
(2020)

Number of employees,
wages, assets, capital, R&D

cost, entertainment cost
Revenue, net income DEA, AHP (Analytic

Hierarchy Process)

R&D and
technological

innovation
activities

Ren et al.
(2010)

R&D personnel ratio, R&D
cost ratio, number of
partner companies

Number of patent
applications in the last 3

years, contribution ratio of
new products in revenue

DEA, SFA (Stochastic
Frontier Analysis)

Wang and Zhou
(2015)

R&D technical personnel
ratio,

R&D cost ratio

Revenue, number of
product launches DEA

Liu et al.
(2020)

R&D personnel, R&D cost,
asset size

Number of patent
applications,

revenue

DEA, SBM
(Slacks-based measure)

Durana et al.
(2020) R&D, labor cost Revenue DEA

First, some studies set corporate financial indicators as input and output variables to
perform an overall business management assessment of a company. Yang, et al. [48], in
a study on the capital financing efficiency of high-tech SMEs in Beijing, China, used the
assets, liabilities, capital, and debt ratio as input variables and profit margin, and revenue as
output variables. They found that, as the size of SMEs decreases, capital financing efficiency
declines and the financial leverage effect decreases [48]. While Buyukkeklik, et al. [49] used
long-term liabilities and total equity as input variables to investigate the financial capital
utilization efficiency of SMEs in Turkey and revenue and net income as output variables.
They confirmed that, as financial status deteriorates, the efficient use of financial capital
becomes increasingly difficult [49]. Furthermore, to analyze the capital financing efficiency
of SMEs in Chinese countries, Lang [50] used the newly increased total financial equity, debt
ratio, and total assets in 2018 and 2019 as input variables for 706 Chinese high-tech SMEs
together with return on equity (ROE) and total asset turnover ratio as output variables.
Lang [50] demonstrated that inefficiency was caused by SE and suggested that financial
support reviews and measures should be tailored to company size for high-tech SMEs.

Second, studies have been conducted on the efficiency of management and operational
strategies. These studies include those of Kim, et al. [51], Halkos and Tzeremes [52],
Ha, et al. [53], Charoenrat and Harvie [54], and Ahn, et al. [55]. Kim, Yoo and Song [51]
created ERP operation efficiency indicators for South Korean SMEs in automotive parts
and examined the operational efficiency of enterprise resource planning (ERP) system
implementation; they suggested the ideal inputs/outputs of companies. Halkos and
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Tzeremes [52] performed DEA, based on the management efficiency evaluation of foreign
SMEs operating in Greece, to investigate the effect of foreign ownership on companies.
The results empirically reveal that high foreign ownership has a positive effect on SME
efficiency. Ha, Lee and Kim [53] analyzed the servitization efficiency of South Korean’s
small and medium manufacturers using DEA by dividing companies into four types
of management strategies. The results confirmed that the customized strategies were
more efficient than the strategies for providing standard products/services, and that
business management support activities had a positive effect on efficiency. Charoenrat and
Harvie [54] investigated the changes in the management efficiency of small and medium-
sized manufacturers in Thailand using data on 22,685 SMEs registered in the National
Statistical Office of Thailand in 1997 and 56,441 SMEs registered in 2007. They identified
eight important factors (company size, company age, number of skilled employees, location,
corporate ownership type, cooperatives, foreign investment size, and export size) that
determine the management efficiency of Thai manufacturing SMEs [54]. Additionally,
Ahn, Kim, Park and Kim [55] proposed criteria for the excellent efficiency of SMEs that
manufacture broadcasting and wireless communication equipment and presented strategic
information to increase the efficiency of low-efficiency companies.

Third, some studies have used DEA to analyze the efficiency of the R&D or technolog-
ical activities of SMEs. Ren, Zhang and Yi [27] selected 80 SMEs to perform an empirical
analysis of the technological innovation efficiency of SMEs in Guangdong Province, China,
and proposed efficiency improvement measures in the Guangdong region, comparing
their efficiencies. Further, to examine the technological innovation efficiency of SMEs in
the Xi’an High-tech Zone, China, by industrial sector and year, Wang and Zhou [28] used
R&D performance data of five high-tech industrial sectors between 1999 and 2004 as input
and output variables. Moreover, Liu, Hou, Zhan and Wang [25] evaluated the efficiency
of technological innovation activities of high-tech material manufacturing SMEs listed in
China between 2012 and 2015 and empirically analyzed the factors for improvements. Du-
rana, Zauskova, Vagner and Zadnanova [22] classified 132 Slovak small-and medium-sized
manufacturers into eight industrial groups. They evaluated the efficiency of technological
innovation activities for each group by setting R&D and labor costs as input variables and
revenue as output variables.

In addition to investigating the topics used in previous studies on the efficiency
of SMEs (Table 2), the composition and frequency of the variables were investigated to
determine which input and output variables were used on innovation activities using
DEA [8,22,25,27,28,56–61]. The studies on technological innovation activities used 11 input
variables, including company size, number of full-time employees, percentage of master’s
degree holders, R&D labor cost, R&D personnel ratio, R&D headcount, innovation and
R&D costs, and innovation and R&D ratio. Among them, the “innovation and R&D costs”
variable was adopted in nine studies, followed by the “R&D headcount”, “asset size”, and
“R&D labor cost variables” in three studies each.

The output variables included revenue contribution ratio, revenue, patent registration
rate, number of patent citations, number of patent claims, and patent applications. This
implies that indicators related to revenue and patents are mainly used as output variables
for innovation and R&D evaluations. In particular, seven out of 11 papers adopted the
“number of patent applications” variable—the highest frequency; “revenue” and “number
of product launches” were chosen four times, showing the second highest frequency.

Furthermore, other variables were only used for innovation and R&D ratio; training
cost, percentage of master’s degree holders, and number of partner companies as input vari-
ables; and revenue growth rate, ROE, equity growth rate, patent registration rate, number
of patent citations, number of patent claims, and number of innovative companies as output
variables. In sum, various variables were used in the studies reflecting the characteristics
of DEA, in which two or more relevant items can be selected as input/output variables.
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Table 2. Summary of input and output variables of research related to innovation and R&D.

Type Previous Studies

Choi
et al.

Ren
et al.

Suh
and
Kim

Kim
et al.

Wang
and

Zhou

Lee
et al. Kim Park

et al.
Liu

et al.
Durana

et al.

Guede
-Cid
et al. Total

(2009) (2010) (2011) (2012) (2015) (2016) (2016) (2017) (2020) (2020) (2021)

Input

Innovation and R&D costs O O O O O O O O O 9
R&D headcount O O O O 3

Asset size O O O 3
R&D labor cost O O 2

R&D personnel ratio O O 2
Company size O O 2

Full-time employees O O 2
Innovation and R&D cost ratio O 1

Training cost O 1
Master degree percentage O 1
No. of partner companies O 1

Output

No. of patent applications O O O O O O O 7
Revenue O O O O 4

No. of product launches O O O O 4
Revenue contribution ratio O O 2

Revenue growth rate O 1
Return on equity O 1

Equity growth rate O 1
Patent registration rate O 1
No. of patent citations O 1
No. of patent claims O 1

No. of innovative companies O 1
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3. Methods
3.1. Research Model

An input-based DEA model is used when the performing entity controls the inputs.
However, in the technological innovation activities of SMEs, inputs such as R&D personnel
ratio, R&D headcount, R&D costs, and other innovation activity costs are difficult to
control, making it difficult to apply the input-based model. Therefore, this study applied
an output-based DEA model that maximizes outputs with the given inputs.

First, SMEs with technological innovation activities were selected based on the Ko-
rean Innovation Survey (KIS) data in 2016 and 2018, and the input and output variables
were chosen.

Further, based on the methodological characteristics of the DEA, sufficient degrees of
freedom should be considered when determining the number of DMU. When an excessively
small number of DMUs are targeted, the efficient DMU ratio is relatively high. In general, it
is recommended that the number of DMUs be at least three times the number of input and
output variables [34]. Boussofiane et al. [62] argued that the number of DMUs should be
more than the input variable × output variable. Dyson et al. [63] stated that it is desirable
to exceed the input element × the output element × 2. However, the criteria for more than
a few times mentioned in previous studies are not theoretically essential requirements, but
empirical views that previous researchers have secured discrimination power.

In this study, four input variables and two output variables are used, and 185 DMUs,
10 times more than 18 DMUs, three times the total sum of the variables mentioned in
previous studies, were secured to ensure reliability.

Next, DEA was used to measure TE, PTE, and SE (TE/PTE); and the average efficiency
values derived from the analysis were classified into high- and low-efficiency groups to
construct an efficient portfolio model. The characteristics of the high- and low-efficiency
groups were evaluated, and the Wilcoxon–Mann–Whitney test was used to verify whether
there were significant differences between the groups. Finally, a Tobit regression analysis
was performed to investigate the factors affecting efficiency. Since the efficiency values
in DEA were limited to a range between 0 and 1, their distribution was different from
the normal distribution of ordinary regression models, and the coefficient of regression
had inconsistent estimates, requiring Tobit regression. When the OLS regression model is
difficult to apply, Tobit regression analysis can be performed for regression analysis between
dependent and independent variables with limited values [64]. Using Tobit analysis, if we
analyze the relationship between the efficiency index measured in DEA as the dependent
variable and the potential factors that are estimated to affect efficiency as the independent
variable, we can determine whether a specific factor increases or decreases efficiency.

Finally, the statistics for each strategy of the significant influential factors derived
through the Tobit regression analysis were examined to identify the strategic sub-factors
that affected efficiency between groups. Figure 1 illustrates the research model used in
this study.

3.2. Data Collection and Characteristics

The data were secured from the KIS conducted in 2016 and 2018, ensuring objectivity.
The KIS was conducted by Gallup Korea and targeted South Korean manufacturing and ser-
vice companies to investigate the technologically innovative performance of the companies
between 2013 and 2017 (the investigation scope of 2016 KIS: 2013–2015, the investigation
scope of 2018 KIS: 2015–2017). The “innovation” defined in the data refers to new or
drastically improved products or service products, which are limited to those that affected
the corporate operation performance, such as revenue, costs, quality, and efficiency after
implementing the innovation [1]. According to the classification of industries, innovation
is product innovation for the manufacturing industry and service product innovation for
the service industry; the definitions of both are set forth below.
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In product innovation, a completely different product or significantly improved prod-
uct is launched in the market, which affects a company’s sales revenue. However, new
models or design changes with similar technical performance or levels are not consid-
ered product innovations. In service product innovation, a new service and business
model is developed, or an existing technology (know-how) is improved scientifically and
systematically, thereby affecting the company’s sales revenue.

The companies analyzed in this study are SMEs in the KIS database that incurs expen-
ditures on innovation activities. Innovation activity expenditures include internal R&D,
external R&D, machinery and equipment purchases, external knowledge purchases, and
other activity costs. Furthermore, the input and output variables were selected consider-
ing that a time lag of one to two years occurs between the timing of a company’s R&D
investment and performance outcome [65–67]. Based on this, 185 companies were selected
with no missing data for the input variables, output variables, and other items required for
the analysis.

In terms of company characteristics, 16.22% (30) of the companies were publicly
listed companies, and 83.73% (155) were private companies, as shown in Table 3. Among
them, 80 companies belonged to the service industry, of which 20.00% (16) were listed
companies, and 80.00% (64) were non-listed companies. In the manufacturing industry,
13.33% (14) of 105 companies were listed companies, and 86.67% (91 companies) were
non-listed companies.

Table 3. Company characteristics.

Manufacturing Industry Service Industry Total

Listed/
Non-listed

Listed 14 13.33% 16 20.00% 30 16.22%
Non-listed 91 86.67% 64 80.00% 155 83.78%

Company age
Fewer than 15 years 17 16.19% 12 15.00% 29 15.68%

15–29 years 57 54.29% 46 57.50% 103 55.68%
30 years or longer 31 29.52% 22 27.50% 53 28.65%

Total 105 56.76% 80 43.24% 185 100%
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In terms of company age, 15% (29), 55% (103), and 28% (53) of the companies were
less than 15 years, 15–29 years, and 30 years or older, respectively. By industry, 15.00% (12),
57.50% (46), and 27.50% (22) of the companies in the service industry were less than 15 years,
15–29 years, and 30 years or older, respectively; 16.19% (17), 54.29% (57), and 29.52% (31)
of the companies in the manufacturing industry were less than 15 years, 15–29 years, and
30 years or older, respectively. In other words, the distribution of the companies included
in this study based on the founding year showed that most companies were 15 years or
older, and the company age-based distribution was similar between the two industries.

3.3. Variable Selection

The DMUs were limited to SMEs that incurred innovation activity costs to satisfy
the criteria in terms of homogeneity, a prerequisite for DEA. The characteristics of the
companies must be reflected as much as possible while selecting realistically obtainable
variables to derive efficiency properly through the DEA. Therefore, R&D personnel ratio,
R&D personnel headcount, total R&D costs, and other innovation costs were selected as
input variables for the DEA model to compare the efficiency of the technological inno-
vation activities between the manufacturing and service SMEs as well as to analyze the
influencing factors. Based on previous studies, labor and costs are most frequently used as
output variables in innovation efficiency studies, and they are important factors in creating
innovative performance outcomes.

Not everyone within a company participates in technological innovation activities,
and activity contribution levels vary by employee role. Therefore, this study was limited to
R&D personnel directly involved in innovation activities rather than all employees.

In the case of R&D personnel, headcount is used as a major input factor in efficiency
analysis [8,25,57,60]. This study used both R&D personnel indicators in the efficiency
analysis since the proportion of R&D personnel in the total headcount of a company is also
an important input factor [27,28].

The KIS also provides information on the total cost of innovation activities divided
among five sub-category items (internal R&D costs, external R&D costs, machinery and
equipment costs, external knowledge purchase costs and other activity costs). Therefore,
this study combined internal and external R&D costs to compose an R&D cost indicator,
generally used in studies on the efficiency of technological innovation activities. Moreover,
the remaining machinery and equipment costs, external knowledge purchase costs, and
other activity costs were combined into “other innovation activity costs” to investigate
the efficiency of the costs of innovation activities other than R&D for manufacturing and
service companies.

The revenue and number of patent applications were used as the output variables.
Durana, Zauskova, Vagner and Zadnanova [22], Liu, Hou, Zhan and Wang [25], Park,
Kang, Shim and Ha [61], and Wang and Zhou [28] also used revenue as an output indicator
of efficiency.

Furthermore, patents are one of the most powerful measures to protect the results of
corporate technological innovation activities. Thus, this study uses the number of patent
applications as a quantitative output variable. The number of patent applications is a major
output indicator that has been examined in many past studies, such as those of Choi, Gwon,
Song and Hwang [56], Lee, Kim and Choi [60], Liu, Hou, Zhan and Wang [25], Kim [58],
Kim, Kim and Kim [59], Ren, Zhang and Yi [27], and Suh and Kim [8]. Table 4 summarizes
the input and output variables used in DEA.
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Table 4. Selected input and output variables for DEA.

Type Variable Measurement Method

Input

R&D personnel ratio Percentage of R&D personnel in total employees
(unit: %, as of 2015)

R&D headcount Number of R&D personnel
(unit: persons, as of 2015)

Total R&D costs Total internal and external R&D costs
(unit: 1 million won, as of 2015)

Other innovation activity costs Total costs of innovation activities excluding internal and external R&D
costs (unit: 1 million won, as of 2015)

Output Revenue Average revenue of 2016 and 2017
(unit: 1 million won)

Number of patent applications Number of patent application cases
(unit: cases, the sum of application cases in 2015–2017)

4. Results
4.1. Descriptive Statistics of Input and Output Variables

Table 5 presents the descriptive statistics of the input and output variables. The
input variables averages were 9% for the R&D personnel ratio, 12 employees for the
R&D headcount, 360 million won for the total R&D costs, and 270 million won for other
innovation activity costs. The output variables averages were 46.17 billion won for revenue
and two for patent applications. The company with the highest R&D personnel ratio was
50% of its total employees and largest R&D headcount of 60 people. The largest amount of
internal and external R&D costs was a company that injected 2.41 billion won.

Table 5. Descriptive statistics of the data.

Input and Output Factors Unit Average Standard
Deviation Max Min

R&D personnel ratio % 9 9 50 0
R&D headcount persons 12 13 60 0
Total R&D costs million won 356 472 2408 0

Other innovation activity costs million won 272 492 4270 0
Revenue million won 46,171 53,124 427,571 1210

Number of patent applications cases 2 5 30 0

DMU = 185.

Meanwhile, the company with the largest amount of other innovation activity expen-
ditures (machinery and equipment costs, external knowledge purchase costs, and other
activity costs), excluding internal and external R&D costs, spent 4.27 billion won. The
company with the largest revenue showed an average revenue of 427.6 billion won (based
on 2016 and 2017), and the smallest revenue showed an average revenue of 1.2 billion won.
The number of patent applications ranged from 0 to 30.

Table 6 shows the results of the analysis of the correlations between the input and
output variables. A positive correlation was found between most variables. Specifically,
R&D headcount and R&D costs showed significant positive correlations with every input
and output variable. Other innovation activity costs showed a positive correlation with
every variable, except for the R&D personnel ratio. The number of patent applications is
positively correlated with every input and output variable, except for revenue. Despite non-
significant positive correlations between some variables, these variables are still important
for the efficiency analysis, indicating plausibility in the input and output results [31].
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Table 6. Results of the correlation analysis.

Variable
R&D

Personnel
Ratio

R&D
Headcount

Total
R&D Costs

Other
Innovation

Activity Costs
Revenue

No. of
Patent

Applications

R&D
personnel ratio 1.000

R&D
headcount 0.624 *** 1.000

Total
R&D costs 0.337 *** 0.461 *** 1.000

Other innovation activity costs 0.091 0.206 ** 0.238 ** 1.000
Revenue −0.127 0.201 ** 0.130 0.146 * 1.000

No. of patent applications 0.170 * 0.301 *** 0.180 * 0.218 ** 0.088 1.000

* p < 0.05, ** p < 0.01, *** p < 0.001 DMU = 185.

4.2. Efficiency Analysis Using DEA

As shown in Table 7, the TE based on the CCR model was 0.285 (28.5%) on average,
PTE based on the BCC model was 0.447 (44.7%) on average, and SE was 0.627 (62.7%) on
average. Since SE was 18% higher than PTE, it was deduced that the main cause of the
inefficiency was purely technical factors—inefficient operation—rather than unfavorable
situations caused by the scale. The number of companies with an efficiency index of 1 was
13 (7.0%) in the CCR model and 17 (9.2%) in the BCC model. Meanwhile, in a relative
comparison with companies showing maximum efficiency (efficiency = 1), the number
of companies showing 50% or higher efficiency with an efficiency index greater than or
equal to 0.5, and less than 1 was 29 (15.7%) in the CCR model and 47 (25.4%) in the BCC
model. Conversely, the number of companies with an efficiency index of less than 0.5, was
143 (77.3%) in the CCR model and 121 (65.4%) in the BCC model, indicating that 65–77%
of the companies had relatively poor efficiency. The number of companies in which the
combination of inputs and outputs achieved the maximum SE with a SE index of 1 was
27 (14.6%).

Table 7. Summary of output-oriented DEA results.

Type Average Efficiency = 1 0.5 ≤ Efficiency < 1 Efficiency < 0.5

Technical Efficiency
(CCR Model) 0.285

13 29 143
7.03% 15.67% 77.30%

Pure Technical Efficiency
(BCC Model) 0.447

17 47 121
9.19% 25.41% 65.40%

Scale Efficiency 0.627
27 85 73

14.59% 45.95% 39.46%

DMU = 185.

The efficiency was examined by dividing the manufacturing and service industries.
Table 8 shows the changes in the descriptive statistics of the input and output variables
investigated. The TE in the CCR model was 0.244 (24.4%) for the manufacturing industry
and 0.338 (33.8%) for the service industry. The PTE in the BCC model was 0.343 (34.3%)
for the manufacturing industry and 0.582 (58.2%) for the service industry. Hence, in both
the CCR and BCC models, the service industry showed a higher efficiency. However, SE
was 0.653 (65.3%) in the manufacturing industry and 0.592 (59.2%) in the service industry,
indicating a relatively larger scale of inefficiency.

Furthermore, by examining the changes in the descriptive statistics of the input and
output variables between the manufacturing and service industries, it was found that
the values of every input variable were higher in the manufacturing industry than in the
service industries. Conversely, the average revenue (output variable) was 43.5 billion
won in the manufacturing industry and 49.6 billion won in the service industry, which is
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6.1 billion won higher. Therefore, labor and costs quantitatively showed that innovation
activities were more efficient in the service industry than in the manufacturing industry.
Moreover, the number of patent applications (output variable) was an average of 2.1 in the
manufacturing industry, which was similar to the average of 2.0 in the service industry,
confirming numerically that the service industry achieved a similar efficiency of innovation
activities as the manufacturing industry with smaller inputs.

Table 8. Manufacturing and service industry efficiency indicators.

Type Manufacturing
Industry Service Industry

Efficiency Indicator

DMU (quantity) 105 80
Technical efficiency (CCR model) 0.244 0.338

Pure technical efficiency (BCC model) 0.343 0.582
Scale efficiency 0.653 0.592

Input

R&D personnel ratio (avg, %) 10.8 7.1
R&D headcount (avg, persons) 11.7 11.2

Total R&D cost (avg, million won) 471.7 203.3
Other innovation activity costs (avg, million won) 273.0 271.8

Output Revenue (avg, million won) 43,538.5 49,626.1
No. of patent applications (avg, cases) 2.1 2.0

DMU = 185.

4.3. Comparison of Characteristics between Low- and High-Efficiency Groups

Based on the average values of TE (CCR model) and PTE (BCC model), companies
with an efficiency greater than or equal to the average were classified as high-efficiency
companies; those with less than average efficiency were classified as low-efficiency compa-
nies. Next, they were classified into manufacturing and service industries to compose a
matrix, as shown in Figure 2. The CCR model classified 32 manufacturing-high-efficiency
companies, 73 manufacturing-low-efficiency companies, 35 service-high-efficiency compa-
nies, and 45 service-low-efficiency companies. Conversely, the BCC model classified 26
manufacturing-high-efficiency companies, 79 manufacturing-low-efficiency companies, 47
service-high-efficiency companies, and 33 service-low-efficiency companies. Subsequently,
the efficiency differences between the high-efficiency and low-efficiency groups for the
CCR and BCC models were compared. The differences between the groups were 52.6%
and 50.7% in the manufacturing and service industries, respectively, based on the CCR
model, and 67.3% and 75.8% in the manufacturing and service industries, respectively,
based on the BCC model. This indicates a stark difference in efficiency between the high-
and low-efficiency groups.
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Table 9 shows the results of the efficiency characteristics between the high- and low-
efficiency groups by using the “listed/non-listed status” and “input” information examined
previously in Section 3.2. Comparing the innovation efficiency between the non-listed and
publicly listed company groups, both TE and PTE were higher in the non-listed company
group (CCR: 0.300, BCC: 0.462), and the non-listed-service-high-efficiency group (CCR:
0.616, BCC: 0.954) was the most efficient. The efficiency values of the listed company group
(CCR: 0.206, BCC: 0.368) were relatively lower than those of the non-listed group, and most
of the listed manufacturing and service companies belonged to the low-efficiency group,
with overall efficiencies lower than the average.

When efficiency was compared between the group of companies established in 2000
or before and after 2000, both TE and PTE were higher in the latter group (CCR: 0.309,
BCC: 0.486), indicating higher innovation efficiencies. Likewise, the manufacturing-high-
efficiency group also showed that the group of relatively young companies established
after 2000 (CCR: 0.635, BCC: 0.751) had higher innovation efficiency in both TE and PTE.
Conversely, in the service-high-efficiency group, the group of relatively young companies
established after 2000 (CCR: 0.611, BCC: 0.509) showed lower efficiencies than those
established in 2000 or before (CCR: 0.636, BCC: 0.541).

4.4. Comparative Analysis between Groups

The Wilcoxon–Mann–Whitney analysis was conducted before comparing the influen-
tial factors between the high- and low-efficiency groups of the manufacturing and service
industries, to examine whether the efficiency components distributed in the comparison
groups showed significant differences (Table 10).

When the DEA sample consists of several groups, comparing the effectiveness be-
tween groups is as important as the analysis of influencing factors. Efficiency values
calculated in DEA are not statistically distributed but are calculated by a formula that
follows specific conditions; therefore, general test methods cannot be used to compare
efficiencies between groups. As a result, a nonparametric method is used to compare
the efficiency between groups, of which the Wilcoxon–Mann–Whitney test is useful for
comparing two independent groups [21,32].

Both the CCR and BCC models showed significant differences between the high-
and low-efficiency groups in the manufacturing industry and between the high- and low-
efficiency groups in the service industry. Furthermore, the companies in the manufacturing
and service industries in the high-efficiency group were compared with those in the low-
efficiency group. The efficiency components also showed significant differences, confirming
that there were differences between the efficiency of companies in the manufacturing and
service industries, even within the same efficiency group level.

4.5. Analysis of Influential Factors between Groups

Tobit regression analysis was performed to identify factors that affect efficiency. The
independent and dependent variables were set as follows. The factors that were believed
to affect the efficiency of innovation activities were set as independent variables: the opera-
tion of an R&D department (yes/no), external cooperation for technological innovation
(yes/no), external funding for technological innovation (yes/no) and the implementation
of organizational innovation (yes/no). The results of the CCR and BCC models were set
as dependent variables. As shown in Table 11, both the CCR and BCC models showed
a significant negative correlation with the operation of an R&D department. This means
that when a research center or a dedicated R&D team was in operation, the efficiency of
innovation activities declined. Given that negative correlations also appeared similar in
the service-low-efficiency group of the CCR model and the service-high-efficiency group of
the BCC model, it was confirmed that inefficiency generally exists in operating a dedicated
R&D department in the service industry.
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Table 9. Comparison of average efficiency by characteristic between high- and low-efficiency groups.

Type

Technical Efficiency (CCR) Pure Technical Efficiency (BCC)

Manufacturing Industry Service Industry Manufacturing Industry Service Industry

High
Efficiency

Low
Efficiency

High
Efficiency

Low
Efficiency

High
Efficiency

Low
Efficiency

High
Efficiency

Low
Efficiency

DMU 32 73 35 45 26 79 47 33

Average Efficiency 0.610 0.084 0.623 0.116 0.850 0.177 0.895 0.137

Listed/
Non-listed

Non-listed
DMU: 155
CCR: 0.300
BCC: 0.462

No. of companies (%) 31 (34.0%) 60 (66.0%) 31 (48.4%) 33 (51.6%) 25 (27.4%) 66 (72.6%) 38 (59.4%) 26 (40.6%)

Avg efficiency 0.615 0.086 0.616 0.095 0.847 0.173 0.954 0.104

Listed
DMU: 30

CCR: 0.206
BCC: 0.368

No. of companies (%) 1 (7.1%) 13 (92.9%) 4 (25.0%) 12 (75.0%) 1 (7.1%) 13 (92.9%) 9 (56.3%) 7 (43.7%)

Avg efficiency 0.470 0.072 0.675 0.172 0.907 0.193 0.644 0.261

Company age

Established
before 2000

DMU: 97
CCR: 0.262
BCC: 0.411

No. of companies (%) 15 (26.3%) 42 (73.7%) 17 (42.5%) 23 (57.5%) 14 (24.6%) 43 (75.4%) 22 (55.0%) 18 (45.0%)

Avg efficiency 0.582 0.089 0.636 0.095 0.585 0.099 0.541 0.062

Established
after 2000
DMU: 88

CCR: 0.309
BCC: 0.486

No. of companies (%) 17 (35.4%) 31 (64.6%) 18 (45%) 22 (55.0%) 12 (25.0%) 36 (75.0%) 25 (62.5%) 15 (37.5%)

Avg efficiency 0.635 0.077 0.611 0.137 0.751 0.116 0.509 0.087

DMU = 185.
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Table 10. Results of Wilcoxon–Mann–Whitney test.

Type Comparison Group

Technical Efficiency (CCR) Pure Technical Efficiency (BCC)

Wilcoxon
Rank Sum

Test
Statistics

z-Test
Statistics p-Value

Wilcoxon
Rank Sum

Test
Statistics

z-Test
Statistics p-Value

1
Manufacturing–high-efficiency

1840.00 −2.691 0.007 *** 351.00 −4.457 0.001 ***Manufacturing–low-efficiency

2
Service–high-efficiency

980.00 −5.221 0.001 *** 1128.00 −5.968 0.001 ***Service–low-efficiency

3
Manufacturing–high-efficiency

390.00 −3.730 0.001 *** 528.00 −4.946 0.001 ***Service–high-efficiency

4
Manufacturing–low-efficiency

1968.00 −3.395 0.001 *** 3160.00 −7.722 0.001 ***Service–low-efficiency

Significance level: *** 0.01.

In the manufacturing-high-efficiency group, both TE and PTE were higher when the
technological innovation fund was raised externally than when internal resources were
used for innovation activities. This implies that the scale expansion of innovation through
external fundraising is a major factor in the increase of efficiency in the high-efficiency
manufacturing group.

Table 11. Analysis of influencing factors through Tobit regressions.

Type All

Manufacturing Industry Service Industry

High-
Efficiency

Companies

Low-
Efficiency

Companies

High-
Efficiency

Companies

Low-
Efficiency

Companies

Technical
Efficiency

(CCR)

Intercept 0.484 *** 0.591 *** 0.051 0.492 *** 0.217 ***
Operation of R&D
department (y/n) −0.277 *** −0.056 0.036 0.094 −0.136 ***

External cooperation for
technological innovation (y/n) −0.056 −0.208 ** −0.007 0.365* −0.052

External funding for
technological innovation (y/n) 0.080 0.365 *** −0.012 0.086 0.071

Implementation of organizational
innovation (y/n) 0.015 0.087 0.002 0.142 * 0.022

Log-likelihood −17.917 6.451 95.330 4.471 58.352

Pure
Technical
Efficiency

(BCC)

Intercept 0.846 *** 0.824 *** 0.071 0.929 *** 0.095 ***
Operation of R&D
department (y/n) −0.574 *** −0.076 0.079 −0.295 *** -

External cooperation for
technological innovation (y/n) −0.087 −0.055 −0.004 −0.026 0.014

External funding for
technological innovation (y/n) 0.119 0.202* 0.042 0.057 −0.020

Implementation of organizational
innovation (y/n) 0.054 0.103 0.043 0.068 0.074 **

Log-likelihood −27.648 8.161 58.097 29.797 30.312

Significance level: *** 0.01, ** 0.05, * 0.1.

In the case of external cooperation for technological innovation, the service and manu-
facturing industries had the opposite effect. For the service-high-efficiency group in the
CCR model, efficiency increased when companies had external cooperation for techno-
logical innovations. However, for the manufacturing-high-efficiency group in the CCR
model, external cooperation for technological innovations resulted in a negative correlation,
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indicating a decrease in the efficiency of innovation activities. This demonstrates that the
same influential factor can have opposite effects depending on the industry.

For the service industry, the service-high-efficiency group of the CCR model and the
service-low-efficiency group of the BCC model showed a positive correlation, indicating
an increase in the efficiency of technological innovation when organizational innovation
was implemented. This means that organizational innovations such as changes in the
performing work or those in work performing organizations, acted as an influential factor
that increased the performance of technological innovations in the service industry.

5. Conclusions

This study comparatively analyzed the efficiency of SMEs’ technological innovation
activities in the manufacturing and service industries using the DEA method. Companies
were divided into high- and low-efficiency groups based on average efficiency values, and
the influential factors affecting the high and low efficiencies were analyzed. A DEA of
output-based models, which maximized the output variables using the input variables
related to the companies’ technological innovation activities, was applied to measure
efficiency. The CCR and BCC models were analyzed together and the SE was checked to
identify the factors impacting efficiency.

In the efficiency analysis of 185 DMUs targeting SMEs, 13 (7.0%) and 17 (9.2%) com-
panies had an efficiency index of 1 in the CCR and BCC models, respectively. Conversely,
143 (77.3%) and 121 (65.4%) companies had an efficiency index of less than 0.5, in the CCR
and BCC models, respectively, implying that most companies had relatively low efficiency,
requiring efficiency improvement.

By classifying the manufacturing and service industries, both the CCR and BCC
models showed that efficiency was higher in the service industry than in the manufacturing
industry. However, SE was lower in the service industry than in the manufacturing industry,
which meant that there was relative scale inefficiency in the service industry compared
to the manufacturing industry. It seems that efficiency can be improved in the service
industry through the quantitative expansion of input variables.

The companies were divided into high- and low-efficiency groups based on the
average TE (CCR model) and average PTE (BCC model), which were then classified
into manufacturing and service industries to construct a matrix. Subsequently, a Tobit
regression analysis was conducted to analyze the influential factors impacting the efficiency
difference between the high- and low-efficiency groups and between the service and
manufacturing industries.

Based on the analysis, strategic implications were derived to contribute to the es-
tablishment of corporate technological innovation strategies. First, the inefficiency of a
dedicated R&D department is confirmed. In both the manufacturing and service industries,
a significant negative correlation was found when a company operated an R&D depart-
ment. This indicates the presence of inefficiency in operating R&D departments in the
manufacturing and service industries.

The data for this study, the 2018 Korean Enterprise Innovation Survey, include data
from a survey analysis conducted by company officials on factors that hinder the innovation
activities of target companies. Among the factors hindering innovation under corporate
capabilities, stakeholders answered the most importance as the “lack of information on
technology and the market (23.2%),” ranked the highest. Next were the “lack of excellent
manpower” (15.3%), “lack of good ideas” (13.7%), and “lack of cooperation partners”
(10.4%) (STEPI, 2018). These survey results are relevant to the negative correlation between
the operations of the R&D department. It can be said that the company’s efforts to supply
the latest information and the government’s support system are the most important tasks
to be resolved. When such support is provided, the efficiency of the R&D department can
also be improved.

Second, the need for external fundraising in the manufacturing industry was con-
firmed. The high-efficiency manufacturing group showed higher efficiency when the
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technological innovation fund was raised externally than when internal resources were
used for innovation activities. The average amount spent per company on technologi-
cal innovation activities in the group that performed innovation activities using internal
funds only was 570 million won, whereas that of the group that raised technological in-
novation funds externally was 1.19 billion won. This implies that higher revenue and
patent performance can be achieved by increasing the scale of innovation activities through
external funds.

Moreover, most sources of external funds for technological innovation are government
subsidies or bank loans with government policies. This shows that direct and indirect
financial support from government policies has a positive impact on SMEs’ technological
innovation. The SME R&D funding support project in South Korea began in 1993 as an
industry-academia-institute joint technology development project. In 1998, the Korea Small
Business Innovation Research Program, an SME technological innovation support project,
was introduced. In 2001, the SME Technology Innovation Promotion Law came into effect,
further revitalizing the SME support project [68]. The annual R&D budget of the SME
Venture Department was 38.1 billion won in 1997, which increased approximately 28 times
to 1.1 trillion won in 2019 [69]. The SMEs that benefited from such government support
projects had higher survival rates and sales compared to companies that did not benefit
from supporting projects. This confirms the positive effects of government funding seen in
this study, which corroborates the results of government statistics [14,70].

Third, organizational innovation performance in the service industry also affects
technological innovation performance. A positive correlation was shown for the service
industry, indicating an increase in technological innovation when organizational innovation
was implemented. Organizational innovation activities, such as changes performing
work functions or changes in the organization, increase the performance of technological
innovation in the service industry.

For SMEs, where human and physical resources are limited, it is an ongoing chal-
lenge and goal to create high performance through the efficient input of resources. As
mentioned before, it is necessary to continuously understand the influential factors that
affect technological innovation activities, such as improving the work efficiency of the
research department and introducing organizational innovation activities. Based on this,
high-efficiency companies should expand their strengths by properly understanding the
factors affecting their technological innovation activities. Low-efficiency companies should
make continuous improvement efforts for the causes of low efficiency. Additionally, the
government’s SME support policy, which includes direct and indirect financial support,
has different effects on the efficiency of technological innovation by industry. Thus, it is
necessary to formulate a technological innovation policy that considers the characteristics
of each industry.

Next, we consider the possibility of the application or utilization of this study to other
countries or regions. As of 2018, service industry productivity by country did not exceed
the OECD average in 27 out of 33 countries. In addition, as of 2014, the manufacturing
value-added ratio of 20 major countries among the 30 OECD countries did not exceed
the OECD average of 30%. Under these circumstances, it is expected that this study will
contribute to the empirical study of the growth stagnation of the service and manufacturing
industries that the world is facing.

According to the results of the analysis of SMEs in 34 OECD countries by the Korea
Economic Research Institute in 2019, the proportion of SMEs among all enterprises in
OECD countries was an average of 99.81%; similar to the data for Korea. In addition, as
of 2011, major countries in the world, including Germany, Japan, and Canada, also had
a similar structure to Korea, with manufacturing and service industries accounting for
an average of 89.2% of the workforce. Of course, the results of this study cannot be used
as direct indicators for other countries. However, this study can be used as an empirical
example in a similar social structure and make a methodological contribution to innovation
research in other countries.
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This study has several limitations. First, DEA is an analysis based on the relative
efficiency. Therefore, regardless of whether the results indicate efficient or inefficient
SMEs, DEA shows relative efficiency, not absolute efficiency. In other words, this does not
mean that there is no potential improvement in the companies identified as efficient in
the analysis. Second, although the input and output variables used in the DEA analysis
were selected based on previous studies related to corporate technological innovation
activities, researcher subjectivity was nonetheless reflected in that selection. Third, to
ensure the homogeneity and accuracy of the DMUs in the KIS data, those with missing
values in the data required for analysis were excluded from the study, thereby reducing
the number of DMUs. Therefore, there are some limitations in applying the results of this
study to the innovation activities of all SMEs in South Korea. Furthermore, it is necessary
to find additional input and output variables by investigating qualitative and quantitative
variables that can reflect the efficiency of technological innovation activities more accurately.
Despite these limitations, the results of this study are significant. It evaluates the efficiency
of innovation activities of small and medium-sized manufacturing and service companies
in South Korea and suggests specific criteria and rationales for improving it.
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