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Abstract This study examined the stimulative effects of
Chinese enterprises’ participation in the global value chain
(GVC) on the progress of their green technologies. Using
difference-in-difference panel models with big data of
Chinese enterprises, we measured influencing factors such
as enterprise participation degree, enterprise scale, corporate
ownership, and research and development (R&D) investment.
The results revealed that participation in the GVC can consid-
erably improve the green technology levels in all enterprises,
except state-owned ones. However, the older an enterprise, the
higher the sluggishness is likely to be in its R&D activities;
this is particularly true for state-owned enterprises. The find-
ings provide insights into the strategy of actively addressing
Chinese enterprises’ predicament of being restricted to the
lower end of the GVC.
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Introduction

The development of global economic integration and
communication/information technologies has expanded and
refined the global value chain (GVC) and gradually formed
a new system of international labor reallocation and trade
(Humphrey and Schmitz 2000). In particular, the manufactur-
ing sector has largely globalized, and enterprises across coun-
tries are gradually transitioning from trading in goods to trad-
ing in tasks (Escaith and Inomata 2011). This has considerably
changed the approach of international trade theory toward
enterprise internationalization. Each enterprise in the GVC
serves as a link aiming to realize benefit maximization through
the import of intermediate products, processing, and exports.
In the GVC, the research and development (R&D) link bene-
fits upstream enterprises the most, as they obtain considerable
added value at low costs. The marketing link benefits down-
stream enterprises the most through further value addition
amid increasingly fierce competition with related channels.
These two links are generally dominated by developed coun-
tries. By contrast, the middle link, production, and
manufacturing benefit the least because production factors
are easily accessible, and most industries have reached matu-
rity. Most Chinese enterprises can be categorized as a produc-
tion and manufacturing link in the GVC that earn only slender
processing fees.

As the second largest economic entity and a country with
high emission, China’s economy is rapidly growing with an
extensive product model characterized by high input, energy
consumption, and emission. Over the past 30 years, that is,
since the reform and opening up of the economy, this growth
model has reached a bottleneck with problems such as excess
capacity, resource shortage, and environmental pollution. The
Fifth Plenary Session of the 18th Communist Party of China
(CPC) Central Committee in 2015 specially proposed that
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China works toward green and sustainable development and
sets up a safe and efficient modern energy system. In addition,
today, a growing number of citizens are focusing on coordi-
nated development between the environment and economic
growth and playing increasingly important roles in making
decisions on environmental treatment (do Pago et al. 2009;
Glucker et al. 2013). Numerous scholars have reached a con-
sensus that technological progress is a key factor in stimulat-
ing economic growth and improving environmental quality
(Aghion et al. 2012). However, with the recent deterioration
of the “demographic dividend” in China, the advantage of
labor cost no longer exists. Developed countries have moved
their businesses to Southeast Asian countries that have lower
labor costs. This compelled Chinese enterprises to retreat from
the GVC, which further aggravated the slowdown of the econ-
omy. In 2012, China entered the state of “new normal.”

Ever since Acemoglu (2002, 2003, 2007); Acemoglu et al.
(2015) proposed endogenized theories of technological prog-
ress and the existence of biased technological progress, nu-
merous related studies have emerged in the literature. This can
be attributed to the ability of biased technological progress to
explain crucial phenomena such as the labor employment
structure (Song and Wang 2016), income gaps among coun-
tries (Acemoglu et al. 2015), and changes in environmental
technology (Aghion et al. 2012). In addition to improvements
in living standards, there is a growing concern among people
regarding environmental influences on living quality. For ex-
ample, better personal relationships can improve international
trade (Macchiavello and Morjaria 2015), and higher fuel stan-
dards can improve the efficiency and direction of technologi-
cal applications (Klier and Linn 2016). Thus, recent studies
have extended the theory of biased technological progress to
the environment and proposed the concept of green technolo-
gy progress, that is, technological progress that can stimulate
energy saving and emission reduction (Acemoglu et al. 2012).
Some scholars believe that economic transition and structural
adjustments in China’s new normal have become the main
measures for improving economic situations. Industrial
upgrading significantly depends on biased technological prog-
ress (Guvenen and Kuruscu 2006), and the development of
green technologies can well improve environmental pollution
and resource shortage in China. Moreover, Feichtinger et al.
(2016) believe that the relationship between R&D and green
technologies is represented by an inverted U-shaped curve.
Thus, if China takes part in GVC, it should restructure indus-
tries and develop new growth strategies. Against the back-
ground of China’s economy embedded in the GVC, this study
focuses on whether environment-biased technological prog-
ress in the manufacturing industry can be stimulated to opti-
mize or upgrade the industrial structure.

Drawing on the approach of international trade theory to-
ward green technology, this study explores whether the par-
ticipation of the Chinese manufacturing industry in the GVC

(1) stimulates the progress of green technologies in enterprises
in the host countries, (2) optimizes their industrial structures,
or (3) further flattens the U-shaped profit curve to acquire
higher profits. We attempt to prove that following Chinese
enterprises’ entry into the GVC, there are significant differ-
ences in the progress of green technologies, which gradually
increase with an increase in participation. This study has the
following three objectives. First, we conduct a detailed esti-
mation of the participation degrees of enterprises in the GVC.
Then, using customs data for enterprises and an industrial
enterprise database, we calculate the rate of foreign value ad-
dition of exported goods. Second, we appropriately and effec-
tively measure the progress of green technologies. With most
empirical analyses adopting the index substitution method,
whose conclusions tend to be unstable, it is necessary to pro-
pose a universal measure. Thus, we use big data of enterprises
to ensure more stable conclusions. Third, we select appropri-
ate enterprises in the experimental and control groups to com-
pare changes in the progress of green technologies before and
after the enterprises’ participation in the GVC to clarify its
effects.

The remainder of this paper is structured as follows:
“Literature review” section provides Global value chain and
heterogeneous enterprises, Theory and demonstration of green
technology progress, and New research and theory of big data.
“Theoretical model” section presents Fundamental assump-
tion, Influence of labor transfer on green technology gap,
Influences of technology spillovers on green technology gap
between enterprises, and Combined influences of two effects
on green technology gap. “Model setting and index” section
describes Preliminary estimation model for influences of
GVC participation on green technologies and Retesting model
for relationship between GVC participation and green tech-
nology progress. “Empirical analysis” section provides
Preliminary regression analysis and Retesting influences of
participation degree on green technology progress and
“Conclusions”section provides ending and final statements
of the study.

Literature review
Global value chain and heterogeneous enterprises

The development of the GVC has attracted much scholarly
attention and triggered multiple theoretical explorations.
These theories can be divided into two types. The first type
includes theories that divide the GVC into homogeneous
decision-making units and exogenously preset the property of
each outsourced task. Related studies include Grossman and
Rossi-Hansberg (2008); Costinot et al. (2013); Baldwin and
Yan (2014), who emphasize industrial distribution and produc-
tion among different countries rather than the participation
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degree of enterprises in the GVC. The other type treats GVC as
a transnational corporation and the “trade in tasks™ in the in-
dustrial chain as a form of corporate contract. Thus, a key focus
of this study is the design of an optimal contract form. For
example, Antras and Chor (2013) studied how to improve the
control power of contractual relationships in a value chain to
obtain optimal benefits. Antras and Helpman (2004) stated that
enterprises’ participation in the GVC was determined by enter-
prises’ efficiency; that is, if efficiency is high, enterprises are
generally inclined toward participating in the GVC, and if not,
they choose not to participate. Melitz (2003); Bernard et al.
(2003) presented similar opinions. However, these studies sim-
plified their analyses by assuming that enterprises only under-
took simple and easy tasks. Moreover, they did not differentiate
between heterogeneous enterprises. In reality, when engaging
in production and processing tasks, enterprises are in a far more
complex situation than modeled in the literature. Therefore,
these models cannot simulate the present conditions, and thus
there remains research scope for the participation degrees of
enterprises in the GVC.

Recently, Upward et al. (2013) studied the heterogeneity of
enterprises: he calculated the domestic value added of Chinese
industrial exports to reflect the degree of enterprises’ partici-
pation in the GVC and found a correlation among domestic
value added, enterprise scale, trade model, and ownership
type. This indicated that participation degree was not devoid
of change but mutually interacted with multiple of the
aforementioned variables. Further, Chor et al. (2014) found a
strong correlation among enterprises’ positions in the GVC,
capital intensity, and technology intensity. This supported the
findings of Antras and Helpman (2004), who indicated that
the degree of capital and technology intensity had strong de-
cisive functions in GVC enterprises and the higher the inten-
sity degree, the greater the possibility of enterprises occupying
higher positions in the GVC. Although these scholars con-
ducted groundbreaking studies on enterprises’ participation
in the GVC, there remain gaps in the literature. For example,
Antras and Helpman (2004); Melitz (2003) adopted a theoret-
ical model to explain the relationship between enterprise effi-
ciency and degree of participation in the GVC, and thus, the
conclusions greatly depended on the models’ assumptions. To
ensure that our findings are conclusive, we attempt to find
practical evidence of heterogeneous enterprises’ participation
in the GVC under the state of new normal.

Most studies on heterogeneity, particularly those on the ef-
ficiency evaluation of heterogeneous enterprises, have been
conducted at a theoretical level. Theoretical modeling depends
on assumptions that cannot guide practices in China. At pres-
ent, the most efficient way of evaluating efficiency is the data
envelopment analysis (DEA). The issue of non-homogeneity
has also received increasing attention and emphases by scholars
(Fizel and Nunnikhoven 1992, 1993; Sexton et al. 1994); how-
ever, it was only after 2001 that “non-homogeneity” appeared
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as a single keyword (Haas and Murphy 2003; Saen 2007) in
mainstream journals such as the European Journal of
Operational Research. Drawing on these studies, we include
heterogeneous enterprises in our GVC models to more com-
prehensively and objectively reflect GVC practices in China.

Theory and demonstration of green technology progress

Biased technological progress can be traced back to Hicks’
theory of wages (1932). In his book, Hicks pointed out that
the objective of technological innovation is to save increas-
ingly scarce production factors. Subsequently, Kennedy and
Thirlwall (1972) proposed the “innovation possibility
frontier” from a technology supply viewpoint and stated that
a “frontier” determines a bias in technological progress.
However, due to the lack of a micro foundation, the progress
of'theoretical studies on biased technological progress remains
limited. Recent studies on biased technological progress have
adopted Solow’s model as a micro foundation and relaxed the
assumption of neutral technological progress in Solow’s resid-
ual values, considering that technological progress is general-
ly not Hicks neutral but bias. This redeveloped the theory of
biased technological progress (Aghion and Howitt 1992).
Acemoglu (2003) claimed that biased technological progress
comprised labor- and capital-intensive technological progress.
The former refers to technological progress that causes the
isoquant curve to move outward in the same direction as the
capital axis, indicating that the same labor can be combined
with higher production capital. The latter refers to technolog-
ical progress that causes the isoquant curve to move outward
and along the direction of the labor axis. According to
Acemoglu’s (2003) definition, biased technological progress
caused by adding different rates of technological progress to
both the capital and labor side in Solow’s production function
would be the quotient of the capital-labor marginal income
ratio and technological progress ratio. If the quotient exceeded
zero, technology would be more inclined toward capital; oth-
erwise, it would be inclined toward labor. Given the increasing
public concern regarding environmental problems, recent
studies on biased technological progress are accounting for
environmental factors that reflect living quality. Theoretical
models on green technology progress generally adopt an out-
put or input viewpoint. For example, Mannea and Richels
(2004); Popp (2004) examined climate change and the welfare
cost of optimal carbon tax based on output. Acemoglu et al.
(2012), on the other hand, adopted an input approach.
However, to conduct a comprehensive assessment of resource
saving and emission reduction, it is important to account for
both output and input aspects.

Some recent scholars have attempted to quantify the prog-
ress of green technology and most of them adopted DEA,
which is generally considered better than the stochastic fron-
tier analysis (SFA) because of its non-parametric estimation
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feature (Kou et al. 2016). Chambers et al. (1996); Chung et al.
(1997); Oh (2010); Sarkis and Cordeiro (2012); Zografidou
et al. (2016) suggested ways to measure green technology
progress; however, given their theoretical approach, their find-
ings on “total factor productivity with consideration of energy
input and pollution emission factors” do not reflect the true
connotation of biased technological progress (Ji and Wang
2014). A study relatively close to the theoretical assumption
is Lovell’s (2003), who divided Malmquist index into techno-
logical change (TECH) and efficiency change (EFFCH). The
TECH index was further divided into a MATECH, OBTECH,
and IBTECH indexes that respectively measure neutral tech-
nological progress, the promoting effects of varying techno-
logical progress on output, and bias in technological progress.
This method is being widely used to measure the features of
biased technological progress across nations (Chen and Yu
2014), industries (Managi and Karemera 2004), and micro
subjects (Walden et al. 2012). However, it can only qualita-
tively assess the direction of biased technological progress
based on the “rotation” and “radial deflection” of the produc-
tion frontier. Song and Wang (2016) proposed a new DEA-
based method to measure green technology progress and ex-
amined its relationship with the labor employment structure,
although their method can only measure two input factors and
one output and not multiple inputs and outputs. Song et al.
(2016); Cao and Wang (2016) also tried to evaluate the
environment-biased technological progress in different ways;
however, there was no consensus in these studies either.

New research and theory of big data

Research on environment-biased technological progress in the
field of environmental economies remains stagnant at the the-
oretical level with no empirical support given the lack of
methods to effectively and continuously measure such prog-
ress, which has also led to mixed evaluation results. However,
the increasing rate of pollution emission during production
processes urgently demands a standardized method to mea-
sure bias in technological progress. In recent years, the fast
development and wide application of big data have offered a
new perspective to measuring environment-biased technolog-
ical progress. The Environmental Protection Agency (EPA),
together with the Energy Information Administration (EIA),
sets up the Emissions and Generation Resource Integrated
Database (eGRID) using big data to acquire and provide data
on carbon emission from electricity generation in America.’
The National Science Foundation (NSF) has also collected
data on key technologies and processes that promote the sci-
ence and engineering of big data and applied them to five

! These include emission quantities and rates of oxynitride, sulfur dioxide, car-
bon dioxide, methane, and nitrous oxide. Please see http://www.epa.
gov/cleanenergy/energy-resources/egrid/index.html; accessed on March 5, 2014.

important industries: service, manufacturing, architecture, ag-
riculture, and mining (Tien 2013). Hence, many developing
countries have increased their efforts on big data research (Wu
et al. 2014). However, research on the use of big data remains
rare, especially to measure biased technological progress.
Moreover, factors such as volume, velocity, and variety in-
crease the complexity of the analysis (Ozdemir et al. 2013).
However, once hidden information in big data is successfully
extracted, the veracity and validation of research conclusions
will be strengthened, which in turn would increase people’s
enthusiasm toward big data analysis. Aronova et al. (2010),
therefore, proposed the concept of big science based on big
data and long-term ecologic research network to store suffi-
ciently large quantities of data using database systems
established by governments and financial groups to handle
various problems that may occur during scientific research.
Next, the selection of appropriate tools becomes a key element
in the development of actual big data value, especially large-
scale and multi-dimensional data streams in the field of envi-
ronmental science that are on higher temporal and spatial
levels. Although the United States Department of
Agriculture (USDA) and EPA have established a data ex-
change and share platforms, because big data research in the
field of environmental science still holds the status of the long
tail of science, real-time handling of data and resource sharing
still lag behind (Ellison 2010). Russom (2011) deemed that
the combined application of management science, data min-
ing, statistical inference, artificial intelligence, and natural lan-
guage handling can effectively solve difficulties caused by the
five V (volume, velocity, variety, veracity, and valorization)
features of big data. Steed et al. (2013) designed the visual
analysis system of an exploratory data analysis environment
(EDEN) to solve the problem of complex mass data; however,
the computed quantity by such methods was enormous and
conclusions could not be acquired. Schnase et al. (2014) be-
lieved that computing stimulative to technological transfers
and innovations could be applied to big data mining.
Pijanowski et al. (2014) proposed that neural network and
geological information system could be combined to analyze
big data. Nevertheless, further verification of these methods in
terms of credibility and reliability is needed.

In this study, we account for heterogeneity in the degree of
participation in the GVC to examine the extent and direction
of the correlation between enterprises’ participation and green
technology progress in the host countries. We treat labor force
as a carrier of green technology and indirectly expresses its
movement through labor force flow. We adopt large-scale data
as our research sample to demonstrate that the wage gap
widens following enterprises’ participation in the GVC, indi-
cating significant influences of the participation on green tech-
nology progress. The findings can serve as a practical basis for
the relationship between Chinese enterprises’ engagement in
global production and environmental protection.

@ Springer
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Theoretical model
Fundamental assumption

We divide enterprises in the host country into two types: en-
terprises in the GVC and those that are not (non-GVC enter-
prises). We assume that all conditions, except the
abovementioned one, apply equally across enterprises; in do-
ing so, the deviation of results caused by other conditions can
be avoided. From the differences between GVC and non-
GVC enterprises, we indirectly infer the influence of GVC
on green technology progress.

Assume that an enterprise becomes a link in the GVC pro-
duction chain post-participation. Then, the enterprise’s import
can be seen as intermediate product input and its exports are
intermediate product output. After an enterprise enters the
GV, it provides higher wages than those not in the GVC to
attract more talents, especially innovative talent, to satisfy the
upstream and downstream requirements for technological
progress. This results in a technological gap between both
types of enterprises in the labor market. The extent and chang-
es in this gap are related to the absolute wage difference be-
tween the two types of enterprises and the ratio of labor force
of GVC enterprises to the total labor force. This is known as
the labor force transfer effect.

GVC enterprises will affect product quality, technological
level, and management system of non-GVC enterprises
through imports and exports, technology transfers, and
grafting. In this case, non-GVC enterprises can learn from
and more conveniently imitate the green technologies of
GVC enterprises, thus reducing the gap between the two en-
terprise types. This is also known as a technology spillover by
GVC enterprises. To better describe the influences of GVC
participation on enterprises’ technological progress, we estab-
lish a two-sector model based on Acemoglu’s (1998) work
and make the following assumptions:

Assume that there are two production enter-
prises in the host country, a non-GVC enter-
prise (d) and GVC enterprise (f). Gross so-
cial output Y is composed of outputs Y, and
Y, of the two enterprises and satisfies the
constant elasticity of substitution (CES) pro-
duction function:

Assumption 1.

0 o 1/p

where +y refers to the degree of importance of product Y, pro-
duced by the GVC enterprise to the gross social output Y.

Assumption 2. Production of both Y, and Y, satisfies the
Cobb—Douglas production function:
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where A is the level of green technology, K is capital, L is labor
force, and E is energy. Assume that green technology progress
always has a functional relationship with labor and energy, but
energy is an exogenous variable. In the short term, labor force
can flow freely between enterprises and gross labor force is L.
Since the proportion of labor force in the GVC enterprise is 7,
that of labor force in non-GVC ones will be 1 —.

Assumption 3. Average social wage is (1 —n)wg+nwg in
which wy, is the average wage in a non-GVC
enterprise and wy is the average wage in a
GVC enterprise. The wage levels of the two
enterprises are increasing functions of techno-
logical progress. As the technological level in
a GVC enterprise is higher than that in a non-
GVC one, the technological gap between the
two enterprises will be a=a/fa;> 1.

Internal income distribution in each enter-
prise is equalized, that is, there is no techno-
logical gap within each enterprise.

Assumption 4.

Influence of labor transfer on green technology gap

To avoid the influence of a technology spillover on labor
transfer, we make the following assumption:

Assumption 5. There is no technology spillover between the
two enterprises; therefore, the gap in green
technology level between the enterprises is
constant.

A reason underlying labor force flow is wage gaps. A Theil
index is generally used to measure such a gap:

r=Y (’[1]%) (1)

where /; is the sum of wages of individuals in group i, / is total
wage, and N; is the number of individuals in group 7 and the
overall number of people. Assume a functional relationship
between wage and green technology. In this case, we extend
the Theil index to the Theil green technology index (TTI) to
measure the green technology gap. For simplicity, we set the

average social green technology level to A = (1-n)ay + nay,
where a;=f(A;) and a;=f(Ap. Then, according to above as-
sumption, the formula can be expressed as

L Ljas/LA Lsas. Leas/LA
ada Laaa/LA | Lyay, Leas/LA

TTI =
LA 1-n IA n
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This gives us

TTI =

(l—n)adlnai + 77aflnaf —ll’lg
A

(2)

Because the level of green technology is higher in GVC
than in non-GVC enterprises, the wage level in the former will
be higher than that in the latter. This wage gap can cause the
transfer of labor force from a non-GVC enterprise to a GVC
enterprise. To observe the influence of the labor transfer effect
on the green technology gap, we solve formula (2) for the first-
order derivative of 7 and set it to zero. Then, we can obtain

52_;1 - [af aitn(ag /aq)=n(acar)” +aq (ad—af)} /A =0,
(3)

This yields an optimal solution for the labor transfer effect:

B alna—a + 1
(1-a)’

sk

€(0,1), 4)

where 0 <n<n* and OTTI/On> 0. This indicates that in the
initial stage of GVC participation, with the transfer of labor
force, the technological gap between the enterprises continu-
ously widens. When labor transfer exceeds n*, n* <n<1,
and 0TTI/On<0. This means that with the transfer of labor
force, the technological gap between the enterprises begins to
decrease. In sum, under the condition that the green technol-
ogy level in a GVC enterprise is higher than that in a non-
GVC one, the labor transfer effect from the enterprise’s par-
ticipation in the GVC will widen the green technology gap at

first but reduce it in an inverted U shape.
To better measure the features of change to TTI, we seek
the second derivative of 77 and set it to zero. Then, we obtain
_ 2lna +1

k= S0 T 5
n a1 (5)

*

From the above analysis, we see that the labor transfer
effect influences a green technology gap between enterprises
in three phases. Assume that the green technology gap is
formed in three phases. The influence of a labor transfer on
green technology is illustrated in Fig. 1. In phase A, labor
force transfers from a non-GVC to GVC enterprise, causing
the gap to increase albeit gradually. In phase B, the labor
transfer reduces the green technology gap with a gradual rate
ofreduction, and in phase C, the speed of shrinkage caused by
a labor transfer gradually decreases.

Influences of technology spillovers on green technology
gap between enterprises

In this section, we include a technology spillover effect to
examine the influences of foreign direct investment (FDI) on
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Fig. 1 Influences of labor transfer on green technology gap

a technology gap between enterprises. Before doing so, we
make the following assumption:

Assumption 6. A GVC enterprise affects the innovation effi-
ciency of green technology in a non-GVC en-
terprise through a technological spillover, that is,

Aq=E(K/Ef)°, (6)

where ¢ is the coefficient of a spillover from a GVC enterprise
to the innovation efficiency of green technology in a non-
GVC enterprise, 0 is the extent of influence a technology
spillover from a GVC enterprise has on a non-GVC one, that
is, the coefficient of a technology spillover effect, and
0K/0§ > 0 and 0n/dd > 0.

According to assumption 1, on the premise of benefit
maximization, the relative demand of a non-GVC and
GVC enterprise is

Pr/Pq= W(Yd/Yf)l_p~

Then, a green technology spillover from a GVC enterprise
to non-GVC ones will be

(a=0) ) Bp-1
T S A o
ag V(KaEa)” \ &) \La
To observe a change in the green technology gap caused by

that in d, we insert formula (7) in formula (2) and perform a
derivation of . For simplicity, we set

U(KAEN (6N (L -p
A () e

Then, we obtain

OTTI _ (D)o (KEy) "Ind (KEr) "In(K/Ey)

: <0
00 1=n+ ) (KEf) ™"

(8)
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As 0T/0) < 0, an increase in a technology spillover from a
GVC to a non-GVC enterprise will reduce the green technol-
ogy gap between enterprises, which is consistent with reality.
Similarly, to better observe the influence on a technology gap,
we conduct a two-stage derivation of TTI and set it to zero.
Then, we obtain

ST (1-n)p*n(InK /) a[(1-n) (Ina + 1)—nalna + nd]

=0.
a* (1-n 4 na)’

©)

Therefore,
0* = ln(J/AO)/pln(KfEf) .

In the formula, Ay is a function of 7. When § < §*, STl
86*>0 and when 8> &%, &*TTI/05* <0. Thus, a technology
gap between the enterprises is a decreasing function of the
technology spillover effect coefficient 4, which means a tech-
nology spillover from a GVC to a non-GVC enterprise can
shrink the technology gap. Assume that the technology gap
between the GVC and non-GVC enterprises is formed in three
phases, and the ratio of the quantity of GVC enterprises to that
of non-GVC enterprises is 5:1. The influences of a technology
spillover on green technology progress are drawn in Fig. 2.
When 0 < §*, the shrinkage of a technology gap accelerates,
and when 0> §*, the shrinkage of a technology gap slows
down gradually.

Combined influences of two effects on green technology
gap

Given the existence of both labor transfer and technology
spillover, we deem that a change in the technology gap be-
tween enterprises after GVC participation is a result of a syn-
ergy between the two effects. If there is no system barrier in
the host country, wages and social benefits in GVC enterprises
will improve since local high-quality labor force will transfer
from non-GVC to GVC enterprises. Thus, the labor transfer

TTI

0O 0.2 0.4 0.6

0.8 deltad

Fig. 2 Line of influences
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effect will be the first to play its role. After a production peri-
od, the technology and management levels in non-GVC en-
terprises will improve by studying and imitating advanced
technologies and mature management experiences in GVC
enterprises. Only at this time does the function of a technology
spillover effect appear. This shows that a technology spillover
effect generally lags behind a labor transfer effect and the lag
degree is decided by technical barriers, patent systems, and the
enterprises’ ability to absorb.

We discuss the lag in the technology spillover effect under
two conditions. First, the technology spillover effect occurs
before the labor transfer effect and reaches a turning point.
This indicates that a technology spillover effect appears when
a technology gap caused by a labor transfer effect continues to
increase, which will result in two conditions: the speed of the
increase in the green technology gap begins to decline and the
highest value for a green technology gap caused by a labor
transfer effect lowers and appears in advance. In general, the
inverted U-shaped curve of a green technology gap will be
much lower and the turning point of the curve will move
toward the left. Second, a technology spillover effect appears
after the turning point of the curve. In this case, the position of
the turning point will not be affected, and the shrinkage of the
technology gap will be accelerated.

Model setting and index

Since we attempt to compare influences of participation and
non-participation in the GVC on enterprises’ green technolo-
gy progress, it is important to examine the progress of similar
enterprises prior to their participation in the GVC. Thus, we
use the data from China’s industrial enterprise database and
customs import and export trade database and combine them
using Upward et al. (2013) method. First, we match the names
of enterprises with particular years. Because some enterprises
may have changed their names, years and name variables are
used at the same time to avoid repeated or omitted calcula-
tions. Second, for enterprises that have not been identified, zip
codes of their locations and the final five telephone numbers
are included as variables. We assume that enterprises with the
same zip code use the same telephone number. We selected
the final five telephone numbers because some cities may add
new digits to the original telephone numbers, and the added
digits are generally at the first or second position.

We first must prove whether participation in the GVC will
generate notable differences in enterprises’ green technology.
However, a simple comparison of technological changes be-
fore and after participation in the GVC will not reflect actual
conditions. This is because first, the technological levels
across years may have systematic differences that cannot be
completely attributed to the participation in the GVC, and
second, green technology progress may be affected by the
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enterprises themselves or technology spillover effects from
other enterprises. Given these considerations, we use
difference-in-difference (DID) models to identify the influ-
ences of GVC participation. Enterprises in the western areas
significantly differ from those in the eastern areas, which
makes a comparison difficult. Thus, we use data for 35,248
enterprises in six provinces in central China (Henan, Hubei,
Shanxi, Hunan, Anhui, and Jiangxi). To build an experimental
environment favorable to the DID model, we select non-GVC
enterprises in Henan, Hubei, and Shanxi provinces as the con-
trol group and GVC enterprises in Hunan, Anhui, and Jiangxi
provinces as the experimental group. As the economic and
policy conditions in these six provinces are similar, other var-
iables are controlled for, except whether an enterprise partic-
ipates in the GVC. Moreover, provincial borders serve as nat-
ural barriers in restricting the influences of a technological
spillover on enterprises.

Preliminary estimation model for influences of GVC
participation on green technologies

In this research, we develop a DID model by deducting chang-
es in the green technology progress of enterprises in the con-
trol group from those of enterprises in the experimental group
before and after participating in the GVC. First, we consider a
simple measurement model:

GTPj; = By + b1 Ty + BrAi + B3 Ty x Ay + BaZ + €, (10)

where GTP is green technology progress and 7 is a dummy
variable for time. If enterprises are in the GVC, the value of T
will be one and zero otherwise. A is a state dummy variable,
whose value for the control group is zero and that for the
experimental group is one. Z is a control variable, including
enterprise scale, enterprise age, comparative advantages of
enterprises’ industry, and R&D ability. i refers to enterprise
and j to period.

Green technology progress (GTP)

We use the DEA method to measure green technology prog-
ress. Since green technology progress comprises energy-
saving and emission-reducing products, the literature still
lacks a mature and comprehensive measurement method.
According to Acemoglu et al. (2012) definition, the produc-
tion frontier contains deflections owing to the influences of
biased technological progress. Accordingly, we use the
slacked-based measurement method to simulate the deflection
progress of the production frontier. Assume production input
X and energy input £ in base period S and end period 7" Then,
the position of the production envelopment surface moves in
the direction of X, and that of the euclidean center A also
changes on the envelopment surface. During measurement,

we must consider the deflection of decision-making unit A’s
position on the production envelopment surface.

Under the same undesirable output, if both input and output
in period 7 increase compared with those in period S, or under
the same input, if output increased while undesirable output
decreased and in the meantime, the production envelopment
surface moved toward X, and this condition is termed
emission-reducing technological progress. In this case, we
calculate production technology efficiencies in periods S and
T by keeping constant the original production technology, that
is, the production frontier S. Thus, we get pf(x,,y,) and
pi(xr,yr). By keeping the production frontier 7 unchanged
and calculating the production technology efficiencies of A in
periods Sand 7, we get p! (x;, y,) and p! (x7, y7). Considering
that the changes in the production frontier are mainly caused
by those in technology and production efficiencies, if the fac-
tors of production efficiency change can be eliminated, then
we can derive the change in only production technology
efficiency.

Thus, the rate of change in production technology efficiency is

— pj;(xﬁys)/pi(xTayT)
a pl (x5, v5)/pL (X7, 1) (11)

Similarly, the rate of change in emission-reducing technol-
ogy efficiency is

P‘Z(sts)/P‘Z(xTaJ’T)
p[{(-x.wys)/p[];(xTvyT)

Dy = (12)

Thus, we can set up the Malmquist index of emission-
reducing technological progress (ErBP) as

ErBP = VDB/DX

:¢@mmW@mwﬂ/@m%Wﬂwm0
b X5, 5) /o ersyp) 1 pL (s, w) /oL (xrsvp)

(13)

IfErBP > 1, emission-reducing technology progress is like-
ly to exist, that is, the larger the value of ErBP, the more
significant the emission-reducing technological progress.
Similarly, the Malmquist index of energy-saving technology
progress (EsBP) is

EsBP = \/DB/DX

V%%%V%Wﬂﬂ/@%%ﬂ@mwﬁ

g (s, v)/ pECers yr) [ ok (%6, v5) / px (r vr)”
(14)

If EsBP > 1, energy-saving technological progress is likely
to occur, that is, the larger the value of EsBP, the more signif-
icant the energy-saving technology progress. As
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improvements in environmental quality simultaneously re-
quire energy saving and emission reduction, we define a com-
prehensive green technology progress index as

EBP = ErBP x EsBP = \/(Dj x Dg)/D>. (15)

In addition to the proportion of foreign value added, we
need to control for other indexes that may influence green
technology progress.

Enterprise scale

According to Schumpeter, large-scale enterprises with a low
competition degree have higher innovation potential because
they have large quantities of internal resources, such as capi-
tal, technology, and talents. Internal funds in large-scale enter-
prises can better support multiple R&D activities, control new
product prices, and undertake R&D risks. In addition, large-
scale enterprises face less market uncertainty and can raise
funds more easily. Hence, we select large-, medium-, and
small-scale enterprises as our explanatory variables that are
included as dummy variables.

Enterprise age

It is commonly considered that the longer the operation of an
enterprise, the more capable it is in dominating a market trend
and the higher its R&D motives. We use the differences be-
tween the current year and enterprises’ registration year as the
age variable, whose coefficient is preliminarily judged as
positive.

Comparative advantage of enterprises (RCA)

We reference the Balassa index, used to measure price ratio
advantages, to construct a measurement index for RCA as
follows:

X/ X5
RCA = L’ (16)
XioX;

where Xj;; is the amount of exports of enterprise j, in industry 7,
in year ¢, and X7}, is the gross global export in industry 7, in year
t. If RCA < 1, the amount of enterprise j’s export in year ¢ is
smaller than the average amount for industry i in that year. In
this case, the enterprise has a comparative advantage. As for
the enterprises in this study, since they have similar economic
and policy conditions, having comparative advantages in the
whole industry means more advanced technology and greater
productivity than other enterprises. Thus, we preliminarily

judge the regression coefficient of this variable as positive.

@ Springer

Research and development capability (RD)

Since R&D activities are conducted to add value to an enter-
prise, an increase in R&D investments does not necessarily
mean the strengthening of R&D capability. From the calculated
rate of foreign value added in the above context, we see that the
participation degrees of enterprises producing polluting and
technology-intensive products in the GVC are higher. Hence,
R&D in an enterprise has two directions: green technology that
stimulates energy saving and emission reduction (RD;), and
production technology that simulates improvements in technol-
ogy intensity (RD,). In addition, the demand for technological
progress tends to differ by industry. For example, the paper-
making and communication industries have higher demands
for progress in its green technology than production technolo-
gy. Therefore, we use the ratio of the production value of new
products to total corporate profit to replace RD,; the higher the
ratio, the stronger the R&D of the enterprise’s production.
Production efficiency that accounts for environmental factors
is used to replace RDy; the higher the production efficiency, the
stronger the R&D for green technology. Using Tone’s (2001)
method to improve the model, we derive a computational for-
mula for green technology R&D as follows:

s; st st
=112 (=
ey ( Ei nPro)/( +Pffro)’

n

S.t. AJEJ‘+S;:E0,

Jj=1

Ajnp; + s, = npy, (17)
=1

Zl Apfti=s, = pfto.
=

A=0 s, s, s7>0,

ry Pr =

where p is green technology R&D; E, np, and pfi are energy
consumption, production value of a new product, and total
corporate profit, respectively; s;, s,, s are slack variables
and ) is a parameter.

Retesting model for relationship between GVC
participation and green technology progress

In this section, we continue to test the influences of GVC
participation on green technology progress. Given the discus-
sion thus far, we build the following measurement model:

GTP; = ag + a1FVAR; + aoZ + ¢; + ¢, + &, + 1, (18)

where FVAR is the proportion of the foreign value added of an
enterprise’s exports, which expresses the participation degree
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in the GVC, and Z is a control variable. To eliminate the
interference of industrial characteristics, regional development
disparity, and economic fluctuations in the regression results,
we add fixed effects of industry ¢;, province ¢,, and time ¢, to
the model.

We adopt Upward et al.’s (2013) method to calculate the
proportion of the foreign value added of an enterprise’s ex-
ports. The method assumes that enterprises are complete links
in the GVC, and all processing trade imports of the enterprises
are intermediate inputs to process trade exports and interme-
diate inputs of general trade imports are used for domestic
sales and general trade exports. Hence, the proportion of for-
eign value added of an enterprise’s export is

MP +X°[M°/(D+X°)]

FVAR =
Vv ¥ ,

(19)

where M and X are the enterprise’s imports and exports, D is
domestic sales, superscript P is processing trade, and O is
general trade. The data are obtained from the customs statistics
and census database of industrial enterprises. As for the con-
dition that foreign value added exceeds total export during
computation, we set the foreign value added such that it equals
total exports.

Using this method, we derive the FVAR index after com-
putation to replace the participation degree index. As
shown in Fig. 3, the proportions of foreign value added in
the papermaking and paper product, waste resources, and
materials recycling, and chemical fiber manufacturing in-
dustries are high. In addition, the proportions of foreign
value added in communication equipment manufacturing
and computer and other electronic equipment manufactur-
ing, which account for 42 % of China’s total export volume,
are also relatively high. This indicates that intermediate
products are polluting, and capital intensive can acquire
higher earnings in industries with export advantages in
China, and these industries have significant degrees of par-
ticipation in the GVC.

Empirical results
Preliminary regression analysis

To verify whether the participation of an enterprise in the
GVC affects its green technology progress, we conduct a re-
gression analysis on model (10), the results of which are
shown in Table 1. In the table, columns (1)—(3), respectively,
are the regression results for the large-, medium-, and small-
scale enterprises’ green technology progress when controlling
for production technology input. Columns (4)—(6), respective-
ly, show the regression results for large-, medium-, and small-
scale enterprises’ green technology progress when controlling
for green technology input. The results indicate that green
technology progress will be stimulated irrespective of the di-
rection of R&D input (production or green technology).
However, the fixed effects of these enterprises on green tech-
nology progress significantly vary. That is, the larger the en-
terprise scale, the greater the emphasis on green technology
progress. This is in line with Chiara and Ivete (2011) findings
on the relationship between enterprise scale and R&D input.
In this study, we focus on the regression coefficients of time
dummy variable, state dummy variable, and cross terms. From
Table 1, we know that the time dummy variables are notably
positive when other variables are under control, which indi-
cates that green technology progress has a self-improvement
trend and the smaller the enterprise scale the more significant
the trend. The regression coefficients of the state dummy var-
iables are non-significant, indicating no significant difference
between the control and experimental groups. Only when
there is no difference between the two groups will the post-
participation changes be our desired results. We also find that
the regression coefficients of the cross terms are notably pos-
itive, indicating that the enterprises’ participation in the GVC
does have stimulative effects on green technology progress
and such effects are expressed more obviously in large-scale
enterprises. This may be because large-scale enterprises are
able to better absorb technology spillovers from developed

Fig. 3 Proportion of foreign 1
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Table 1 Preliminary regression

results Variables )] 2) (3) “) &) (6)
C —0.75 1% —0.572%%% —0.670%% —0.994 —0.837#% —0.719%
(-39.05) (—48.10) (-20.97) (-31.92) (-32.19) (—42.17)
T 0.153## 0.172%%% 0.206%#* 0.132% 0.140%% 0.168%
(3.48) @.71) (6.63) (8.02) 9.36) (7.25)
A 0.541 0.687 0.108 0.616 0.258 0.678
(0.08) 0.14) 0.07) (0.08) (1.07) (1.02)
T*A 0.42] %% 0.398%# 0.334pk30% 0.416%%% 0.2293% 0.267%5%
(6.98) (6.76) (6.29) (5.32) (7.28) (7.21)
RD, 0.176%% 0.175%#% 0.182%%%
(10.29) (10.39) (12.08)
RD, 0.201 %% 0.1993# 0.183%#
(11.37) (10.91) (9.48)
Age —0.032% —0.017%#%% —0.008## —0.044%%% —0.041 %% —0.029%*
(-5.14) (—3.94) (—4.21) (—5.22) (-3.33) (—4.59)
RCA 0.394##% 0.420%#% 0.338s#% 0.2097##% 0.347%#% 0.318%#%
(18.84) (15.29) (15.74) (15.36) (14.33) (13.72)
Scale B 0.149% 0.173 %%
(5.59) (6.88)
Scale M 0.126%#% 0.126%%
(3.97) (3.20)
Scale S 0.102%%% 0.085%
(7.29) (3.75)

Notes: Scales B, M, and S refer to a large-, medium-, and small-scale enterprise, respectively. The values in
parentheses are ¢ statistics for regression coefficients

*, %% and *** denote the passing of the test under the 10, 5, and 1 % significance levels, respectively

countries and undertake R&D costs. Enterprise age is notably
negative, which is contradictory to our previous judgment.
The larger the enterprise scale, the more obvious the negative
relationship between age and green technology progress. This
can be attributed to enterprises’ sluggishness in R&D and
management and the larger the enterprise scale, the higher
its sluggishness given the lack of competitive pressure.

Retesting influences of participation degree on green
technology progress

The preliminary regression analysis already proved that en-
terprises’ participation in the GVC influences their green
technology progress. In this retest, we attempt to demon-
strate the relationship between the participation degree and
green technology progress. In this section, we treat FVAR,
an index for enterprises’ participation degree in the GVC, as
the kernel variable. Table 2 shows the estimation results
obtained using formula (18). Columns (1)—(3), respectively,
show the influences of state-owned, foreign, and Hong
Kong, Macau, and Taiwan enterprises on green technology
progress in the case of large-scale enterprises. We find that
the correlation between the participation of large-scale state-
owned enterprises in the GVC and green technology
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progress is not significant, while that of foreign enterprises
and Hong Kong, Macau, and Taiwan enterprises are notable.
From the regression coefficients for ownership type, all the
three enterprises focus on improving green technology, but
the stimulative effects on state-owned enterprises are not as
significant as in the case of the other two types. From the
two findings above, we know that although state-owned
enterprises try to improve green technology, they may still
miss the opportunity for self-improvement because of their
slow response to technological factors. Columns (4)—(6)
present the influences of the three types on green technology
progress in the case of medium-scale enterprises. Similarly,
the FVAR index is non-significant during the regression
progress of state-owned enterprises, but the participation de-
grees of foreign enterprises and Hong Kong, Macau, and
Taiwan enterprises stimulate improvements in green technol-
ogy. In fact, their degree of stimulation is higher than that of
large-scale enterprises in green technology progress, indicat-
ing that enterprise scale and ownership structure are impor-
tant factors in determining green technology progress.
Similar to the preliminary test results, the enterprises’ com-
parative advantages are all positive, and foreign enterprises
are more capable of improving green technology regardless
of scale. As for enterprise scale, we find that large-scale
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Table 2 Retesting GVC
participation effects on green Variables )] () 3) “ (5) (6)
technology progress
C 0.824#* 0.964##* 0.8747##:* 0.486%#* 0.716%** 0.846%#*
(40.91) (38.95) (37.01) (29.95) (38.50) (37.09)
FVAR 0.015 0.024%* 0.021%%* 0.012 0.048%* 0.039%#*
(1.05) (2.44) (2.39) (0.81) 2.37) (2.53)
Scale B 0.103* 0.072%%* 0.091%*
2.01) (2.33) 2.57)
Scale M 0.092%* 0.068** 0.085%*
(1.97) (2.82) (2.69)
RD, 0.183%#** 0.102%%** 0.127%%* 0.103%** 0.0827%%** 0.067 1#%*
(12.05) (18.79) (16.38) (14.07) (13.62) (18.36)
RD, 0.045* 0.066* 0.038* 0.031* 0.094* 0.057*
(1.97) (2.04) (2.01) (1.98) (1.96) (1.99)
Age —0.010%#** —0.008%##* —0.009%** —0.008%** —0.006%** —0.007##*
(=3.97) (—4.20) (-4.32) (=3.77) (=5.45) (=3.61)
RCA 0.236%#* 0.301%* 0.262%* 0.225%#* 0.361%##* 0.267%#%**
(10.71) (12.08) (11.81) (9.46) (8.39) (7.62)
State 0.077%** 0.064%**
(5.28) (6.44)
Foreign 0.095%%*%* 0.0877#**
(13.76) (10.19)
HMT 0.098%*** 0.088#**
(21.09) (13.01)

Notes: Scales B, M, and S refer to a large-, medium-, and small-scale enterprise, respectively. We control for the

fixed effects of time, province, and industry

Foreign refers to foreign-invested enterprises and HMT to Hong Kong, Macau, and Taiwan enterprises. The
values in parentheses are ¢ statistics for regression coefficients

* %% and *** denote passing the test at the 10, 5, and 1 % significance levels, respectively

enterprises pay more attention to improvements in green
technology than medium-scale ones.

Conclusions

The formation of a new international labor division and trade
system under the GVC has provided a new perspective for
empirical analyses on new trade theories. However, whether
GVC participation can help enterprises improve their green
technology progress under the condition of global labor divi-
sion remains an open question. Drawing on Upward et al.
(2013), we derive the foreign value-added index and treat it
as a kernel variable to measure the degree of enterprises’ par-
ticipation in the GVC. Then, by analyzing the differences in
enterprise ownership, enterprise scale, and R&D inputs, we
observed the effects of various enterprises’ participation in the
GVC on green technology. Our conclusions are as follows:

a) An enterprise’s participation in the GVC is beneficial to
improvements in green technologies. Although China has
the highest volume of import and export trade in the

b)

world, Chinese enterprises remain at the lower end of
the GVC, dependent on others for core technologies,
and lack competitiveness. Even though some enterprises
can absorb advanced foreign technologies, expected
R&D objectives are yet to be satisfied owing to the limi-
tations of an enterprise’s scale. In addition, although en-
terprises being able to improve their green technologies
without GVC participation, the scope for such improve-
ment is far less than that brought about by technology
spillovers and labor transfer effects through enterprises’
participation in the GVC. Therefore, improvements in
production efficiency and core competitiveness through
the transformation of the growth model and adjustments
to the trade structure are prerequisites to enterprise value
maximization and green technology progress.

The higher the participation degree in the GVC, the stron-
ger will be the effects on green technology improvement.
Foreign and HMT enterprises can absorb advanced tech-
nologies more quickly than state-owned ones. At present,
the Chinese economy is facing structural adjustments and
shifts in growth speed. Factor conditions that support in-
dustrial development are changing and instability is
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increasing. These conditions render market sensitivity
and control ability as crucial factors. Therefore, it is im-
portant to propel reforms for state-owned enterprises and
seek effective ways to realize green technology progress
in enterprises based on their participation degree in the
GVC.

c) Larger enterprise scale and improved production efficien-
cy are beneficial to green technology progress. However,
from the empirical analysis, the older the enterprise, the
more sluggish it becomes. A fundamental solution in this
case is establishing reasonable development from a long-
term perspective. Therefore, given the slowing down of
China’s economic growth, it is important to increase R&D
input to improve the quality and technological content of
exported products and establish national brands abroad to
obtain R&D input and sales profits that can improve in-
ternational competitiveness. Such competitiveness can, in
turn, positively affect green technology progress, imply-
ing a virtuous circle for enterprises.

In comparison to developed countries, China lags behind in
technological development. However, it can still exploit the late-
mover advantage to realize rapid development through learning
and imitation during GVC participation. Undoubtedly, pure de-
pendence on technological introductions has significant negative
effects. It is important that enterprises implement self-innovation.
At present, with China increasingly integrating in globalized
systems, trade influences should be given sufficient emphasis.
Import from advanced countries should be encouraged to simu-
late clean production and green technology innovations. In ad-
dition, advanced environmental protection concepts and technol-
ogies in developed countries can be imitated and further devel-
oped, fully exploiting the technology spillover effects of trade.
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