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+e sustainable development of China’s high-tech manufacturing (HTM) sector is restricted by dependence on technology
introduction and foreign direct investment (FDI), low input-output efficiency, and environmental pollution. +is study aimed to
examine the roles of technology introduction and FDI in improving the technical efficiency of Chinese HTM from an envi-
ronmental perspective. By integrating stochastic frontier analysis (SFA) and projection pursuit (PP) based on the real-coded
accelerated genetic algorithm (RAGA), this study constructed a RAGA-PP-SFA model that considers undesirable outputs. +is
model includes various outputs, including environmental pollution, in the production function to improve estimation accuracy.
Moreover, to verify the robustness of the estimation results, the results were provided when environmental pollutants were taken
as input factors. +e results showed that technology introduction could significantly promote HTM’s technical efficiency, while
FDI had no significant positive effect. By comparing the estimated results with those that did not consider environmental
pollution, this study not only reveals different roles of technology introduction and FDI in improving HTM’s technical efficiency
but also confirms that ignoring environmental pollution will overestimate their roles (especially the role of FDI) in
such improvement.

1. Introduction

In recent decades, China’s high-tech manufacturing (HTM)
industry has rapidly improved its technological capabilities,
catching up with and even surpassing developed countries in
certain technical fields and industries [1]. Technology in-
troduction and foreign direct investment (FDI) have played
important roles in the rapid development of HTM in China
[2, 3]; as a result, however, the HTM sector has become
overreliant on foreign technology and investment [4]. De-
cades of extensive development have also led to low input-
output efficiency and serious pollution in the HTM sector.
+ese problems are intertwined and seriously restrict the
sustainable development of HTM in China. In recent years,
international competition in HTM has further intensified
[5]. Moreover, many Chinese HTM enterprises, including

Huawei, have been added to the US trade blacklist called the
“Entity List,” further highlighting the sustainable develop-
ment dilemmas these enterprises face [6, 7].

International technology transfer is a process in which
developing countries acquire technology from abroad
through technology introduction and FDI [8]. +ere are still
many controversies in the research on the relationship
between international technology transfer and technical
efficiency in developing countries, including the three
viewpoints summarized below.

+e first view is that international technology transfer
has a positive effect on technical efficiency. Some studies
have shown that late-developing countries with weak R&D
capability and a lack of international experience can fill
technical gaps by introducing foreign technology; they can
also reinnovate on the basis of imported technology to
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achieve fairly rapid technological catch-up [9, 10]. Tech-
nology introduction enables enterprises to identify and
adopt higher-quality inputs or more effective production
and management practices to strengthen their own capa-
bilities [11], thus improving their technical efficiency. De-
veloping countries can obtain more spillover effects through
the introduction of high technology [12]. With regard to
FDI, some studies have found that, in developing countries,
enterprises funded by developed countries are usually more
efficient than local ones, and competition from the former
can improve the efficiency of the latter [13]. FDI can also
produce externalities that will spread to host-country en-
terprises and improve their production efficiency [14]. FDI
can promote the efficiency of host countries by transferring
technology, exporting new products, developing large for-
eign markets, providing training for local labor, and im-
proving technical and management skills [15]. In addition, if
developing countries can adopt “green” FDI, it can not only
promote economic growth, but it can also internalize the
undesirable environmental externalities related to industrial
production, thus having positive spillover effects for the
domestic industries of host countries [16].

+e second view suggests that international technology
transfer negatively affects technology efficiency. Some
studies have suggested that technology introduction can
ensnare organizations in a “technology dependence trap”
and suppress independent innovation ability [17, 18].
Technology introduction might also squeeze and replace the
market space for local enterprises, inhibit the improvement
of local enterprises’ technological capabilities [19], and ul-
timately have a negative effect on the technical efficiency of
developing countries. With regard to FDI, some studies have
found that although foreign companies have stronger
technological capabilities and better access to advanced
technologies, they often confine their most advanced pro-
duction and innovation activities to their home parent
companies [20]. Further, foreign subsidiaries rely on direct
technology transfer from their parent companies instead of
increasing their own R&D investment [21]. In addition, the
potential environmental costs may offset the economic
benefits brought by FDI since FDImay occur in tandemwith
the aggravation of pollution [22]. +erefore, FDI might not
always have a positive effect on the technical efficiency of
host countries.

+e third view is that international technology transfer
has an uncertain effect on technical efficiency; moreover,
the effect is dependent upon the absorptive capacity of the
recipient. Implicit technology is usually included in in-
ternational technology transfer, and the recipient needs to
have the corresponding absorption capacity to effectively
utilize international technology transfer [4, 23]. Absorptive
capacity is closely related to R&D stock and human capital.
R&D can improve both technical ability and absorptive
capacity; this can not only promote efficiency by generating
new knowledge but can also improve the ability to learn
and absorb external knowledge [24–26]. In addition to
R&D investment, human capital also plays an important
role in absorbing international technology transfer [27, 28].
Developing countries need a certain amount of human

capital to benefit from international technology transfer
[29].

A few studies have investigated the effect of either
technology introduction or FDI on the technical efficiency of
China’s HTM industry [30, 31]. However, the relationship
between them is rarely discussed from an environmental
perspective, and there is a lack of a unified research
framework that considers multiple technology sources
[23, 32–34]. Some recent studies have found that domestic
technology transfer and ownership structure might also have
important effects on the technical efficiency of HTM.
China’s HTM enterprises can improve their efficiency
through domestic technology transfer [35]. In the process of
international technology transfer, the ownership structure is
an important factor related to efficiency differences in
Chinese enterprises [36, 37]. Accordingly, the technical
efficiency of China’s HTM sector is affected by varied and
complex factors. When analyzing the relationship between
international technology transfer and HTM’s technical ef-
ficiency, to improve the accuracy of the estimation results, it
is important to avoid the effects of measurement errors or
random errors on the results. However, these factors are
rarely taken into account in the existing literature.

In view of the above, this study attempted to incorporate
international technology transfer, domestic technology
transfer, R&D investment, and other technology sources
into the same analytical framework and reexamine the roles
of technology transfer and FDI in improving the technical
efficiency of China’s HTM sector from an environmental
perspective. A model was constructed that integrates sto-
chastic frontier analysis (SFA) with projection pursuit (PP)
based on the real-coded accelerated genetic algorithm
(RAGA) (hereafter, RAGA-PP-SFA). +is model puts var-
ious outputs, including environmental pollution, into the
production function, thus improving the accuracy and ro-
bustness of the estimation results. +is study also compared
and analyzed the differences between estimation results with
and without considering environmental pollution. +is
approach confirmed that the estimation results of previous
studies were biased because of the neglect of environmental
pollution.

2. Methods and Data

2.1.Methods. +e technical efficiency of the HTM sector can
usually be measured by data envelopment analysis (DEA) or
SFA [38]. While DEA has advantages for the efficiency
measurement of multiple outputs, it ignores the effects of
random errors [39, 40]. SFA distinguishes the influence of
technical inefficiency and random errors and can analyze the
factors influencing technical efficiency while also calculating
technical efficiency [41–43]. +is study used a stochastic
frontier model to analyze the technical efficiency of China’s
HTM industry. However, since the traditional stochastic
frontier model can only deal with a single output problem,
this study integrated SFA with a PP model based on RAGA
and constructed a RAGA-PP-SFA model considering un-
desirable outputs. Specifically, PP and RAGA were used to
transform various outputs, including environmental
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pollution, into comprehensive output values; then, SFA was
used to analyze the relationship between international
technology transfer and HTM’s technical efficiency. +e
proposed model incorporates various outputs, including
environmental pollution, into the production function,
which can not only overcome the defects of SFA (i.e., it can
only deal with a single output problem) but can also avoid
the effects of measurement errors or random errors on the
estimation results, thus improving the accuracy of the
results.

2.1.1. PP Model. +e PP model is suitable for dealing with
nonlinear and nonnormal high-dimensional data. By pro-
jecting high-dimensional data into low-dimensional space
and analyzing the projection characteristics of low-dimen-
sional space, the characteristics of high-dimensional data are
studied [44, 45]. +is method is superior to traditional
multidimensional data-processing methods in terms of ac-
curacy, robustness, and anti-interference. +e specific steps
of the PP model are presented as follows [46].

Step 1: calculate the projection value z(i) of the
comprehensive output:

z(i) � 

p

j�1
a(j)x(i, j), (1)

where a(j) is the optimal projection direction formed
by the projection of p-dimensional data
(x(i, j)|i � 1, 2, . . . , n; j � 1, 2, . . . , p)  into the low-
dimensional subspace, and x(i, j) is the result of the
normalization processing of the sample index.
Step 2: construct the projection index function Q(a):

Q(a) � SzDz, (2)

where Sz is the standard deviation of the projection
value z(i), and Dz is the local density of the projection
value z(i); that is,

Sz �

����������������


n
i�1 (z(i) − E(z))

2

n − 1



,

Dz � 
n

i�1


n

j�1
(R − r(i, j)) × u(R − r(i, j)),

(3)

where E(z) is the average value of the projection values,
R is the window radius of local density, r(i, j) is the
distance between samples, r(i, j) � |z(i) − z(j)|, and
u(t) is a unit step function.
Step 3: optimize the projection index function Q(a).
For a certain index set, the projection index function
Q(a) only changes with the change in projection di-
rection. +e best projection direction can effectively
reflect the characteristics of high-dimensional data,
which can be estimated by solving the maximization
problem of the projection index function. +e maxi-
mized objective function is as follows:

maxQ(a) � SzDz

s.t. 

p

j�1
a
2
(j) � 1.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(4)

Step 4: calculate the comprehensive output value. After
substituting the best projection direction a∗ obtained in
Step 3 into formula (1), the projection value z∗(i) of
each sample can be obtained (i.e., the comprehensive
output value).

2.1.2. RAGA. +e genetic algorithm (GA) is normally used
to solve the optimal projection direction, but because the
simple genetic algorithm (SGA) is prone to premature
convergence, RAGA was used to enhance optimization
performance and better obtain the optimal solution [47].

Let the optimization problem be a minimization ob-
jective function:

ming(x(1), x(2), . . . , x(p))

a(j)≤x(j)≤ b(j),
 (5)

where g is the objective function, x(j) is the jth optimized
variable, [a(j), b(j)] is the variation interval of x(j), and p

is the number of optimized variables. +e modeling process
of RAGA [47] is presented as follows:

Step 1: encoding. Using the following linear
transformation,

x(j) � a(j) + y(j)[b(j) − a(j)], (6)

match x(j) to the real number y(j) over the interval
[0, 1].
Step 2: initialize the parent group. y(j, i) is brought into
formula (6) to obtain the optimized variable value
x(j, i). +e corresponding objective function values
g(i) are sorted from small to large, and the top indi-
viduals are defined as excellent individuals.
Step 3: evaluate the fitness of the parent group. Define
the fitness function value of the ith parent individuals
after sorting, as follows:

G(i) �
1

g(i) × g(i) + 0.001
. (7)

Step 4: selection operation is performed to generate the
first offspring group y1(j, i)|j � 1 ∼ p, i � 1 ∼ n . Let
the selection probability ps(i) of the parent individual
y(j, i) be

ps(i) �
G(i)


n
i�1 G(i)

. (8)

Step 5: perform the hybridization operation to generate
a second offspring group y2(j, i)|j � 1 ∼ p, i � 1 ∼ n .
According to the selection probability of formula (8),
parent individuals y(j, i1) and y(j, i2) are randomly
selected as parents for the following linear transfor-
mation to produce an offspring individual y2(j, i):
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y2(j, i) � u1y j, i1(  + 1 − u1( y j, i2( , u3 < 0.5,

y2(j, i) � u2y j, i1(  + 1 − u2( y j, i2( , u3 ≥ 0.5,


(9)

where u1, u2, and u3 are all random numbers.
Step 6: perform the mutation operation to generate a
third offspring group y3(j, i)|j � 1 ∼ p, i � 1 ∼ n . p

random numbers are used to replace individual y(j, i)

with the probability of pm(i) � 1 − ps(i); that is,

y3(j, i) � u(j), um <pm(i),

y3(j, i) � y(j, i), um ≥pm(i),
 (10)

where u(j) and um are all random numbers.
Step 7: evolutionary iteration. +e parent group is
evaluated, selected, hybridized, mutated, and so on.
Step 8: accelerated circulation. When the objective
function value of the best individual is less than a
certain set value, or the algorithm runs for a pre-
determined acceleration cycle time, the average value of
the best individual or excellent individual in the current
group is taken as the result of RAGA.

2.1.3. RAGA-PP-SFA Model. Following Battese and Coelli
[48], the production frontier of the RAGA-PP-SFA model is
set in the Cobb-Douglas function form; that is,

ln CYit � β0 + β1 ln Kit + β2 ln Lit + Vit − Uit( , (11)

where CYit is the comprehensive output value of production
unit i at time t, which is obtained based on the RAGA-PP
model. Kit and Lit denote the capital input and labor input,
respectively, of production unit i at time t. β0, β1, and β2 are
parameters to be estimated.Vit is the random error and follows
the normal distribution N(0, σ2V). Uit is an independent
nonnegative random variable with the same distribution,
which is used to explain technical inefficiency and obeys
normal distribution N(zitδ, σ2U), where zit is the vector af-
fecting technical efficiency. δ is the unknown parameter vector.

+e RAGA-PP-SFA model can also be set in the form of
a trans-log production function:

ln CYit � β0 + β1 ln Kit + β2 ln Lit + β3 ln Kit( 
2

+ β4 ln Lit( 
2

+ β5 ln Kit ln Lit + Vit − Uit( .

(12)

In addition, the time change trend term can also be
introduced into the production function to examine the
effect of technological progress. +e function form is as
follows:

ln Yit � β0 + ηt + β1 ln Kit + β2 ln Lit + Vit − Uit( , (13)

where β0, β1, and β2 are as defined earlier and η is the time
variation coefficient.

+e most suitable form of the stochastic frontier pro-
duction function is determined by the likelihood ratio test

(LR test) to examine the influence of international tech-
nology transfer on the technical efficiency of the HTM
sector.

+e technical inefficiency function of the RAGA-PP-SFA
model can be set as

mit � δ0 + δ1TIit + δ2FDIit + ωΦ, (14)

where TIit and FDIit represent two kinds of international
technology transfer: technology introduction and FDI, re-
spectively. Φ is the control vector, ω is the parameter vector,
and δi(i � 0, 1, 2) is the estimated coefficient of the corre-
sponding variable.

If δi is positive, it means the corresponding variable is
positively correlated with technical inefficiency; that is, it has
a negative effect on technical efficiency.

In addition to technology introduction (TI) and foreign
direct investment (FDI), R&D investment (RD), human
capital (HC), domestic technology transfer (DT), and
ownership structure (OS) might also be important factors
influencing technical inefficiency (technical efficiency); these
are regarded as control variables. +us, we have

ωΦ � ω1RDit + ω2HCit + ω3DTit + ω4OSit. (15)

To judge whether the RAGA-PP-SFA model setting is
reasonable, the variance parameter c needs to be tested,
where

c �
σ2U

σ2U + σ2V 
. (16)

If c is significantly different from 0, it means there is a
technical inefficiency effect in the production function. +e
closer c is to 1, the more deviation produced by technical
inefficiency; thus, the RAGA-PP-SFA model is more
suitable.

2.2. Data. Technical efficiency is often used to measure the
ability of an organization to obtain maximum output under
a given input [11]. It involves many aspects, such as pro-
duction, innovation, and environment [49, 50]. At the same
time, considering data availability, this study selected three
output indicators for the HTM industry, including main
business revenue (Y), sales revenue of new products (YNP),
and sulfur dioxide emissions (SO2) [51]. +ese were con-
verted into one-dimensional variables to measure the
comprehensive output value (CY) of the HTM sector. Labor
input (L) was measured by the average number of employees
in HTM enterprises in various provinces, and physical
capital (K) was calculated using the perpetual inventory
method (PIM) [52].

For TI, the knowledge stock can be calculated using the
perpetual inventory method; RD and DT can be calculated
using the same method for measuring TI [53]. FDI is
expressed by the proportion of foreign capital in the paid-in
capital of the industry [54].

Human capital is usually estimated by years of educa-
tion. However, because it is impossible to obtain data for
years of education among HTM employees in China’s
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various provinces, this study used the ratio of R&D per-
sonnel to employed persons to express HC [55]. OS is
expressed by the proportion of the total output value of non-
state-owned enterprises [23].

+e data came from the China High-Tech Industry
Statistics Yearbook, China Industrial Statistics Yearbook, and
China Environmental Statistics Yearbook. +is study selected
relevant statistical data for 28 Chinese provinces (data of
other provinces are missing) from 2005 to 2016 to analyze
the effect of international technology transfer on HTM’s
technical efficiency. Table 1 shows the descriptive statistical
results of the variables.

3. Results and Discussion

3.1. Measurement Results for Comprehensive Output. +e
best projection direction vector of the output variables of
China’s HTM industry was calculated using the RAGA-PP
model:

a
∗

� (0.793, 0.609, 0.009). (17)

After the best projection direction vector was brought
into formula (1), the comprehensive output value of China’s
interprovincial HTM sector from 2005 to 2016 was obtained
(Table 2).

3.2. Estimation Results considering Environmental Pollution.
To analyze the relationship between international technol-
ogy transfer and HTM’s technical efficiency, it is necessary to
determine whether RAGA-PP-SFA is applicable and select
the appropriate production function form. According to the
logarithmic likelihood function values of formulas (12)–(14),
LR test values corresponding to various hypothesis tests were
calculated. +e test results showed that the trans-log pro-
duction function was not applicable to the sample data, and
it was unnecessary to consider technological progress in the
production function. For this study, the Cobb-Douglas
production function was selected to examine the effect of
international technology transfer on the technical efficiency
of HTM in China. Table 3 shows the estimation results of the
stochastic frontier production function and inefficiency
function obtained by the RAGA-PP-SFA model.

Model 1.1 takes RD and HC as control variables, and
model 1.2 adds DTand OS as control variables. +e variance
parameters of model 1.1 andmodel 1.2 are both significant at
the 1% significance level, and their values are both higher
than 0.600. +is indicates that the deviation between the
actual output and the theoretical maximum output mainly
came from the technical invalid effect. +erefore, the model
setting of RAGA-PP-SFA was reasonable.

Comparing models 1.1 and 1.2, we can see that the
estimation results of the two models are basically consistent.
Among the factors influencing technical inefficiency, both
models indicated that the coefficient of TI was significantly
negative. +e coefficient of FDI was negative but not sta-
tistically significant. +is indicates that TI significantly
promoted HTM’s technical efficiency while FDI did not. +e
coefficient estimates of RD and HC were also significantly

negative, indicating that RD and HC could also significantly
promote the technical efficiency of HTM.

Model 1.2 also shows that DT had a positive effect on
inefficiency in China’s HTM sector, but it was not statisti-
cally significant. +e coefficient of OS was significantly
negative, indicating that increasing the proportion of non-
state-owned enterprises can improve HTM’s technical ef-
ficiency. Since RD, HC, and OS all had a significant influence
on HTM’s technical efficiency, model 1.2 analyzed the effect
of international technology transfer on HTM’s technical
efficiency under the condition of controlling these factors at
the same time. +us, the estimated result was more accurate
than that of model 1.1.

3.3. Technical Efficiency of High-Tech Manufacturing con-
sidering Environmental Pollution. Based on model 1.2, the
technical efficiency of China’s interprovincial HTM industry
was calculated with consideration of pollution. Table 4
shows the average values for HTM’s technical efficiency
in each province from 2005 to 2016.

Eastern Region includes Beijing, Fujian, Guangdong,
Hainan, Hebei, Jiangsu, Liaoning, Shandong, Shanghai, Tianjin,
and Zhejiang. Middle Region includes Anhui, Heilongjiang,
Henan, Hubei, Hunan, Jiangxi, Jilin, and Shanxi. Western
Region includes Chongqing, Gansu, Guangxi, Guizhou, Inner
Mongolia, Ningxia, Shaanxi, Sichuan, and Yunnan.

Table 4 shows that from 2005 to 2016, HTM’s technical
efficiency was low, with an annual average of only 0.423.
HTM’s technical efficiency varied greatly among provinces.
+e province with the highest technical efficiency was
Shanghai, with an average value of 0.936. +e province with
the lowest technical efficiency was Shaanxi, with an average
of 0.178.

Dividing these provinces into the eastern, central, and
western regions, we can see that the provinces with low
technical efficiency are concentrated in the central and
western regions. +e average technical efficiency of the
eastern region was 0.657, that of the central region was 0.265,
and that of the western region was 0.278. +e value for the
eastern region was much higher than that of the central and
western regions. Figure 1 shows the regional differences in
the technical efficiency of HTM in China.

In Figure 1, HTM’s technical efficiency shows an in-
creasing trend from 2005 to 2016, with only a brief decline in
2010. +is could be related to the fact that China imple-
mented the Circular Economy Promotion Law in 2009,
which established stricter control standards for pollutant
emissions by manufacturing enterprises. Companies had to
implement environmental protection technologies in a short
period of time, which increased costs and resulted in a brief
decline in technical efficiency. From 2005 to 2016, the
technical efficiency of HTM in the eastern, central, and
western regions also showed an increasing trend. After 2010,
the technical efficiency of HTM in the central region grew
faster than that in the eastern and western regions. +e
reason could be that the 2009 Plan for Promoting the Rise of
the Central Region significantly accelerated the development
of the region’s HTM sector.
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For a long time, HTM in the eastern region has greatly
differed from that in the central and western region in terms
of technology introduction, FDI, R&D investment, human
capital, and other aspects. As a result, the technical efficiency
of HTM in East China has been much higher than that in
Central and Western China. At present, the technical effi-
ciency of HTM remains generally low; it is urgent, therefore,
to aim for rapid growth through technology introduction,
increasing R&D investment, and other means.

3.4. Robustness Test. When analyzing technical efficiency,
environmental pollution can be regarded as an undesirable
output [56]. It can also be used as an input factor to

introduce the production function along with capital and
labor input [57, 58]. To test whether the estimation results
for the relationship between international technology
transfer and HTM’s technical efficiency by these two
methods were consistent, estimation results are also pro-
vided with pollutants taken as input factors. +is serves to
verify the robustness of the results. Table 5 shows the ro-
bustness test results.

+e LR test results showed that the trans-log produc-
tion function was not applicable to the sample data, and it
was unnecessary to consider technological progress in the
production function. +erefore, the Cobb-Douglas pro-
duction function was selected for use with the RAGA-PP-
SFA model to analyze the effect of international technology

Table 1: Descriptive statistical results of the variables.

Variable Unit Mean Std. dev. Min Max
Main business revenue (Y) Billion yuan 273.366 528.359 1.103 3820.241
Sales revenue of new products (YNP) Billion yuan 73.080 170.616 0.002 1572.278
Sulfur dioxide emissions (SO2) Kiloton 3.807 3.262 0.308 17.793
Physical capital (K) Billion yuan 105.347 136.793 2.007 1105.398
Labor input (L) +ousand people 385.683 703.018 4.739 3894.169
Technology introduction (TI) Billion yuan 1.563 2.670 0.005 14.090
Foreign direct investment (FDI) Ratio 0.173 0.145 0.000 0.588
R&D investment (RD) Billion yuan 11.216 25.335 0.009 235.423
Human capital (HC) Ratio 0.044 0.026 0.002 0.193
Domestic technology transfer (DT) Billion yuan 0.243 0.388 0.003 3.963
Ownership structure (OS) Ratio 0.778 0.176 0.180 0.998

Table 2: Comprehensive output value of China’s interprovincial high-tech manufacturing industry considering environmental pollution.

Area 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
Beijing 0.067 0.083 0.137 0.123 0.131 0.130 0.132 0.133 0.152 0.171 0.162 0.179
Tianjin 0.084 0.095 0.087 0.078 0.081 0.087 0.091 0.124 0.168 0.178 0.189 0.174
Hebei 0.013 0.013 0.015 0.016 0.018 0.021 0.022 0.027 0.031 0.036 0.045 0.048
Shanxi 0.006 0.007 0.008 0.008 0.008 0.009 0.008 0.012 0.013 0.015 0.017 0.018
Inner Mongolia 0.006 0.007 0.008 0.008 0.010 0.009 0.010 0.009 0.010 0.010 0.012 0.013
Liaoning 0.023 0.024 0.029 0.032 0.033 0.040 0.044 0.048 0.051 0.051 0.046 0.042
Jilin 0.011 0.012 0.013 0.015 0.018 0.020 0.024 0.029 0.035 0.039 0.043 0.050
Heilongjiang 0.015 0.011 0.012 0.012 0.013 0.013 0.013 0.014 0.015 0.015 0.016 0.015
Shanghai 0.141 0.163 0.180 0.190 0.181 0.200 0.189 0.186 0.183 0.195 0.210 0.213
Jiangsu 0.145 0.177 0.230 0.294 0.328 0.370 0.472 0.574 0.629 0.689 0.795 0.894
Zhejiang 0.054 0.070 0.078 0.073 0.082 0.092 0.107 0.123 0.148 0.166 0.204 0.236
Anhui 0.012 0.013 0.014 0.014 0.018 0.020 0.030 0.040 0.047 0.062 0.084 0.101
Fujian 0.062 0.068 0.072 0.078 0.075 0.093 0.109 0.119 0.128 0.130 0.143 0.169
Jiangxi 0.012 0.014 0.015 0.016 0.021 0.024 0.027 0.034 0.042 0.047 0.062 0.075
Shandong 0.054 0.065 0.085 0.096 0.118 0.124 0.143 0.177 0.200 0.227 0.284 0.308
Henan 0.014 0.016 0.018 0.019 0.024 0.027 0.036 0.052 0.110 0.135 0.173 0.185
Hubei 0.015 0.019 0.021 0.024 0.033 0.037 0.041 0.052 0.062 0.074 0.092 0.102
Hunan 0.012 0.012 0.013 0.016 0.021 0.025 0.035 0.043 0.063 0.070 0.087 0.098
Guangdong 0.299 0.359 0.387 0.444 0.500 0.665 0.734 0.817 0.930 1.031 1.184 1.411
Guangxi 0.008 0.008 0.009 0.009 0.010 0.012 0.015 0.019 0.024 0.027 0.033 0.038
Hainan 0.009 0.009 0.009 0.009 0.010 0.010 0.010 0.011 0.011 0.011 0.012 0.012
Chongqing 0.011 0.011 0.012 0.015 0.018 0.021 0.039 0.047 0.059 0.086 0.130 0.141
Sichuan 0.026 0.030 0.038 0.041 0.052 0.046 0.073 0.086 0.110 0.124 0.123 0.140
Guizhou 0.004 0.004 0.005 0.006 0.007 0.008 0.008 0.009 0.010 0.014 0.018 0.021
Yunnan 0.008 0.009 0.009 0.009 0.010 0.010 0.010 0.011 0.012 0.013 0.014 0.014
Shaanxi 0.016 0.017 0.019 0.019 0.019 0.022 0.023 0.026 0.028 0.034 0.042 0.053
Gansu 0.006 0.007 0.007 0.007 0.007 0.007 0.006 0.007 0.007 0.007 0.007 0.009
Ningxia 0.003 0.003 0.003 0.004 0.005 0.005 0.003 0.002 0.003 0.003 0.004 0.004
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transfer on HTM’s technical efficiency. +e variance pa-
rameters of models 2.1 and 2.2 were significant at the 1%
significance level, and their values were higher than 0.600.
+us, the setting of the RAGA-PP-SFA model was
reasonable.

Models 2.1 and 2.2 both showed that TI significantly
improved HTM’s technical efficiency while FDI did not.
Both RD and HC could significantly promote the technical
efficiency of HTM. Model 2.2 also showed that while the
influence of DT on HTM’s technical efficiency was not
significant, OS could significantly promote it.

+erefore, the two estimation results—which took
environmental pollution as an input factor and as an
undesirable output—were highly consistent in direction
and significance, with only slight changes in numerical
value. Both showed that TI could significantly promote
HTM’s technical efficiency while FDI had no significant
effect. Under the condition of controlling RD, HC,

Table 4: Average values for the technical efficiency of high-tech manufacturing in China, 2005–2016.

Area Technical efficiency Area Technical efficiency
Beijing 0.827 Hubei 0.315
Tianjin 0.887 Hunan 0.328
Hebei 0.236 Guangdong 0.928
Shanxi 0.178 Guangxi 0.246
Inner Mongolia 0.275 Hainan 0.500
Liaoning 0.317 Chongqing 0.365
Jilin 0.265 Sichuan 0.358
Heilongjiang 0.219 Guizhou 0.197
Shanghai 0.936 Yunnan 0.305
Jiangsu 0.862 Shaanxi 0.230
Zhejiang 0.510 Gansu 0.234
Anhui 0.290 Ningxia 0.294
Fujian 0.695 Eastern Region 0.657
Jiangxi 0.230 Middle Region 0.265
Shandong 0.529 Western Region 0.278
Henan 0.295 Overall 0.423

Table 3: Estimation results when considering environmental pollution.

Variables Model 1.1 Model 1.2
Technical inefficiency function
Constant 1.536∗∗∗ (15.939) 2.392∗∗∗ (13.513)
TI −0.298∗∗∗ (−11.632) −0.254∗∗∗ (−8.765)
FDI −0.452 (−1.153) −0.345 (−1.035)
RD −0.008∗∗∗ (−2.906) −0.012∗∗∗ (−3.817)
HC −2.071∗∗ (−2.301) −3.641∗∗∗ (−3.912)
DT 0.230 (1.359)
OS −1.102∗∗∗ (−6.456)
Model diagnostics
σ2 0.175∗∗∗ (8.961) 0.150∗∗∗ (11.602)
c 0.701∗∗∗ (14.839) 0.683∗∗∗ (13.840)
LR test 209.986 277.496
Log likelihood −156.975 −123.220
Number of samples 336 336
Values in parentheses are the corresponding t-statistics. ∗, ∗∗, and ∗∗∗ indicate significance levels of 10%, 5%, and 1%, respectively.
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Figure 1: Regional differences in the technical efficiency of China’s
high-tech manufacturing sector.
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DT, and OS, the knowledge stock of TI increased by one
billion yuan, the former showed that HTM’s technical
efficiency would increase by 0.254, while the latter
showed that it would increase by 0.235. +is indicates
that the RAGA-PP-SFA model was able to obtain con-
sistent estimation results, whether changing the pro-
duction function or the technical inefficiency function.
+erefore, this study’s estimated results can be consid-
ered robust.

3.5. Estimation Results without considering Environmental
Pollution. To compare the results when considering envi-
ronmental pollution and not considering environmental
pollution, this study also used RAGA-PP-SFA to analyze the
effect of international technology transfer on HTM’s tech-
nical efficiency without considering environmental pollu-
tion. Table 6 shows the results.

+e LR test results showed that when environmental
pollution was not considered, the transcendental loga-
rithmic production function was not applicable to the
sample data, and there was no need to consider technological
progress in the production function. +us, the Cobb-
Douglas production function was selected for use with
RAGA-PP-SFA to analyze the effect of international tech-
nology transfer on HTM’s technical efficiency. +e variance
parameters of models 3.1 and 3.2 were both significant at the
level of 1%, and their values were both higher than 0.600.
+is indicates that the setting of the RAGA-PP-SFA model
was reasonable.

Models 3.1 and 3.2 both showed that TI and FDI sig-
nificantly promoted the technical efficiency of HTM; RD and
HC could significantly promote it as well. Model 3.2 showed,
moreover, that the influence of DT on HTM’s technical
efficiency was not significant while OS did play a significant
role in technical efficiency.

Comparing models 1.2 and 3.2, we find significant
differences between the two estimation results when con-
sidering environmental pollution and when not considering
it. Considering environmental pollution, if the knowledge
stock of TI increases by one billion yuan, HTM’s technical
efficiency will increase by 0.254. FDI, meanwhile, had no
significant effect on HTM’s technical efficiency. Without
considering environmental pollution, if the knowledge stock
of TI increases by one billion yuan, HTM’s technical effi-
ciency will increase by 0.282; then, FDI can significantly
promote HTM’s technical efficiency. If FDI increases by one
percentage point, HTM’s technical efficiency will increase by
0.843 percentage points.

+erefore, ignoring environmental pollution will over-
estimate the role of TI and, especially, the role of FDI in
improving HTM’s technical efficiency.

3.6. Discussion. Whether considering environmental pol-
lution or not, the two estimation results showed that TI
significantly promoted HTM’s technical efficiency. +e
reason is that China’s HTM sector is integrated into the
global value chain, and domestic enterprises can identify and
introduce suitable technologies that meet environmental
requirements. China has also continuously improved its
industrial technology policies and taken active measures to
promote technology introduction, digestion, and absorp-
tion. For example, the 2006 Catalogue of Technology En-
couragement in China created preferential tax policies for
imported technologies that meet the requirements and
encouraged enterprises to increase funding for technology
introduction, digestion, and absorption, producing an up-
surge in foreign technology introduction [59]. With the
support of such policies and measures, Chinese enterprises
have not only improved their ability to digest and absorb
foreign technologies but also paid more attention to
obtaining technology licenses, consulting, and services [60].

Table 6: Estimation results without considering environmental
pollution.

Variables Model 3.1 Model 3.2
Technical
inefficiency
function
Constant 1.810∗∗∗ (16.486) 2.791∗∗∗ (15.449)
TI −0.300∗∗∗ (−10.849) −0.282∗∗∗ (−12.271)
FDI −0.645∗ (−1.739) −0.843∗∗∗ (−2.871)
RD −0.010∗∗∗ (−5.556) −0.009∗∗∗ (−2.779)
HC −4.359∗∗∗ (−5.866) −7.794∗∗∗ (−6.672)
DT 0.046 (0.252)
OS −1.169∗∗∗ (−6.147)
Model diagnostics
σ2 0.225∗∗∗ (10.601) 0.208∗∗∗ (14.323)
c 0.667∗∗∗ (8.234) 0.612∗∗∗ (7.300)
LR test 188.045 237.044
Log likelihood −200.683 −176.184
Number of samples 336 336
Values in parentheses are the corresponding t-statistics. ∗, ∗∗, and ∗∗∗∗∗∗
indicate significance levels of 10%, 5%, and 1%, respectively.

Table 5: Robustness test results.

Variables Model 2.1 Model 2.2
Technical
inefficiency
function
Constant 1.341∗∗∗ (11.550) 2.264∗∗∗ (13.340)
TI −0.287∗∗∗ (−9.154) −0.235∗∗∗ (−7.905)
FDI −0.026 (−0.082) −0.096 (−0.331)
RD −0.007∗∗∗ (−6.968) −0.010∗∗∗ (−3.056)
HC −4.953∗∗∗ (−4.801) −7.672∗∗∗ (−7.108)
DT 0.106 (0.594)
OS −1.009∗∗∗ (−6.227)
Model
diagnostics
σ2 0.187∗∗∗ (10.134) 0.166∗∗∗ (12.296)
c 0.654∗∗∗ (7.626) 0.689∗∗∗ (12.212)
LR test 151.899 188.554
Log likelihood −159.008 −140.681
Number of
samples 336 336

Values in parentheses are the corresponding t-statistics. ∗, ∗∗, and ∗∗∗
indicate significance levels of 10%, 5%, and 1%, respectively.
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+erefore, China’s HTM sector has improved its technical
efficiency by digesting and absorbing imported technology.

When environmental pollution was not considered, it
was found that FDI could significantly promote HTM’s
technical efficiency; when environmental pollution was
considered, the effect was no longer significant. +is shows
that, on the one hand, foreign-funded high-tech enterprises
have strong technical and management advantages, and
there are positive technology spillover effects on HTM in
China. On the other hand, in some areas of China, envi-
ronmental standards are relatively low, and FDI can also
bring environmental pollution to a certain extent. To save
costs, foreign-funded enterprises do not always adopt clean
production technologies but only aim to meet local envi-
ronmental protection standards by treating the pollutants
they discharge. Environmental costs offset the technology
spillover effect brought by FDI [22]. +erefore, after con-
sidering the pollution, FDI does not significantly promote
the technical efficiency of HTM.

As for the control variables, whether considering envi-
ronmental pollution or not, RD, HC, and OS all had sig-
nificantly positive effects on HTM’s technical efficiency.+is
was consistent with theoretical expectations. Improving RD
and HC enhances the ability to absorb foreign technology
and can help Chinese HTM enterprises improve technical
efficiency in the process of introducing, absorbing, and
reinnovating technology. +e analysis of the relationship
between OS and HTM’s technical efficiency indicated that
appropriately increasing the proportion of non-state-owned
enterprises can also improve the technical efficiency of HTM
in China.

Contrary to theoretical expectation, however, DT had no
significant promoting effect on HTM. +e reason is that
domestic technologies are usually mature technologies that
are not at the forefront of technology development and have
a little spillover effect on domestic enterprises [4]; they
cannot, therefore, promote HTM’s technical efficiency.

4. Conclusions

+is study examined the different roles of technology in-
troduction and FDI in improving HTM’s technical efficiency
from an environmental perspective. When considering
environmental pollution, it was found that technology in-
troduction played a significant role in promoting HTM’s
technical efficiency while FDI had no significant positive
effect. When not considering environmental pollution,
technology introduction and FDI both significantly pro-
moted HTM’s technical efficiency. +is study not only re-
veals the difference between technology introduction and
FDI in improving HTM’s technical efficiency but also
confirms that ignoring environmental pollution will result in
overestimating the effect of technology introduction and
especially FDI on improving HTM’s technical efficiency.

4.1.�eoretical Contribution. Different from previous work,
this study considered undesirable outputs when analyzing
HTM’s technical efficiency. It also incorporated various

technology sources (e.g., international technology transfer,
domestic technology transfer, and R&D investment) into the
same analysis framework and used RAGA-PP-SFA to in-
vestigate the effect of international technology transfer on
HTM’s technical efficiency. +is model can not only avoid
the effect of measurement errors or random errors but also
overcome the limitation of SFA in that it can only deal with
-+a single output problem [61, 62].

In addition, when setting the SFA production function,
this study adopted two ideas, one of which regarded envi-
ronmental pollution as an undesired output [56]. +e other
idea took environmental pollution as an input factor and
introduced the production function along with capital and
labor inputs [57, 58]. +ese two ideas demonstrated the
robustness of the estimation results from different angles.

Finally, this study examined the differences between the
estimation results when considering environmental pollu-
tion and when not considering environmental pollution. It
was confirmed that not considering environmental pollu-
tion, as in some previous studies, produced biased estima-
tion results.

4.2. Implications for Practice. In addition to offering new
insights into the roles of technology introduction and FDI in
improving HTM’s technical efficiency, this study provides a
scientific basis for China to formulate technology transfer
policies and promote HTM’s sustainable development.

Overall, the technical efficiency of China’s HTM sector is
currently low, and technology introduction still plays an
important role in improving technical efficiency. While
encouraging Chinese HTM firms to introduce suitable
foreign technologies that meet environmental requirements,
a selection mechanism for technology introduction should
also be established to reduce dependence on a single
technology introduction path.

China’s HTM industry should absorb FDI while also
increasing the intensity of technology introduction. To give
full play to the positive effects of FDI on HTM’s technical
efficiency, it is necessary to further improve FDI policies and
regulations, attract high-quality foreign-funded enterprises
that meet environmental requirements, and create a good
environment for those enterprises to cooperate in R&D in
China.

+at said, relying on international technology transfer is
not the best way for emerging economies to catch up, nor is
it a sustainable model for developing countries to fill the
technology gap. While taking advantage of international
technology transfer, China’s HTM industry should also pay
attention to improving their own R&D capabilities, im-
proving the digestion and absorption of foreign technolo-
gies, reducing excessive dependence on international
technology transfer, and improving the core technical ca-
pabilities of HTM in China.

4.3. Limitations and Future Research. +is study has some
limitations. When analyzing HTM’s technical efficiency,
undesirable outputs such as environmental pollution were
considered. In this regard, the selection of environmental
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pollution indicators should include solid waste, waste gas,
and wastewater. However, limited by data availability, this
study only chose sulfur dioxide emissions as the environ-
mental pollution indicator and did not consider other
factors, such as solid waste and wastewater.

In addition, the HTM sector in China includes the
pharmaceutical and aerospace manufacturing industries,
among others.+ese industries have different technical bases
and are different in terms of dependence on foreign tech-
nology and foreign capital. +erefore, the effect of inter-
national technology transfer on technical efficiency in
different HTM industries may be different. +is needs to be
analyzed in depth according to the conditions specific to
different industries. +is study did not consider such factors
when investigating the relationship between international
technology transfer and the technical efficiency of Chinese
HTM. +is will be explored in future research.
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