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Abstract Over the years, foreign direct investment (FDI) has not only promoted rapid eco-
nomic growth in China, but also affected the country’s environmental quality through tech-
nology spillover. This paper tests the variables that may affect the ability of green innovation
by using the Granger causality test. It extracts the variables passed the test as input variables,
selects the number of patents as output variable, and evaluates the efficiency of various
provinces in mainland China by examining their yearly technological progress variables. At
the same time, technological progress is defined and divided into capital and environmental
factors, and then panel data using the variable coefficients model was used to fit influencing
factors to obtain impact coefficients of capital and environment. On this basis, this paper
makes the determination of membership to replace the general sense of ‘threshold’ value
by using fuzzy theory and proposes the concept of the ‘comprehensive threshold’ of eco-
nomic development and environmental protection. The results show that less than a quarter
of China’s provinces have crossed the comprehensive threshold. Finally, based on the con-
clusions of quantitative analysis, some suggestions are proposed that the Chinese govern-
ment ought to enact different strategies for the introduction of FDI according to different
development situations of different provinces.
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1 Introduction

In last several decades, China has pushed forward the inflow of international capital and the
rapid development of FDI through gradual reforms and promoted the rapid growth of the
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Fig. 1 FDI in selected countries and regions in 2010

national economy. According to the data released by the Chinese Ministry of Commerce
on January 18, 2011, the FDI absorbed by China has reached US $105.74 billion in 2010,
increasing by 17.4 %, thus reaching the highest level ever. According to the data released
by the United Nations Trade and Development (UNCTAD), the amount of FDI in China
ranked second in the world in 2010, just followed the United States, and ranked first among
developing countries (see Fig. 1).1 However, at the same time, this has led to various contra-
dictions and problems which attract widespread attention around the world. First, the cost
of domestic labor is gradually rising in China, which will stimulate the growth of domestic
consumption directly and promote the corresponding increase of overall consumer demand
in international market. This will facilitate a smooth recovery in the global economy, but
in the mean time the possibility to make profit from the comparative advantage of Chinese
labor is becoming smaller and smaller. Second, FDI always leads corporations to relocate
their plants and factories to states that are at the bottom of the economic chain, such as
China and other developing countries. Therefore, it becomes one of the main powers to pro-
mote technological progress in those places; however, in the post-crisis era, this investment
pattern may be reversed to some extent, thus breaking the inherent division of labor mech-
anism based upon comparative advantages between China and developed countries. This
helps foreign trade become more balanced, especially between China and the United States,
and pushes forward the re-balance of the global economy in the future for a long period of
time. Third, in order to minimize the cost of polluting production, some multinational com-
panies transfer pollution-intensive industries from developed countries and regions. These
industries are usually transferred from countries with high environmental cost to lower cost
countries and regions, including China. The problem is often exacerbated by local govern-
ments in some parts of China reducing the environmental control standards in order to attract

1Data are derived from “Global and Regional FDI Trends in 2010” issued by UNCTAD on January 17, 2011.
The data are not including the financial sector, being US $101.10 billion and lower than the data released by
the Chinese Ministry of Commerce on January 18, 2011.
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FDI to meet this shift. Though boosting the local economy, this can present a threat to the
local environment as well.

As for the above problems, different scholars have different views on whether sustainable
development of host countries, including China, are promoted or hindered by this situation.
Some scholars believe that there is a positive correlation between FDI and the labor cost of
the host country, and its inflows determines the extent of its affect upon the per capita income
growth of said host country (Kamalakanthan and Laurenceson 2005), which is inconsistent
with Webber et al. (2002). For the second problem, the Chinese scholars Zhang and Jiang
(2007), who have different views, believe that technology spillover effect caused by FDI is
the most important factor that affects the technological progress of host country. As for the
environmental protection of the host country, although some scholars have proposed that
the effects of FDI are not entirely negative (Harold and Runge 1993), most scholars believe
that FDI raises environmental policy stringency where the number of legislative units are
large, while reduces it where the legislative units are few (Matthew et al. 2009). We be-
lieve that FDI may have different impact in different countries and regions due to the labor
costs of host country, technological progress and environmental protection. Sometimes FDI
even have the opposite impact in two countries and regions. In China, the inflow of FDI is
a double-edged ‘sword’, which brings the high economic growth through high investment
and high consumption on one hand while brings the high discharge and high pollution on
the other hand. In addition, because of the vast territory of China, there is a huge differ-
ence among eastern, middle and western regions, and even in adjacent provinces the impact
of inflows of FDI may be different. This may be because there are several differences in
the economic development level, technology level, openness, policy orientation and so on
among different provinces; inflows of FDI could promote the local industrial structure and
technological progress in some provinces, while in some other provinces it had a huge neg-
ative impact on the local economic development, and may even lead to a greater destructive
effect on the environment (Song and Wang 2010).

In this paper, we chose the impact of FDI and compared it to the environmental quality
in the host country and the problems associated with technological progress as the research
emphasis, focusing on the FDI among different provinces in China, and on the basis of quan-
titative analysis of how FDI promotes and/or hinders the ability to innovate in a developing
green economy in each province of China. Taking the availability of data into account, we
collected as much data as possible and analyzed the index affecting green innovation by us-
ing Granger causality test (Granger 1969; Hatemi-J 2012), selecting the variables by testing
in order to construct the input and output index system, and then evaluating the environment
efficiency of the provinces by output-BCC approach, obtaining the yearly index data of
technological progress and dividing the data into capital and environmental factors. Finally,
panel data variable coefficient models were used to fit the two factors to obtain coefficients
of capital and environment factors. We also constructed ‘comprehensive thresholds’ taking
the technological progress and environmental protection into account, and set a ‘compre-
hensive threshold’ value, by which we can analyze quantitative effect of FDI inflows on
green innovation in the different provinces and make a contribution to the strategy of in-
troducing FDI. The rest paper is organized as follows. The second section briefly reviews
the related literature, and the third section builds the index system for evaluation, the fourth
section is the empirical analysis, and finally the fifth section presents conclusions and policy
implications.
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2 Literature reviews

MacDougall (1960) proposed FDI spillover effects firstly when he studied the general wel-
fare effects of FDI. Since then, many scholars began to study: (1) the motives and deter-
minants of FDI; (2) how to evaluate the multinational enterprises; (3) the impact of multi-
national enterprise activities; and (4) policy implications for the host countries (Fetscherin
et al. 2010). Kokko (1994) believed that the spillover can be considered as that FDI inflows
itself has a positive impact on productivity and economic growth and sustainable develop-
ment of the host country, which means FDI promotes and accelerates the progress of the
industrial technology process of the host country through indirect effects. However, many
scholars have come to opposite conclusions of the technology spillover effects of FDI, which
may be because of the prerequisites of FDI spillover that the host should had the capacity
to absorb advanced technology of multinational enterprises. Only in this way can FDI pro-
mote the increasing of production efficiency of host country and technological progress in
the host enterprises, which ultimately enhances the indigenous innovation capability of host
enterprises. In other words, the positive impact of FDI on growth ‘emerging’ only after the
host countries’ financial market development exceeds a threshold level. Until then, the ben-
efit of FDI is non-existent (Azman-Saini et al. 2010). China’s experience proved that, if the
host enterprises themselves had no indigenous innovation, the technology spillover effects
of FDI affecting the economic development of host country was not significant (Chen and
Liu 2006). Moreover, the role of the FDI spillover effect in a country like China is differ-
ent in different regions. Some scholars (Cheung and Lin 2004) have confirmed that relative
to the coastal and central regions in China, the spillover effects of FDI are stronger in the
western region where FDI inflow is spatially more concentrated. These studies explain that
the technical spillover effect, only appearing in the host country and the region which has
the better economic and technological level, may hinder the technological advances in the
region of economic and technological backwardness to some extent.

Some scholars (Borensztein et al. 1998) coined the term for the above phenomenon the
economic ‘threshold effect’, that is, only when the economic and technological development
level of the host is reached or exceeded a certain threshold value, the FDI is likely to promote
local technological levels. Because there is a high correlation between technical progress
and research and development investment levels, when the economic development level of
nation or region is higher, a better investment environment will be formed to attract more
FDI and technological spillovers will arise. Thus, the level of technological progress in
the host country or region will be generated, which is also the main reason of economic
‘threshold effect’.

On the other hand, despite of the economic ‘threshold effect’, if we take the positive and
negative impact of FDI inflows on host country environmental protection into account, we
can set an environment ‘threshold effect’. After Grossman and Krueger (1991) proposed and
defined the Environmental Kuznets Curve (EKC), some Chinese scholars believe that the
point of it can be seen as the ‘threshold’ that separates environmental quality from degra-
dation to improvement; many countries, including China, have experienced the so-called
‘threshold effect’ in the course of economic and social development and change (Han and
Lu 2008). For example, in the initial stage of industrialization of some developed countries,
there were once environmental deteriorations, like the destruction of the environment and
the pollution of air and water. However, after the economy of these countries developed to a
certain level, with the gradual increase in the per capita GDP, the quality of the environment
improved with economic growth. Therefore, a large number of high energy consumption and
high pollution industries in these countries were transferred to the developing host countries
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through the input of FDI. Walter (1982) and Walter and Ugelow (1979) attributed it to the
‘pollution haven hypothesis (PHH)’. Despite being highly controversial, PHH has still sub-
sequently proven to be correct by many scholars. Some scholars even go on to propose that,
if the developing countries as the host implemented lower environmental standards for FDI,
they will become prime locations of polluters (Baumol and Oates 1988). In addition, be-
cause of the worry that capital is flowing to countries with lower environmental standards
(usually developing countries), causing their pollution-related industries to be less competi-
tive, the counties with strict environmental standards are likely to compete to decrease their
own environmental standards, resulting in a decline of level of the world’s environmental
protection (a.k.a., a ‘race to the bottom’).

These judgments have been confirmed by several recent scholars. Jorgenson (2009) used
panel regression analyses to examine the effects of FDI on industrial organic water pollution
intensity in less-developed countries, and his results indicated that industrial water pollution
is positively associated with FDI in the manufacturing sector within less-developed coun-
tries. However, we still can not determine the negative correlation between FDI inflows and
environmental protection in the host county. Some Chinese scholars have come to the op-
posite conclusion. Through an empirical study of the effect of FDI on industrial wastewater
and other pollutants, Bao and Lv (2010) came to the results that there was a significant neg-
ative correlation between FDI inflows and the level of per capita emissions, and then they
denied that the PHH existed in China.

We believe that, although the above arguments have certain rationality, we can not sim-
ply generalize the effect of FDI on the host country’s technology and the environment. For
example, in terms of the environment, environmental quality not only relates to the par-
ticipation of FDI to the host country’s pollution-intensive industries, but also has a close
relationship with the authenticity and effectiveness of multinational companies carrying out
environmental management, and the advances in clean production technologies. Multina-
tional companies generally hold the relatively advanced and cleaner production technologies
and also have a stronger technical innovation capability in environmental protection. Under
certain conditions, they are likely to have positive effects on the environmental quality in the
host country through technology spillovers and promotion of the sustainable development of
the host country. Of course, this requires the active promotion of the host country. At present,
China’s per capita GDP was just over US $3,000, which is still far away from reaching the
threshold of improving environmental quality. However, environmental quality in China has
reached a serious situation which cannot be ignored. As a result, if we achieve rapid eco-
nomic development in the price of environmental damage, it is neither true development
nor sustainable development. Therefore, China must not only provide the necessary plat-
form for FDI technology spillover to promote indigenous innovation and the technological
progress of domestic enterprises, but also take active and strong measures regarding the in-
flows of FDI technology spillover to promote green innovation of FDI being widely used in
China without damaging the environment further, such as the construction of infrastructure.
Such comprehensive goals will also be laudable themselves of course, setting a new bench-
mark for development and managing FDI in other developing host countries. Therefore, this
paper attempts to analyze quantitatively the doubled impact of FDI inflows on Chinese en-
vironmental protection and technological progress. We will combine economic ‘threshold
effect’ and the environmental ‘threshold effect’, proposing a ‘Comprehensive threshold ef-
fect’ to measure comprehensively the quantitative relationship, quantitative characteristics
and quantitative limits in economic development, technological progress and environmental
protection.

In an effort to assess various measures of knowledge diffusion, Nelson (2009) compared
patent data about recombinant DNA technology to licenses and publications building on the
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same technology. He suggested that the evaluation of these measures highlights the errors
of both omission and over-representation in each step, and revealed potential biases tied
to organizational age and location. Recent studies have generally set the panel data model
to estimate the effect of FDI on technological progress of the host country. Kemeny (2010)
used panel data and applied a system GMM estimator that provides efficient estimates of the
exogenous contributions of FDI and social capability to technological upgrade. He pointed
out that FDI has a disparate impact depending on an economy’s level of development and
social capability. In addition, some other scholars (Qi et al. 2009; Banker et al. 2010) also
used non-parametric statistics, such as the efficiency analysis based on Data Envelopment
Analysis (DEA), to study this topic and achieved some better results. But only two inputs,
capital and labor, and one output are used in their DEA model, which affects the accuracy
of evaluation results. Therefore, it is necessary to evaluate the impact of individual variables
on technology by choosing an appropriate method, and then on this basis by using DEA and
the panel data model to test the technology spillover effect of FDI. From this, we will get a
more accurate measurement result.

3 Input and output variables selecting

As innovation is a relatively abstract concept, so far there is no uniform conclusion for the
selection of innovation evaluation index. Although in recent years some researchers have
constructed many evaluation index systems (Cao and Xiang 2009), they still cannot confirm
that those systems are able to achieve an accurate evaluation of innovation. In the interna-
tional arena, Pakes and Griliches (1984) had studied the quantitative relationship between
patents granted in different industries and research and development expenditures using a re-
gression analysis, finding a high correlation between the two. In this paper, we select patent
grants to measure innovation ability so that we preserve generality and make our results eas-
ily comparable to the conclusions of the previous references. As to the input variables, this
paper preliminarily selects all the indexes that may affect the patents granted, which includes
the amount of FDI, wage levels, technology promotion expenditures, industrial added value,
net fixed assets, labor variables data, and the total consumption of social retail goods. In
addition, it also includes the number of manufacturing jobs, the total scientific and technical
personnel, the domestic and foreign investment in fixed assets and data from other variables.

FDI can reflect the influence of foreign capital on local technology. Generally speaking,
FDI can improve the technology level, management ability and environment construction in
local area. More FDI will bring more improvement of the local country’s technology level,
technology innovations and increase of patent licenses. As to wage level, increase of work-
ers’ wage can encourage workers to work positively and increase their satisfaction with life,
which can bring more innovations and patent licenses in return. Industrial added-value and
net value of fixed assets are closely linked to the wage level and can affect the patents in-
directly as well. Total social retail product consumption indexes and employment are main
indexes of life happiness. Happiness of life has close relationship with independent inno-
vation ability. The higher level of happiness, the more innovation ability will be brought
out. Moreover, science and technology expenditures, gross science and technology person-
nel were also introduced here because they have directly function on the index of the patent
granted. The data of these factors are available from statistic year book and can be used in
our efficiency analysis after through Granger causality test.

Additionally, as this paper concerns green innovation, we must introduce certain vari-
ables related to environmental protection. Taking the availability of data into account, we
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Table 1 Granger test results

Note: ‘∗’ for 10 % level
significant, ‘∗∗’ for 5 % level
significant, ‘∗∗∗’ for 1 % level
significant

Note: the results obtained using
Eviews 7.0 software

Index name Lag phase I Lag phase II

FDI 0.6847 0.0015∗∗∗
Industrial wastewater 0.04608∗ 0.3224

Industrial solid waste 0.1081 0.0233∗∗
R&D expenditures 0.0070∗∗∗ 0.0301∗∗

will try to enlarge the range of variables, including industrial wastewater, industrial emis-
sions, industrial solid waste, energy consumption, oil, natural gas and hydropower and other
variables. Among these variables, industrial wastewater and waste gas are both undesirable
outputs variables, the value of which should be as little as possible due to their negative
effect on environmental protection. Similarly, when DEA is used to analyze the input vari-
ables, it requires the redundancy of input variables to be as little as possible. At this point,
the two variables motioned above reached a consensus; as a result we classify environmental
pollution variables as an input index, which can simplify the analysis procedure. We collect
and collate national data of the above variables first. We also believe that, although there is a
gap in production efficiency values in China’s provinces, the evaluation of the input and out-
put variables on environmental efficiency are applicable for the same period. Therefore, for
convenience, we assume that the input and output variables from all provinces are applicable
to the nation’s general situation. In this way, the conclusions we achieve in quantitative anal-
ysis using the national data can also apply to provinces. The data we use are derived from
the ‘New China’s 55 Years of Statistical Data Compilation’ and ‘China Statistical Yearbook’
from the year of 2006 to 2012.

As different selections of input and output variables can produce different evaluation
effects, how to build a more reasonable target system will be very important for the eval-
uation of FDI green innovation. This paper selects several variables that seem to be more
comprehensive to reflect the research, but the evaluation of the explanatory power of these
variables on subjects on which we focus by empirical quantitative analysis on the successive
relationship of input and output variables that affect each other are still needed. From a sta-
tistical viewpoint, if there is a significant Granger causality in the two stationary series, then
causality is also bound in the economic sense, which may not be established conversely.
Thus, we use the Granger causality test for variables to confirm the interaction causality
in various variables. Before conducting the test, we should first conduct a stationary test
and co-integration in various variables, including the number of patents. The results of the
stability test show that the index series are second-order stationary I (2) sequence, and co-
integration test results show that there is a long-run equilibrium co integration relationship
in various variables, except changes in natural gas and energy consumption and the num-
ber of patents. Therefore, natural gas and energy consumption variables should be removed,
then the Granger causality test is used to analyze the influence of the rest variables on the
number of patents.

It should be noted in Table 1 that ‘∗∗∗’ stands for the estimated coefficient significant at
1 % level, ‘∗∗’ represents the estimated coefficient significant at the 5 % level, ‘∗’ represents
the estimated coefficient of 10 % level significantly. The more the number of stars is, the
more significant the results are. In terms of selecting the lag phases, we choose the annual
data, of which the impact on innovation capability will not lag a significant number of years,
so the impact of the index data after two years on output can be ignored. As a result, we only
analyzed the impact of Lag phase I and II on the number of patents Y . Some of the variables
were removed as they had no explanation for the number of patents in the two lag intervals.
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Thus the remaining five variables are FDI Lag phase II, industrial waste water Lag phase I,
Industrial solid waste Lag phase II, research and development Lag phase I and Lag phase II,
as shown in Table 1. Data in the table is gained by the P value of the Granger causality test.
We set the significance level 0.05, so when P ≤ 0.05, Xi is the Granger cause of Y . The
co-integration test of FDI on the number of patents proved that it had a long-term stability
and equilibrium relationship with China’s innovation capability and FDI spillover effects
exist in China. Additionally, there is a Lag phase II impact of FDI on the number of patents.

4 Empirical analyses

At first, we evaluated the DEA technical progress for the selected variables, obtained the
frontier values of production technology, and calculated the average rate of technologi-
cal progress. Then on this basis, the average rate of technical progress is broken down
into capital and environmental factors, and then we quantify the effect of technological
progress respectively in the capital and the environment, and combined with data from vari-
ous provinces and cities we calculate the impact of capital and environmental on technolog-
ical progress respectively, as the theoretical basis of policy recommendations.

4.1 DEA assessment of technical progress

In this paper, we introduce the Malmquist productivity index based on DEA approach. The
index is used to measure the technical progress of China’s provinces because it has an out-
standing advantage that other productivity indexes don’t have, such as Luenberger index,
Hicks-Moorsteen productive index and Törnqvist productive index, (Diewert and Fox 2010).
Zweifei (2010) illustrated the different kinds of productivity indexes in details. Grosskopf
(1993) pointed that the Malmquist productivity index based on DEA can be used to mea-
sure the productivity growth and productivity efficiency of the system with multiple inputs
and multiple outputs. It is known that the economic development and environmental pro-
tection system is a complex system with multiple main input and output factors. Therefore,
we choose Malmquist productivity index as our productivity index where DEA approach is
applied to determining the production frontiers of different periods.

The basic idea of DEA analysis is to take the DMUs with the best performance
in the economies as benchmark and to determine the efficiency or technical level of
other DMUs through these efficient DMUs on the frontier (Cook and Seiford 2009;
Lozano and Villa 2010). In DEA analysis, the determination of the potential technologi-
cal frontier level in different periods is the basis for further calculation of productivity. We
put the output-oriented efficiency as the basis.

Suppose in each period t , DEA model has n DMUs, each DMU has m inputs and s out-
puts. The input variables vector Xj = (x1j , x2j , . . . , xmj )

T > 0 and output variables vector
Yj = (y1j , y2j , . . . , ysj )

T > 0 represent the input and output of DMUj respectively, where
j = 1,2, . . . , n. Because there is no evidence that output increase proportionally with the

increase of inputs in economic, this paper uses the model Output − BC2 which is under the
variable returns to scale (VRS) assumption.

maxZ0

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

∑n

j=1 X0
j λj ≤ X0

0
∑n

j=1 Y 0
j λj ≥ Z0Y o

0
∑n

j=1 λj = 1

λj ≥ 0, j = 1,2, . . . , n

(1)
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Fig. 2 The average rate of technical progress over the years

Here, we use the data of Chinese provinces as the DMUs for analysis. As the lagging
effect of investments, we select the number of patents from 2002 to 2011 as output variables,
industrial wastewater and research and development expenditures from 2001 to 2010, and
FDI and industrial solid waste and research and development from 2000 to 2009 as input
variables. For example, industrial wastewater and research and development expenditures
in 2001, FDI and industrial solid waste and research and development in 2000 produce
the outputs of patents in 2002. As the data from Tibet is incomplete, it should be removed.
Therefore, the Chinese mainland is divided into thirty provinces. Sources of variables are the
‘Statistical Yearbook of Science and Technology of China 2001–2012’ and ‘China Statistical
Yearbook 2001–2012’.

This paper extracts the DMUi of Pareto optimal (i = 1, . . . , n0) in period 1 by using the
Output − BC2 evaluation method, and merges it in period 2, then evaluates the efficiency of
DEA Output − BC2 in the second stage. At this time the DMUs that are Pareto optimal in
period 1 may not become the same again.

Assume DMUj0 (l = 0) is the Pareto optimal in l = 0, but it fell to below the production
frontier in l = t , and became an inefficient unit. Changes in the production frontier mean the
advances of production technology. Comparing the two efficiency evaluation value of DMUi

(i = 1, . . . , n0) in the first phase, we extract the DMUj in the production frontier in l = t , and
the efficiency values are Z0

j = λj , Zt
j = 1. Extracting the variables in the production frontier

in both evaluations can better reflect the advances of production technology. According to
the technological progress function that was defined by Solow (1957),

At = A0(1 + a)t (2)

where a represents the average progress rate. Then the average progress rate of production
technology is:

a = t

√
At

A0
− 1 = t

√
√
√
√ 1

n0

n0∑

j=1

Zt
j

Z0
j

− 1 (3)

The time span is one year, therefore t = 1.
According to formulae (1), (2) and (3), the calculated average rates of technical progress

are shown in Fig. 2.
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For some variables which are not in the production frontier in both evaluations, there
is also technical progress in the changes of period. This paper uses the annual technical
progress indicator to measure technical progress, by which we can transfer the difficult
quantitative variables effectively, in T in the Solow production function. The annual techni-
cal progress T can be measured by:

T = log(At/A0)

log(1 + a)
(4)

If some DMUs are not on the production frontier in period 1 but in period 2, it implies
that the DMU finishes the technical progress and remains above it during this time span,
which means the technological progress years are longer than the time span. At this time,
t > 0; quite to the contrary, t < 0. Technological progress years of provinces are shown in
Table 2.

4.2 The factor of decomposition of technology progress

The next step is to conduct further analyses on the factors affecting technological progress.
Input factors promoting the progress of technology are divided into capital factors and envi-
ronmental factors. Capital factors to consider are FDI and research and development funds
indices. Environmental factors to consider are industrial wastewater and solid wastes emis-
sions. The output index is a patent license number index. Using the DEA method, one can
obtain the annual progress rate of each factor, as illustrated in Fig. 3.

From Fig. 3, we can see the technological progress rate and the environment progress
rate have a significantly positive correlation, and the correlation coefficient is 0.8641. How-
ever, the capital progress rate and the environment progress rate have a negative correlation
relationship, which shows that environmental factors hinder the progress of economic de-
velopment. Now, many provinces are pursuing economic development by destroying the
environment, and this does not align with the requirements of sustainable development.
Therefore, the coordinated development of economy and environment should be correctly
handled, which becomes the primary thing in today’s society.

As to tests for the factors affecting the innovation ability, the variable coefficient test
model can be set as formulation (5) according to the panel data collected.

Tec = θ i liq + γ iEnv + C + μi (5)

In the model, μi is the random disturbance term, Tec is years of technology progress,
liq is the capital progressive factor, Env is an environmental progressive factor, and C is
a constant item. θ i and γ i are capital and environment influence coefficients, respectively,
which show the degree of influence that capital and the environment make on the progress
of technology. If the coefficient is positive, it indicates that it has a positive influence on the
progress of technology; conversely, it shows a negative side effect to technological progress.
In addition, if the regression coefficient is not significant, then it means that capital and
environment produced no apparent effect on technical advancement. Referring to variable
coefficient model, Eviews6.0 is applied to estimate the panel data model consisting of all
samples. The results are shown in Table 3.

From the data in Table 3, the goodness-of-fit of this model is quite high, and the value
of R2 is 0.9523 after adjustment. Overall, the model is significant and could be used to the
next step on the basis of this analysis. The results of the test showed that the capital progress
has a significant effect on the technological progress in almost all provinces, which indi-
cates that the present technological progress still depends mainly on the attraction of capital.
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Table 2 Technological progress years of Chinese provinces (2002–2009)

2002–
2003

2003–
2004

2004–
2005

2005–
2006

2006–
2007

2007–
2008

2008–
2009

2009–
2010

2010–
2011

Beijing 0.693 4.921 0.000 0.000 0.130 0.477 0.667 0.503 0.547

Tianjin 0.250 −4.279 2.010 3.217 0.736 1.034 −0.071 0.422 0.396

Hebei 0.215 −17.555 −1.714 2.149 −3.427 1.506 1.216 0.374 0.853

Shanxi 0.604 4.798 −0.093 4.645 −0.938 3.371 3.081 2.364 2.781

Inner Mongolia 0.136 −18.658 −1.475 −1.776 −1.791 −1.926 −2.051 −1.961 −1.981

Liaoning 0.292 −20.807 2.101 −2.167 4.037 −0.398 0.435 0.906 0.504

Jilin 0.109 49.053 0.027 1.716 −3.970 1.803 0.193 −0.157 0.340

Heilongjiang 0.701 −5.769 2.704 2.174 −5.765 4.683 0.102 0.303 1.119

Shanghai 2.086 −48.438 4.629 2.726 3.570 −0.067 1.021 1.204 0.895

Jiangsu 0.454 −3.096 −0.403 2.911 3.093 2.321 2.111 2.370 2.283

Zhejiang 0.066 −6.085 0.000 0.701 0.000 0.000 0.713 0.357 0.392

Anhui 0.275 −6.314 4.679 0.784 1.935 1.110 2.194 1.817 1.789

Fujian 0.995 −48.094 −5.593 0.819 −0.415 −1.321 0.464 −0.248 −0.249

Jiangxi 0.006 −55.224 −3.614 −2.118 0.150 −1.148 −0.067 −0.348 −0.424

Shandong 0.422 −20.034 −2.215 2.527 1.635 −0.014 0.573 0.609 0.474

Henan 0.860 21.259 0.000 4.456 −2.336 2.064 0.824 0.564 0.942

Hubei 0.300 5.971 2.306 1.069 1.670 0.527 0.460 0.722 0.604

Hunan 0.497 −9.651 −0.897 2.622 −1.841 −1.477 −0.145 −0.883 −0.780

Guangdong 0.000 0.000 0.050 0.000 0.000 0.000 0.273 0.136 0.150

Guangxi 0.937 −33.429 −2.423 −0.165 0.797 −0.106 −0.252 0.002 −0.096

Hainan 0.000 −7.786 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Chongqing 1.391 0.000 −1.953 0.013 −1.433 −0.217 1.364 0.330 0.531

Sichuan −0.066 14.223 4.015 4.867 0.000 1.272 1.374 1.068 1.201

Guizhou 2.020 0.283 4.366 2.459 0.000 0.000 −0.240 −0.120 −0.132

Yunnan 0.857 −16.195 1.765 −0.254 1.394 −1.467 0.714 0.195 0.018

Shaanxi −0.274 20.969 −1.441 6.508 −2.763 4.770 2.782 2.269 2.923

Gansu 0.451 10.068 6.905 3.807 4.839 −3.162 −0.319 −0.140 −0.798

Qinghai 0.000 0.000 0.000 0.000 0.000 0.000 −0.072 −0.036 −0.040

Ningxia 0.000 −33.300 0.000 −5.542 −7.743 1.157 −1.035 −1.719 −0.938

Xinjiang 0.000 0.000 0.000 0.000 0.000 −0.910 −0.692 −0.619 −0.699

Note: the values are calculated according to formula (1) to (4)

Among them, capital progress coefficients in Liaoning, Fujian, Shandong and Guangxi are
all above 2, which explain that the capital investment has great influence on the rising of
innovation ability in these regions—one year of progress in capital will lead to two years
of progress in technology. On the other hand, in many regions with negative environmental
progress, such as Inner Mongolia, Fujian and Guangxi, environment progress has a nega-
tive effect on technological progress, and this indicates that capital investment in these areas
has caused damages to environment to a certain extend. In general, test coefficients of envi-
ronmental factors in most provinces are not significant, which suggests that most provinces
and cities are more concerned about environmental protection and have better environmen-
tal pollution control. Liaoning and Shanghai do much better along these lines. The capital



58 Ann Oper Res (2015) 228:47–64

Fig. 3 Annual progress rates of capital factors and environmental factors

Table 3 Testing results of impact factors in provinces of mainland China

Province Capital progress Environmental
progress

Province Capital progress Environmental
progress

Beijing 0.4187∗∗ 0.8478 Henan 1.4213∗∗∗ −0.0858

Tianjin 0.3415∗∗∗ 0.0179 Hubei −1.7415 0.0477

Hebei 1.8145∗∗∗ −0.0323 Hunan 1.8741∗∗∗ 0.0974

Shanxi 0.9745∗∗∗ 0.0102 Guangdong −0.018 0.0135

Inner Mongolia 0.8396∗∗∗ −0.0748∗∗∗ Guangxi 2.3006∗∗∗ −0.0932∗∗∗
Liaoning 2.4580∗∗∗ 0.6287∗∗∗ Hainan 0.2234∗∗∗ 0.0474

Jilin 1.0551∗∗∗ 0.0211 Chongqing 0.4351 0.0399

Heilongjiang 1.4239∗∗∗ 0.0878 Sichuan 1.4166∗∗∗ −0.0229

Shanghai 1.2974∗∗∗ 0.0366∗∗∗ Guizhou 0.0797 0.0147∗∗
Jiangsu 1.2446∗∗∗ 0.1244 Yunnan 0.5202∗∗∗ 0.0296

Zhejiang 1.9441∗∗∗ −0.0003 Shaanxi 0.9847∗∗∗ 0.0051

Anhui 1.1684∗∗∗ −0.0094 Gansu 0.5579∗∗∗ 0.0319

Fujian 2.8273∗∗∗ −0.1064∗∗∗ Qinghai −0.0001 0.0484

Jiangxi 1.2252∗∗∗ −0.0238 Ningxia 0.8305∗∗∗ −0.0002

Shandong 3.5244∗∗∗ −0.0874 Xinjiang 0.0182 −0.0007

R-squared 0.9715 Durbin-Watson stat 2.0418

Adjusted R-squared 0.9523 Prob (F -statistic) 0

C −0.3187

Note: ‘∗’ for 10 % level significant, ‘∗∗’ for 5 % level significant, ‘∗∗∗’ for 1 % level significant

Data sources: according to Eviews 6.0 calculation results

progress influence coefficient and an environmental factor influence coefficient in Liaoning
are 2.4580 and 0.6287 respectively, and in Shanghai are 1.2974 and 0.0366 respectively.
Both are acceptable at a 1 % significance level. In comparison, capital progress in Liaoning
is superior to that in Shanghai, while environmental progress slightly inferior. Compared to
other provinces, Guizhou’s method of technological progress is unique. The investment of
capital has no effect on the province’s innovation ability, while environmental progress has
significant effect on it.



Ann Oper Res (2015) 228:47–64 59

In view of the fact that capital progress and environmental progress influence technologi-
cal progress at a different degree and that in the same year capital progress and environmen-
tal progress bring different effects, in order to manifest that the capital and the environment
have the same important position, this paper normalizes the capital progress and environ-
mental progress of thirty provinces and cities in mainland China:

θ̃ i = θ i

σθ

, γ̃ i = γ i

σγ

(6)

where, θ̃ i represents normalized capital influence coefficients, γ̃ i is normalized environ-
mental impact coefficient, σθ and σγ are standard deviation of capital influence and the
environmental influence respectively. In this paper, using the varying coefficient model to
estimate out capital and environmental impact coefficient still fails to eliminate the vari-
ance effect, but normalized coefficients eliminate the variance effect, making the influence
weight of capital and environmental variation on the progress of technology the same. In the
following table, standard progress levels can be obtained by adding the normalized capital
and environmental impact coefficients. Table 4 shows the size of its summation after sorting
provinces of capital influence and environmental impact coefficient and standard progress.

Normalized technique can be used for capital and environment influence effective di-
vision. We classify Chongqing, Jiangxi, Qinghai and certain other provinces, in which the
environmental factor has a positive impact on the total progress, into one cluster. Fujian and
Inner Mongolia, et al., which have negative impacts on total progress, are classified into one
cluster. Also, Shanxi, Guangdong and Xinjiang, whose coefficients are not significant, are
clustered into the same cluster.

The test results within the regions showed that, due to the geographical location, natural
conditions, economic base and policy inclination as well as certain other reasons, partial
regions with better economic development can endure the negative impact of FDI inflows
in the local market and make good use of the technology spillovers of FDI by relying on
its strong economic and technical basis and absorption ability. This can not only promote
the development of innovation, but also protect and refine the environment effectively along
with the investment of research capital in these regions, such as Liaoning, Shanghai and
Beijing. However, in some other less-developed regions such as Fujian, Guangxi and Inner
Mongolia, when FDI flows in, environmental quality and the spillover effect are counter-
productive, although their innovative ability is improved. There are also some much less
developed areas where the capital influence coefficient was not significant, while the envi-
ronmental impact coefficient was significant, and this explains why capital investment can-
not help to improve technology, but the environmental progress can help local technological
progress.

4.3 Measurement of the spillover effect ‘threshold’ value

Since the threshold effect was proposed, many scholars have misunderstood the threshold
value. Many Chinese scholars think that only when economic development reaches a certain
level, the foreign technology spillover effect can be acknowledged, and this is a result of
the study of the ‘threshold’ value problem. This paper doesn’t deny the existence of the
‘threshold’ effect, but it is against a particular set of figures for the so-called ‘threshold
value’. As mentioned above, there are many factors influencing the technological progress,
all of which are closely linked, so we cannot separate or extract some indices to explain the
size of threshold value. Zhang and Jiang (2007) extracted threshold values from economic
development level, openness degree and regional structure factors, and found that part of
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Table 4 Normalized progress degree of mainland China after sorting

Province Capital influence Environmental influence Standard progress

Anhui 1.0361∗∗∗ 0.1076 1.1437

Beijing 0.4272∗∗ 0.2034∗∗∗ 0.6306

Chongqing 0.4111 4.3222 4.7333

Fujian 2.7763∗∗∗ −0.5424∗∗∗ 2.2339

Gansu 0.5478∗∗∗ 0.1626 0.7104

Guangdong −0.0177 0.0688 0.0511

Guangxi 2.4136∗∗∗ −3.2052∗∗ −0.7916

Guizhou 0.0783 0.0749∗∗∗ 0.1532

Hainan 0.2194∗∗∗ 0.2416 0.461

Hebei 1.274∗∗∗ 0.1866 1.4606

Henan 1.3956∗∗∗ −0.4374 0.9582

Heilongjiang 1.3982∗∗∗ 0.4476 1.8458

Hubei −1.7101 0.2432 −1.4669

Hunan 1.909∗∗∗ −0.0015 1.9075

Jilin 1.8403 0.4966 2.3369

Jiangsu 1.2031∗∗∗ −0.1213 1.0818

Jiangxi 1.2221∗∗∗ 0.6342 1.8563

Liaoning 2.2591∗∗∗ 0.0315∗∗∗ 2.2906

Inner Mongolia 0.8155∗∗∗ −0.001∗∗∗ 0.8145

Ningxia 0.8244∗∗∗ −0.3813 0.4431

Qinghai −0.0001 0.2467 0.2466

Shandong 3.4608∗∗∗ −0.4456 3.0152

Shanxi 0.9669∗∗∗ 0.026 0.9929

Shannxi 0.9569∗∗∗ 0.052 1.0089

Shanghai 1.1473∗∗∗ 0.0479∗∗∗ 1.1952

Sichuan 1.391∗∗∗ −0.1167 1.2743

Tianjin 0.3353∗∗∗ 0.0913 0.4266

Xinjiang 0.0179∗∗∗ −0.0036 0.0143

Yunan 0.5108∗∗∗ 0.1509 0.6617

Zhejiang 1.7818∗∗∗ −0.1647 1.6171

Note: ‘∗∗’ for 5 % level significant, ‘∗∗∗’ for 1 % level significant

Data sources: according to the formula (6) calculation

the provinces and cities has passed the economic development degree threshold, but not
the openness ones, or have passed the openness threshold, but not the regional structure
threshold. The results of the policy implications are not very strong; therefore, we are unable
to draw any guiding conclusion.

This paper holds that the threshold is a fuzzy set function, and the final determination is
the probability of passing the threshold at some point. If the probability is larger, it means
the area has greater possibilities to cross the economic development threshold, and will also
have a great possibility to resist FDI inflows when absorbing it. At the same time, this can
improve the indigenous innovation ability as well. According to fuzzy theory (Gottwald
2006a, 2006b), the following membership functions are chosen:
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Table 5 Mainland China related provinces across the threshold probability

Province Membership Province Membership Province Membership

Shandong 0.9916 Hebei 0.4109 Fujian 0

Liaoning 0.9718 Hubei 0.4109 Jiangxi 0

Shanghai 0.8435 Shanxi 0.3709 Guizhou 0

Beijing 0.7884 Shaanxi 0.3709 Guangxi 0

Jilin 0.7750 Heilongjiang 0.3614 Tianjin 0

Jiangsu 0.6274 Henan 0.2539 Inner Mongolia 0

Zhejiang 0.5869 Hunan 0.2539 Chongqing 0

Yunnan 0.5266 Hainan 0.2539 Xinjiang 0

Sichuan 0.4269 Anhui 0.2120 Qinghai 0

Gansu 0.4196 Ningxia 0.0302 Guangdong 0

Data sources: according to the formula (7) calculation

μ =
{

0, x ≤ 1
1−e−2(x−1)

1+e−2(x−1) , x > 1
(7)

where, μ belongs to the probability of ‘crossing the threshold’, and x is the total progress in-
dex. This paper chooses yearly data, and this illustrated that when x ≤ 1, the total progress is
slower than the time development, so we can’t say it has already crossed the threshold; when
x > 1, we introduced the Sigmoid function moved an unit right, because the index function
has many advantages that other functions do not have. It is one of the neural network’s
classic effect functions, with its function image according with economic development of
dynamic movements. In this step, we eliminate Xinjiang, Qinghai and Guangdong, deter-
mine the fuzzy threshold of the remaining twenty-seven provinces, and judge total progress
index through membership functions. The results can be seen in Table 5.

From Table 5, it can be seen that provinces with a high membership degree are all in
eastern China, which shows that most provinces in the eastern area can effectively attract
FDI and defend against its impulse. They also make efforts on protecting the environment,
which prevents the negative influence upon environmental quality that goes along with FDI
spillover. The inspection coefficient of environmental factors in most of these provinces was
not significant except Liaoning and Shanghai, where the inspection coefficient has a posi-
tive impact as a result of their attention to the ecological environment. Provinces with lower
membership are mostly from the middle-west area of China. FDI in these areas has a much
smaller influence than on those of the eastern area, and can easily create strong environmen-
tal damage. In the provinces with 0 memberships, it is not the fact that foreign investment
has no influence in these areas, but that in some areas, the capital progress is offset by the
environment destruction, making the technology progress stagnant. For example, in Fujian,
the capital of progress can make technology a 3.6-year progress, as well as a 2.6-year envi-
ronmental regress. See Fig. 4.

5 Conclusions

Based upon data from Statistical Yearbook of Science and Technology of China, this paper
builds a data support index system by the Granger causality test method, and then it quan-
titatively analyzes their returns to scale, input redundancy and output insufficient condition
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Fig. 4 Membership (M) classifications of different provinces in China

by using the output-BCC model to distinguish between the capital factor and the environ-
mental factor. Then we use a variable coefficient model to quantify the degree of influence
of impact factors and use the membership function to determine the threshold value. The
results show that China’s current economic development level in total can trigger certain
technology spillover effects, and that there are about five to seven provinces which have
crossed the threshold value. Especially in some rapidly economically developing areas, FDI
inflows can exert a positive role in local economic and technological development.

According to the results, China should actively guide more FDI to Beijing, Liaoning and
Shanghai, because they have crossed the threshold value and can withstand the impacts that
FDI brings to the local environmental quality. The provinces, for which the environment has
not been influenced by FDI inflows, should vigorously develop local economic construction,
attract investment (while considering environment protection) and promote harmonious eco-
nomic and social development. At the same time, China should also put special funds for
environmental protection into Jiangxi, Fujian and Guangxi provinces, so that when the FDI
flows in, those provinces can build more effective pollution control facilities, reducing the
waste water and solid waste discharges, so that environment will not be greatly damaged and
sustainable development can be realized. For Guizhou province, it should make more effort
in the infrastructure construction and education; meanwhile, the government should also
help implement preferential policies and adjust the industrial structure in order to promote
local economic development and boost the FDI spillover effect.

It is important to emphasize that when evaluating the effect of FDI inflows of China, one
should pay attention to the effect on economy as well as sustain development in order to
balance the economic development and environmental protection. This paper puts forward
the ‘comprehensive threshold effect’, which can not only effectively resolve the economic
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and environment double evaluation problem, but it also give the government a point of ref-
erence, so that it can introduce FDI in one dimension. In addition, it has certain reference
value for China’s macroeconomic control and environmental expenditure flow. It can lead
FDI inflows to place with a great deal of marginal capital and better environmental manage-
ment as well, and this can not only bring more profits to foreigners, but also improve the
environment in China and leads to a ‘win-win’ situation for all parties.
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