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Innovation efficiency is an important index to measure the innovation performance of high-tech enterprises. Numerous re-
searches have been conducted on innovation efficiency at national, regional, and sectoral levels, while there are comparatively few
studies on the innovation efficiency of high-tech small- and medium-sized enterprises (SMEs) from a micro perspective.
0erefore, innovation efficiency of 251 high-tech SMEs listed in China from 2012 to 2015 is measured with the super-SBMmodel
in this paper. 0e results suggest that the overall innovation efficiency is low but shows an upward trend. In addition, the
antecedents of innovation efficiency are explored using the panel regression model and the conclusions are as follows: (1)
government subsidies, ownership concentration, andmarket competition deter enterprise innovation efficiency, and the impact of
ownership concentration is found to be the most significant; (2) firm size and asset-liability ratio bear positively on enterprise
innovation efficiency, with the effect of asset-liability ratio being greater; (3) firm age has significantly positive effects on scale
efficiency but not on innovation efficiency and pure technical efficiency.

1. Introduction

0e Organization for Economic Co-operation and Devel-
opment (OECD) views technological innovation as com-
prising new products or services and the making of
significant changes in the products and processes, and in-
novation is realized when the new product or service is
introduced in the market [1]. Technology innovation is the
driving force in promoting economic growth [2–5], par-
ticularly so for developing economies. In the case of China,
the 18th Party Congress of China put forward the imple-
mentation of innovation driven development strategy and
stressed that technology innovation is the strategic support
for improving social productivity and overall national
strength and must be put at the heart of the overall national
development. For China, it is a particularly urgent thing as
china is at a crucial stage of economic transformation and
development. China is at a crucial stage of economic
transformation and development. Technological innovation

is an inevitable component of promoting the economic leap
forward in the development and industrial restructuring in
China. As a critical part of the technological innovation
ecosystem, high-tech enterprise is a key cog of China’s
national innovation system [6]. Such enterprises play a
significant role in gathering the needed scientific and
technological resources, promoting scientific and techno-
logical research, transforming the achievements, and ulti-
mately directly or indirectly contributing to the needed
economic transformation [7].

At the same time, more than 70% of these high-tech
enterprises are small- and medium-sized enterprises
(SMEs). 0erefore, the development of high-tech SMEs is
related to the innovation ability of the whole country.
Nevertheless, high-tech SMEs are facing many problems,
such as high operating cost, lack of talent, and difficult in
financing, which can significantly restrict the innovation
capacity of the high-tech SMEs in the long run [8–11].
Enhancing of high-tech SMEs’ innovation capability should
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not only put emphasis on innovation output but also focus
on the input-output efficiency of innovation [12]. 0erefore,
it is meaningful to objectively evaluate the innovation ef-
ficiency of high-tech SMEs and explore the factors that affect
innovation efficiency.

0is paper contributes to this stream of research. We
calculate the innovation efficiency of high-tech SMEs listed
in China’s Growth Enterprises Market (GEM), a market of
the Shenzhen stock exchange. China’s GEM is a significant
case study for our purposes: it is a Chinese NASDAQ-style
market that provides financing for high-growth and high-
innovation SMEs and lists more than 700 companies, 90% of
which are high-tech enterprises.

In this paper, we contribute to the existing literature on
high-tech enterprises’ innovation efficiency in three re-
spects. First, we focus purely on SMEs and hope this re-
search can help to improve the overall level of high-tech
SMEs’ innovation efficiency. Numerous researches have
been focused on the innovation efficiency of nations, re-
gions, industries, and large enterprises. So far, there are
relatively few studies on the innovation efficiency of high-
tech SMEs. Second, we shed more light on the effects of
internal and external factors on high-tech SMEs’ innova-
tion efficiency. 0is issue is largely overlooked in the re-
search literature that instead mostly examines the effects on
innovation inputs and innovation outputs. We not only
analyze the impact of the factors on the comprehensive
innovation efficiency of high-tech SMEs but also examine
the impact on the pure technical efficiency and scale effi-
ciency. Our third contribution is methodological. Although
the super-SBM model has proven to be an effective ana-
lytical tool for studying efficiency, there are few researches
on innovation efficiency. Based on the super-SBM model,
we obtain more real and objective values of innovation
efficiency. 0is paper uses the super-SBM model to analyze
high-tech SMEs listed in China, which not only provided
examples of the application of the super-SBM model in the
research field of innovation efficiency but also has practical
significance for empirical analysis on the innovation effi-
ciency of China’s high-tech SMEs.

0e remainder of the paper is organized as follows:
section 2 provides a brief view of the extant literature.
Section 3 establishes the super-SBM model and panel re-
gression model and introduces the data source. Section 4
provides the empirical results and discussion, which include
the evaluation of high-tech SMEs’ innovation efficiency and
study of its antecedents. Section 5 presents the conclusion
and some policy suggestions.

2. Literature Review

Innovation efficiency is the relative capability of an enter-
prise to maximize innovation outputs given a certain
quantity of innovation inputs [12]. It is a key index to
measure the ability of technological innovation and has
attracted much research attention in recent years [12]. From
the literature, we note that the study of innovation efficiency
from four perspectives including enterprises [13–15], in-
dustries [16–18], regions [19–21], and nations [22, 23].

High-tech enterprises focus primarily on the develop-
ment of new products and new production processes
[24–26]. It has the characteristics of high investment, high
innovation, and high returns [27]. In recent years, inno-
vation efficiency of high-tech enterprises has gradually
attracted people’s attention. 0e studies of high-tech en-
terprises’ innovation efficiency are mainly implemented
from two aspects: the determination and analyzing the
antecedents of innovation efficiency. In general, there are
two approaches to calculate high-tech enterprises’ innova-
tion efficiency, namely, the nonparametric method and
parametric method. 0e stochastic frontier analysis (SFA)
method proposed by Aigner, Lovell, and Schmidt is a
parametric method to analyze the high-tech enterprises’
innovation efficiency [28–30]. Data envelopment analysis
(DEA) first proposed by Charnes, Cooper, and Rhodes
(1978), is a nonparametric method to evaluate efficiency
[31, 32]. Compared with the SFA method, the DEA method
does not need to estimate the production function and avoid
the problems caused by the improper function form. 0e
DEA method also can be used to evaluate the efficiency of
DMUs with multi-input and multi-output. So, the DEA
method is widely applied to the measures of innovation
efficiency. Using the DEA method, Yi, Peng, and Yu cal-
culated the high-tech industry innovation efficiency in
China’s 27 provinces between 2000 and 2014 [33]. Li et al.
evaluated the efficiency of regional high-tech industries in
China from 1998 to 2011 based on the metafrontier dynamic
DEA method [34].

Prior studies have also investigated the technological
innovation efficiency by identifying the effect of property
rights [35], managerial ownership [36], government sub-
sidies [37], regional agglomeration [38], and industrial
development environment [39]. Jefferson et al. studied the
impact of ownership on innovation efficiency and proposed
that the innovation efficiency of foreign owned enterprises
exceeds that of the local enterprises [35]. Zhu and Zhou
noted that equity balance had a positive influence on the
high-tech enterprise innovation efficiency, but there was a
significant nonlinear relationship between managerial
ownership and enterprise innovation efficiency [36]. Hong
et al. explored the influence of government incentives on
innovation performance of the high-tech industries and
found that government grants exerted a negative influence
on innovation efficiency [37]. Jiao et al. summarized an
inverse U-shaped relationship between the high-tech in-
dustry regional agglomeration level and R&D efficiency [38].
Liu et al, found that the shortage of R&D staff and insuf-
ficient R&D expenditure are the main reasons for the low
R&D investment efficiency [39].

0e literature so far analyzes the determination and
antecedents of technological innovation efficiency at the
national, regional, and sectoral levels. Very few studies have
been endeavored to evaluate the innovation efficiency of
high-tech enterprises, and most of them have used macro-
data or specific industry data. Further, while there is an
abundance of the literature on large Chinese enterprises’
innovation efficiency, the work on SMEs is scant. 0is just
provides us with research opportunities. To quantify the
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innovation efficiency of China’s SMEs, we use the super-
SBM model on the Chinese Growth Enterprise Market
(GEM) listed firm data, and then employ panel regression to
analyze the relevant factors that affect innovation efficiency.

3. Method

3.1. Super-SBM Model. Data envelopment analysis (DEA)
first proposed by Charnes, Cooper, and Rhodes, is a popular
nonparametric method for evaluating the relative effec-
tiveness of the decision-making units (DMUs) on the basis
of multiple inputs and outputs [31]. Even though the
classical DEA model has been widely applied in many areas,
it still suffers from several inherent limitations. To deal with
the problems, many DEA improved models are proposed in
recent years. Peterson and Anderson developed a super-
efficiency model, which could rank efficient DMUs [40]. In
this approach, the super-efficiency value of an efficient DMU
may be larger than one. Tone (2001) introduced a slacks-
based measure (SBM)model, which directly deals with input
and output slacks in traditional DEA [41]. On the basis of the
SBM model, Tone presented a super-SBM model of effi-
ciency to rank efficient DMUs [42]. Compared to the tra-
ditional DEA model, the super-SBM model can not only
eliminate the radial and oriented deviation but also provide
more reasonable efficiency values for subsequent multiple
regression analysis. 0is paper applies the super-SBMmodel
to evaluate the innovation efficiency of high-tech SMEs.

If suppose there exist n DMUs, then each DMU has m
inputs and s outputs. X � (xij)

m×n is an m-dimensional
input vector of DMUs j, and Y � (yij)

s×n is a s-dimensional
output vector of DMUs j. A certain DMU (x0, y0) is defined
as follows:

x0 � Xλ + s
−
,

y0 � Yλ − s
+
,

(1)

with λ≥ 0, s− ≥ 0, and s+ ≥ 0, where s− and s+ are the slack
variable of the input and the slack variable of the output,
respectively; and λ is the weight of DMU (x0, y0).

Based on the SBM model, the efficiency score of DMUs
are evaluated as follows:

min ρ �
1 − 1/m 

m
i�1 s

−
i /xi0

1 − 1/s 
s
r�1 s

+
r /yr0

,

s.t.

x0 � Xλ + s
−
,

y0 � Yλ − s
+
,

s
− ≥ 0, s

+ ≥ 0, λ≥ 0.

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(2)

0e above program can be transformed into a linear
program using the method of Charnes et al. [31]. Suppose
(ρ∗, λ∗, s−∗, s+∗) is an optimal solution for the SBM model.
When ρ∗ � 1, i.e., s+∗ � 0 and s−∗ � 0, the DMU (x0, y0) is
SBM-efficient in the presence of undesirable outputs.

After measuring the efficiency values with the SBM
model, the super-efficiency issues under the assumption that
the DMU (x0, y0) is SBM-efficient are discussed. 0e super-

efficiency of DMU (x0, y0) as the optimal objective function
value δ∗0 is defined as follows:

min δ0 �
1/m 

m
i�1 xi/xi0

1/s 
s
r�1 yr/yr0

, (3)

s.t. x≥ 
n

j�1,j≠ 0
xjλj, y≤ 

n

j�1,j≠ 0
yjλj, x≥x0, 0≤y≤y0.λj ≥ 0,

⎧⎨

⎩

(4)

where x and y are decision variables with respect to inputs
and outputs, respectively. 0e above super-SBM program
can also be transformed into a linear program using the
method of Charnes et al. [31]. 0e SBM-efficient DMUs can
be effectively ranked in the super-SBM model. 0e super-
SBM model provides a more accurate efficiency evaluation.
0us, we use the super-SBM model to evaluate the inno-
vation efficiency of high-tech SMEs in this study.

3.2. Panel Regression Model. Panel regression model is used
to analyze the influence of the antecedents on innovation
efficiency. 0e panel regression model is written as follows:

yit � β0 + βitxit + εit (5)

where i � 1, 2, · · · , N is the individual dimension and t �

1, 2, · · · , T is the time dimension; yit is the interpreted
variable vector; xit is the explanatory variable vector; βit is
the parameter vector; and εit∼N(0, σ2) is a random
perturbation.

3.3. Selection of Variables and Data Source

3.3.1. Efficiency Evaluation Variables. We select R&D per-
sonnel, R&D expenditure, and fixed assets as the input
indicators and select the main business income and patent
application as the output indicators. Table 1 summarizes the
input and output variables. 0e descriptions of the variables
are listed as follows:

(1) R&D personnel. R&D personnel refer to all staff in
either fundamental research, application research, or
experimental development. Because the information
disclosure system of the listed companies in China
does not require the listed company to disclose the
data on the R&D personnel, this paper selects the
technical personnel as a proxy input indicator of the
labor force.

(2) R&D expenditure. 0e amount of money spent on
innovation activities is also a key input indicator to
measure innovation efficiency. Based on previous
research, we chose the enterprise’s annual R&D
expenditure as the capital input indicator [37].

(3) Fixed assets. 0e quantity and quality of fixed assets
not only reflect the enterprise’s scale and economic
strength but also impact the ability of enterprise’s
innovation. 0erefore, the enterprise’s annual total
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fixed assets are also used as an input index to evaluate
innovation efficiency.

(4) Patent application. Since the number of patents
granted is affected by patent institutions, the number
of patent applications can better reflect the au-
thenticity of innovation output than the number of
patents granted [43]. 0erefore, this paper uses the
number of patent applications to measure the patent
output.

(5) Main business income. 0e indirect outcome of the
enterprise’s innovation activities should be to reduce
the cost of production, increase the market share of
the products, and increase sales income. 0e sales
revenue of the new products has been widely used.
However, the annual report information disclosure
system of Chinese listed companies does not require
listed companies to disclose the sales revenue of new
products. 0erefore, we use the main business in-
come as the next best proxy.

3.3.2. Selection of Antecedents. 0e panel regression model
is proposed in equation (3). 0e dependent variables are
innovation efficiency (IE), pure technical efficiency (PTE),
and scale efficiency (SE). Including both the internal and
external antecedents, government subsidies, ownership
concentration, firm size, asset-liability ratio, market com-
petition, and firm age are selected as the independent
variables to explore the main factors affecting the high-tech
SMEs’ innovation efficiency. Table 2 gives the brief de-
scription of all variables.

Government subsidies (GS). It is a form of financial
support to the enterprise generally with the aim of pro-
moting technological innovation. 0e relationship between
government subsidy and innovation efficiency is conten-
tious. It is generally believed that the higher the government
subsidies are, the higher the enterprise innovation invest-
ment is, and the higher the enterprise innovation perfor-
mance is [44–46]. However, Hong et al. [37], Guan and Chen
[19] argued that government subsidies had a substitution
effect on the enterprise’s R&D investment. 0e enterprise’s
annual R&D expenditures from the government are used to
represent the government subsidies.

Ownership concentration (OC). It is the main indicator
to measure the ownership structure of enterprises. It can
improve the supervision ability of large shareholders,
prompt top managers to pay attention to the enterprise’s
technological innovation and long-term development, and
reduce short-sighted decision-making [47]. 0e increase in

ownership concentration is conducive to the improvement
of enterprise’s innovation efficiency. But Chen et al. argued
that when an enterprise’s ownership becomes too concen-
trated, large shareholders will become more cautious and
risk averse and invest less in innovation projects [48]. 0e
shareholding ratio of the top ten major shareholders is
chosen as the index for ownership concentration in this
paper.

Firm size (Size). It is commonly held that large firms
benefit from economies of the scale and have greater
technical knowledge and management experience to im-
prove their response time to a new technique. Empirical
studies also support the idea that large enterprises have more
advantages in innovation activities, and R&D performance is
higher than small enterprises [49]. Wang and Tsai found
there was no difference between large enterprises and SMEs
[50]. At present, there is no consistent conclusion regarding
the impact of firm size on innovation efficiency. Some
scholars believe that firm size has a positive effect on in-
novation efficiency [51]. Some scholars argue that the cost of
maintaining existing market benefits and the increasing cost
of organizational change for large companies will inhibit the
enterprise’s innovation efficiency, and small enterprises have
more advantages in terms of organizational flexibility and
market sensitivity and are easier to achieve breakthroughs in
innovation.0erefore, innovation efficiency does not change
positively with firm size [52]. Due to many factors such as
market position and industrial upgrading, many other
scholars hold the opinion that there is a complex nonlinear
relationship between firm size and innovation efficiency
[53]. 0e proxy of firm size is measured by the enterprise’s
total assets in this paper.

Asset-liability ratio (ALR). It indicates the proportion of
an enterprise’s assets that is being financed by borrowed
money. 0e relationship between assets-liability ratio and
innovation efficiency is also a contentious issue. High asset-
liability ratio means heavy debt repayment pressure, which
will hinder the normal operation and inhibit the enterprises’
technological innovation. However, high asset-liability ratio
can also be transformed into a driving force to promote the
innovation efficiency of enterprises. 0e enterprise’s total
debt to total assets ratio represents asset-liability ratio in this
paper.

Market competition (MC). 0e ratio of selling expenses
to operating income is chosen as the index for market
competition in this paper. 0e larger the ratio of selling
expenses to operating income, the higher the sales cost of the
unit’s operating income in the market, and the greater the
competition in the industry. 0e enhancement of market

Table 1: Brief description of input and output variables.

Index Variable Interpretation of indicators

Input index
R&D personnel 0e number of technical personnel of enterprise per year
R&D expenditure 0e enterprise’s annual total expenditure on R&D activities

Fixed assets 0e enterprise’s annual total fixed assets

Output index Patent application 0e number of patent application of enterprise per year
Main business income 0e enterprise’s annual main business income
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competition pressure is beneficial to promoting enterprise
innovation [54]. Nevertheless, excessive competition can
decline corporate profits and inhibit innovation.

Firm Age (Age). Empirical studies have found both
negative and positive effects of firm age on innovation.
Majumdar and Balasubramanian and Lee suggested that
older enterprises are liable to experience some form of in-
ertia, which may hinder innovation [55, 56]. However,
Herriott et al. suggested that the older enterprise has much
more reputation, managerial knowledge, and market posi-
tion [57]. So, firm age has a positive effect on new product
development and innovative outcomes [58]. Firm age is
defined as the number of years of incorporation of the
enterprise in this paper.

To satisfy the requirement of stationarity, all the ex-
planatory variables are logarithmically transformed. 0e
factors are standardized by taking natural logarithms.

IEit � β0 + β1 ln GSit(  + β2 ln OCit(  + β3 ln Sizeit( 

+ β4 ln ALRit(  + β5 ln MCit(  + β6 ln Ageit(  + εit,

(6)

where IEit denotes the high-tech SMEs’ innovation effi-
ciency value of enterprise i in year t. β0, β1, β2, · · · , β6 rep-
resent the unknown parameters and εit is the random error
term.

3.3.3. Data Source. 0is paper selects the high-tech SMEs
with at least 4 years of continuous disclosure of government
subsidies data from 2012 to 2015. In the process of the data
selection, we eliminated those enterprises with outliers and
missing values in selected variables to obtain the final se-
lection of 251 enterprises as our sample. 0e data are mostly
from the wind information database and Tai’an database.

4. Results and Discussion

4.1. Determination of High-Tech SMEs’ Innovation Efficiency.
Using the super-SBM model, we measure the high-tech
innovation efficiency of 251 listed firms in the Chinese GEM
from 2012 to 2015 displayed in Tables 3 and 4. Table 3 shows
the increasing high-tech SMEs innovation efficiency. In-
novation efficiency increases from a relatively low base of
0.3636 in 2012 to 0.4218 in 2014. Also, due to the decline in
pure technical efficiency, innovation efficiency dropped
from 0.4218 in 2014 to 0.3859 in 2015.

In terms of the contribution, innovation efficiency is
clearly promoted by scale efficiency but hampered by pure

technical efficiency. In the period 2012–2015, the value of
scale efficiency was high and continued to increase, as shown
in Table 3. 0is indicates that the scale of the high-tech
SMEs’ technological innovation has been increasing. 0e
value of pure technical efficiency was middling around
0.5341, which suggests that the low level of the pure technical
efficiency is the main reason of the low level of high-tech
SMEs’ technological innovation efficiency.

From the distribution of the innovation efficiency values
in Table 4, for the period 2012–2015, the number of technical
efficient enterprises is 9, 8, 14, and 18, respectively. 0e
proportion of enterprises with synthetic technical efficiency
value exceeding 0.6 is 7.17%, 13.55%, 15.54%, and 14.96%,
respectively, suggesting that more than 80% of the high-tech
SMEs have a very low level of innovation efficiency.

4.2. Analysis of Antecedents on High-Tech SMEs’ Innovation
Efficiency. Using the panel regression model and the soft-
ware of Stata ver.14.0, we analyzed the influence of these
factors on the high-tech SMEs’ innovation efficiency. 0e
results are shown in Table 5.

0e results as stated in Table 5 point to several findings:

(1) Government subsidies have a significant negative
influence on the high-tech SMEs’ innovation effi-
ciency and pure technical efficiency. However it has
no significant effect on the scale efficiency. A 1%
increase in GS leads to a 0.0229% and 0.025% drop in
the high-tech SMEs’ innovation efficiency and pure
technical efficiency, respectively. 0is result is

Table 2: Brief description of influential factors.

Variable Label Interpretation of indicators
Innovation efficiency IE 0e innovation efficiency value is calculated by the super-SBM model
Government subsidies GS 0e enterprise’s annual R&D expenditures from the government
Ownership concentration OC 0e proportion of the top ten largest shareholders
Firm size Size 0e enterprise’s annual total assets
Asset-liability ratio ALR 0e ratio of total debt to total assets
Market competition MC 0e ratio of selling expenses to operating income
Firm age Age 0e number of years of incorporation of enterprise per year

Table 3: Innovation efficiency value of high-tech SMEs
(2012–2015).

2012 2013 2014 2015
Innovation efficiency (IE) 0.3636 0.4011 0.4218 0.3859
Pure technical efficiency (PTE) 0.4823 0.5765 0.5697 0.5079
Scale efficiency (SE) 0.7644 0.7134 0.7489 0.7797

Table 4: Efficiency distribution of high-tech SMEs (2012–2015).

Efficiency distribution 2012 2013 2014 2015
1–5.0 9 8 14 18
0.8–0.999 0 8 7 5
0.6–0.799 9 18 18 15
0.4–0.599 47 61 59 35
0.2–0.399 134 123 123 134
0.0–0.199 52 33 30 47
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consistent with the finding of Hong et al. and Guan
and Chen [19, 37] 0e government’s continuous
R&D investment in high-tech SMEs has not played a
role in stimulating enterprise innovation but may
have a substitution effect on the enterprise’s own
R&D investment, and resulting in a decline in the
enterprise’s innovation efficiency.

(2) Ownership concentration has a negative influence on
the high-tech SMEs’ innovation efficiency and pure
technical efficiency. It also has no significant effect on
the scale efficiency. Again, a 1% increase in OC leads
to a 0.1351% and 0.1181% decrease in innovation
efficiency and pure technical efficiency of the high-
tech SMEs’ innovation effort. From 2012 to 2015, the
average ownership concentration of 251 high-tech
SMEs listed in China are 68.25%, 63.85%, 59.97%,
and 57.13%, respectively. 0e higher ownership
concentration results in the stronger control ability
of the large shareholders to the enterprise [47]. Yet,
large shareholders may have less willingness to invest
in technological innovation due to the higher risk of
innovation and therefore making the innovation
efficiency worse off.

(3) Firm size has a significant positive influence on the
high-tech SMEs’ innovation efficiency, pure tech-
nical efficiency, and scale efficiency. A 1% increase in
size leads to a 0.0205%, 0.0151%, and 0.0109% in-
crease in the high-tech SMEs’ innovation efficiency,
pure technical efficiency, and scale efficiency, re-
spectively. 0is suggests that the larger the high-tech
enterprise is, the better potential economic strength,
andmore personnel and investment are expended on
technological innovation, which in turn promotes
innovation efficiency within the enterprise.

(4) 0e asset-liability ratio has a significant positive
influence on the high-tech SMEs’ innovation effi-
ciency and scale efficiency. A 1% increase in ALR
leads to a 0.0345% and 0.0366% increase in the high-
tech SMEs’ innovation efficiency and scale efficiency,
respectively. From 2012 to 2015, the average asset-
liability ratio of 251 high-tech SMEs listed in China
are 20.67%, 24.84%, 28.93%, and 31.03%, respec-
tively. Overall, the asset-liability ratio was very low
but showed a growth trend. As the enterprise’s asset-
liability ratio increases, enterprise R&D investment
also increases and ultimately leads to the improve-
ment of enterprise’s innovation efficiency. 0e result

suggests that debt is a good driver and a great im-
petus to the SMEs and hence enhances the high-tech
SMEs’ innovation efficiency.

(5) Market competition has a significant negative in-
fluence on high-tech SMEs’ innovation efficiency
and pure technical efficiency. It also has no signifi-
cant effect on the scale efficiency. A 1% decrease in
MC leads to a 0.0416% and 0.0447% decrease in the
high-tech SMEs’ innovation efficiency and pure
technical efficiency, respectively. 0e results suggest
that the stiff market competition may force the high-
tech SMEs to innovate but not necessarily a greater
focus on innovation efficiency.

(6) Firm age has a significant positive influence on high-
tech SMEs’ scale efficiency. A 1% increase in age
leads to a 0.0882% increase in the high-tech SMEs’
scale efficiency. However, it has no relation to the
innovation efficiency and pure technical efficiency of
SMEs’ technological innovation. Generally speaking,
the longer an enterprise is established, the larger its
scale, the stronger its capital accumulation, and the
higher is its product innovation scale.

5. Conclusion and Suggestion

0is paper describes the characteristic of China’s techno-
logical innovation and suggests the necessity to improve the
innovation efficiency of high-tech SMEs. Based on the
sample of China’s GEM listed companies from 2012 to 2015,
two-stage approach is applied to evaluate high-tech SMEs’
innovation efficiency in this paper. In the first stage, we
calculate its comprehensive efficiency, pure technical effi-
ciency, and scale efficiency using the super-SBM model. 0e
results indicate that the overall level of high-tech SMEs’
innovation efficiency, while low, is improving. In the second
stage, we examine internal and external antecedents of in-
novation efficiency through the panel regression model.
Based on the analysis results of the super-SBM model and
panel regression model, we put forward some policy
recommendations:

(1) Government subsidies, ownership concentration,
and market competition have a significant negative
effect on the high-tech SMEs’ innovation efficiency
and pure technical efficiency but have no significant
effect on the scale efficiency. 0e negative effect of
ownership concentration is perhaps the most sig-
nificant. 0e more concentrated the ownership, the

Table 5: Panel regression results.

Explanatory variable IE PTE SE
lnGS −0.0229∗∗∗ (0.0088) −0.025∗∗∗ (0.0087) −0.0039 (0.0071)
lnOC −0.1351∗∗ (0.0542) −0.1181∗∗ (0.0531) −0.0088 (0.0438)
lnSize 0.0205∗∗∗ (0.0208) 0.0151∗∗ (0.0203) 0.0109∗∗∗ (0.0168)
lnALR 0.0345∗∗ (0.0183) 0.0276 (0.018) 0.0366∗∗ (0.0148)
lnSJ −0.0416∗∗∗ (0.0109) −0.0447∗∗∗ (0.0155) −0.0121 (0.0129)
lnAge 0.0189 (0.0432) 0.0566 (0.0419) 0.0882∗∗ (0.035)
β0 0.8893∗∗ (0.5022) 2.4229 (0.4924) −1.3206∗∗∗ (0.4063)
∗, ∗∗, and ∗∗∗ means significance at 10%, 5%, and 1% levels, respectively.
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stronger the control of the large shareholders. Also,
the enthusiasm of improving innovation efficiency is
weaker. 0erefore, appropriately reducing the ratio
of the largest shareholders can stimulate enterprises
to increase innovation investment, improve inno-
vation performance, and innovation efficiency. In
order to promote high-tech SMEs’ innovation effi-
ciency, the government also needs to take some
measures. On the one hand, a fair and orderly market
development environment should be established to
avoid excessive competition among high-tech SMEs.
0e fair market competition environment helps to
reduce selling expenses, improves the resource al-
location efficiency, and encourages enterprises to
concentrate on innovation continuously. One the
other hand, the government should moderately
control the government subsidies for high-tech
SMEs’ innovation [3]. A large amount of govern-
ment innovation investment does not lead to an
increase in innovation efficiency. 0e government
should strengthen supervision of the use of subsi-
dized funds and dynamically adjust the subsidy plan
according to the innovation performance of the
enterprise.

(2) Firm size and asset-liability ratio have a positive on
enterprise innovation efficiency. Many innovation
projects require substantial capital investment, and
the amount of funds needed are increasing every
year. Capital shortage is a major barrier hindering
the innovation of high-tech SMEs. It is of vital
importance to give full pay to the role of government
subsidies’ signal transmission and lead the flow of
social funds and financial institutions to innovation
enterprises, so that the enterprises can ease external
financing constraints and increase the availability of
funds. For enterprises, appropriately increasing the
proportion of debt financing can reduce the enter-
prise’s capital cost, optimize capital structure, and
strengthen the management of innovation efficiency.
0e larger the firm size, the greater the scale effect of
technological innovation. So, promoting the devel-
opment and growth of enterprises and enhancing
economies of scale are conducive to the improve-
ment of high-tech SEMs’ innovation efficiency.
High-tech SEMs are able to expand through not only
capital accumulation but also reorganization, ac-
quisition, and merger. At the same time, a R&D
strategic alliances or an innovation hub can be
formed for the SMEs enterprises to deepen R&D
capacity and promote high-tech SEMs’ innovation
efficiency.

(3) Firm age has significant positive effects on scale
efficiency but not on innovation efficiency and pure
technical efficiency. 0e results seem to show that
firm age has a positive effect on the enterprise’s
experience and organizational competencies, which
can help older enterprise to develop their innovation
operations more efficiently. However, in younger

firms, the lack of market recognition, economies of
scale, and managerial knowledge means that inno-
vation requires more effort from the organizational
learning process.

As this study focused on a case study of high-tech SMEs
listed in China, future study of this topic may be extended to
include large enterprises. A comparative study on innova-
tion efficiency and its antecedents among enterprises of
different scales is worth exploring. In addition, empirical
research on a group of developing countries is also necessary
to achieve results covering other developing countries.
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