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Abstract

Promoting the application of industrial robot (IR) is an important module for China to build

core competitiveness, and it is also the main grasp of global value chain participation

(GVCP). Using China manufacturing industry panel data from 2006–2014, working from the

perspective of product upgrading, this paper empirically analyzes the impact of IR applica-

tions on GVCP. The empirical results show that IR applications weaken China’ incentives to

participate in global value chains (GVCs); this weakening effect is reflected in both forward

and backward participation in GVCs. On the one hand, the mediation effect test results indi-

cate that the product upgrading effect brought about by IR applications can help China

achieves the import substitution of intermediate inputs and uses local intermediate inputs to

produce exports. These steps would reduce the backward participation in GVCs. On the

other hand, the localization of manufacturing can result in China losing the opportunity to

export intermediate inputs to other economies, thus reducing the forward participation of

GVCs. Of course, due to sample limitations, the research conclusions of this article are only

applicable to interpreting the Chinese economy.

Introduction

Global value chains (GVCs) are global cross-firm network organizations that connect the pro-

cesses of production, distribution, recycling, and disposal to realize the value of goods or ser-

vices. This involves the entire process, from the procurement and transportation of raw

materials, production, and distribution of semi-finished and finished products, to final con-

sumption, recycling and disposal. Global value chain participation (GVCP) is an important

way to promote international trade expansion, productivity, and employment growth in econ-

omies [1, 2]. The GVCs theory believes that GVCP can be divided into forward and backward

participation. Forward participation is when economies export intermediate inputs used by

other economies to produce exports; backward participation is when economies import the

intermediate inputs used to produce exports [3, 4].

PLOS ONE

PLOS ONE | https://doi.org/10.1371/journal.pone.0293399 November 8, 2023 1 / 22

a1111111111

a1111111111

a1111111111

a1111111111

a1111111111

OPEN ACCESS

Citation: Zhang S (2023) Impact of industrial robot

applications on global value chain participation of

China manufacturing industry: Mediation effect

based on product upgrading. PLoS ONE 18(11):

e0293399. https://doi.org/10.1371/journal.

pone.0293399

Editor: Essossinam Ali, University of Kara, TOGO

Received: April 24, 2023

Accepted: October 11, 2023

Published: November 8, 2023

Peer Review History: PLOS recognizes the

benefits of transparency in the peer review

process; therefore, we enable the publication of

all of the content of peer review and author

responses alongside final, published articles. The

editorial history of this article is available here:

https://doi.org/10.1371/journal.pone.0293399

Copyright: © 2023 Shuangzhi Zhang. This is an

open access article distributed under the terms of

the Creative Commons Attribution License, which

permits unrestricted use, distribution, and

reproduction in any medium, provided the original

author and source are credited.

Data Availability Statement: All relevant data are

within the paper and its Supporting information

files. The dataset of this paper has been uploaded

as an attachment in the submission system and

has been uploaded to the Dryad database. DOI:

https://orcid.org/0000-0001-9408-3641
https://doi.org/10.1371/journal.pone.0293399
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0293399&domain=pdf&date_stamp=2023-11-08
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0293399&domain=pdf&date_stamp=2023-11-08
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0293399&domain=pdf&date_stamp=2023-11-08
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0293399&domain=pdf&date_stamp=2023-11-08
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0293399&domain=pdf&date_stamp=2023-11-08
http://crossmark.crossref.org/dialog/?doi=10.1371/journal.pone.0293399&domain=pdf&date_stamp=2023-11-08
https://doi.org/10.1371/journal.pone.0293399
https://doi.org/10.1371/journal.pone.0293399
https://doi.org/10.1371/journal.pone.0293399
http://creativecommons.org/licenses/by/4.0/


Entering the digital economy, the application of new generation information technologies,

such as the internet, big data, and artificial intelligence (AI), has significantly impacted GVCP

[5, 6]. Some studies have shown that the development and application of information and

communications technologies (ICTs) facilitate the GVCP of economies [7]. This is mainly

because advances in ICTs create favorable conditions for developed economies to transfer cer-

tain stages of production and manufacturing to developing economies [2]. Ali and Gniniguè
[8] used second generation panel data for 41 African countries from 1990 to 2018 and found

that GVCP, digitalization, and renewable energy are key determinants of structural transfor-

mation in Africa. Thus, on the one hand, developed economies can export intermediate inputs

by other economies for the production of exports. On the other hand, developing economies

can import the intermediate inputs used for the production of exports. However, global trade

has changed profoundly since the financial crisis, with trade becoming increasingly concen-

trated within regions, rather than across regions [2]. Some studies have also attributed the

shortening and reflow effects of global value chains to the developing and applying of digital

technologies [2, 9]. From the studies available in existing literature, there are no consistent

findings on the impact of digital technologies on participation in GVCs.

Industrial robot (IR) as the main representative of AI, it not only continues to replace

human jobs, but also changes the production organization and business management patterns

worldwide, having a significant impact on the dynamic evolution of GVCs [10, 11], and thus

there is literature that is dedicated to the impact of IR applications on participation in GVCs

[7, 12, 13]. As with the impact of digital technology applications on GVCP, the existing litera-

ture on the impact of IR applications on GVCP is inconclusive. Stapleton [2] argued that IR

applications and GVCP may have a rather complex relationship. Even so, this paper still

attempts to answer why developed economies are taking back manufacturing segments that

were initially outsourced in the context of deeper IR applications. In contrast, some of the typi-

cal labor-intensive manufacturing activities remain concentrated in emerging economies;

these activities do not shift to economies with lower levels of development [2, 12]. For example,

some labor-intensive industries in the eastern coastal areas of China have been transferred to

the central and western regions, known as "make cage for bird". When IR applications can

increase the added value of production processes, the production processes of China industries

do not necessarily need to be transferred to other developing countries, but rather to different

regions within the country.

The literature has shown that, IR applications lead to good corporate performance in terms

of technological innovation and productivity improvements [10, 14–16]. These positive

changes are reflected in product upgrades in companies, as evidenced by the improved prod-

uct quality and technological content. Product upgrading will allow for an increase in the

value added of manufacturing, thus giving economies an incentive to retrieve or retain

manufacturing, and this will have two implications. On the one hand, product upgrading can

help economies achieve the import substitution of intermediate inputs and use local interme-

diate inputs to produce exports, thus reducing backward participation in global value chains.

On the other hand, the localization of manufacturing can cause an economy to lose the oppor-

tunity to export intermediate inputs to other economies, reducing the forward participation in

GVCs. Product upgrading is an important channel for bridging IR applications and GVCP.

Therefore, this paper will analyze the impact of IR applications on GVCP from the perspective

of product upgrading.

China is an important player in GVCs. During the initial stage of China’s economic devel-

opment, due to China’s advantageous labor costs, the manufacturing chain in developed coun-

tries kept shifting to China. At that time, China participated in GVCs mainly in the form of

backward participation. Even with the increasing level of China’s economic development,
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backward participation is still an important way for China to participate in GVCs. At the same

time, the level of China’s forward participation in GVCs has been increasing. Some of the

country’s manufacturing links have gradually shifted to economies with lower development

levels, and intermediate goods are being exported to other economies. As Stapleton [2] found,

manufacturing activities that move outside of China tend to be closely linked to China’s supply

chains. China is a dynamic economy in both forward and backward participation in GVCs.

On the other hand, IR is widely used in China. A study by Cheng et al. [17] shows that, in

2016, China became the country with the largest stock of robots, accounting for 19% of the

total global inventory. From these two aspects, this paper plans to empirically test the impact

of IR applications and product upgrading on GVCP, specifically by using in dustry level panel

data from China.

Compared with previous studies, the marginal contribution of this paper is as follows: (i) In

terms of basic regression, we use the panel data of China’s manufacturing industry from 2006

to 2014 to empirically test the impact of IR applications on GVCP, which not only expands the

research field of influencing factors of GVCP, but also provides new development thinking

points for emerging economies to seize the opportunities of IR applications and improve their

disadvantageous position in the GVCs. (ii) In terms of mediation effect, based on the perspec-

tive of product upgrading, this paper studies the impact mechanism of IR applications on Chi-

na’s manufacturing GVCP, and constructs a logical chain of "IR—product upgrading—

GVCP", which provides a theoretical analysis for explaining the "manufacturing reshoring" in

the current international division of labor system, and also deepens the understanding of

China constructs a systemic circulation of domestic economy. (iii) The analysis of the effects

of IR applications is becoming increasingly rich, but these literature mostly focuses on the

impact on labor markets and economic growth [18, 19]. Although some literature also involves

research on GVSs upgrading, upgrading and participation are two different academic con-

cepts. On the basis of clarifying the differences between GVCP and global value chain upgrad-

ing, this paper innovatively uses panel data of Chinese manufacturing industry to conduct

indepth research on IR applications and GVCP.

The follow up arrangement of this paper is as follows: the second part is literature review,

introduce relevant existing literature; the third part is propose research hypotheses; the fourth

part is study design, design empirical models based on research hypotheses; the fifth part is

empirical results and analysis, report the test results of the research hypotheses in sequence;

and the sixth part is research findings and discussion.

Literature review

Regarding the participation of economies in GVCs, scholars have focused on the impact of fac-

tors such as economies’ factor endowments, the level of economic development, trade costs,

and the degree of openness to the outside world [7, 20, 21]. The birth and development of IT

has led scholars to have a keen interest in studying emerging technologies and GVCs [2, 7, 9,

22]. In addition, with the deepening of AI applications, scholars have conducted extensive and

indepth research on the economic performance assessment of AI applications. In the available

literature, studies have focused on discussing the impact of AI applications on economic

growth and labor markets [23]. Some literature has also focused on the impact of AI applica-

tions on key economic variables, such as technological innovation, firm performance, bank

performance, and international trade [10, 16, 24–26]. But the impact of digital technology rep-

resented by AI is a double-edged sword, with both positive and negative aspects [27]. AI appli-

cations and the resulting pervasive digitalization of the innovation function have often been

associated with increasing possibilities for search and recombination, this makes the
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mechanism for generating results more complex [28]. As a result, these outcomes may not

always be the initially planned desired outcomes.

IR integrate advanced technologies in the fields of machinery, electronics, sensors, wireless

communication, voice recognition, image processing, and AI, considered as the main repre-

sentative of AI. Therefore, the impact of IR applications on GVCs has naturally become a hot

research topic in recent years. Existing literature has, on the one hand, studied the impact of

IR applications on GVCP and on the other hand has discussed the impact of IR applications

on the upgrading of GVCs.

From the current literature, one can easily argue that the impact of IR applications on

GVCP is complex [2]. Some scholars have expressed concerns that IR applications can nega-

tively affect GVCP. Rodrik [9] argued that robotics applications in developed countries could

potentially exclude developing countries from GVCs. Artuc et al. [13] specifically studied the

impact of robotics applications in developed countries on developing countries’ imports and

exports. The study shows that, in developed countries, a 10% increase in robotics intensity is

associated with a 6.1% increase in those countries’ imports from developing countries, and an

11.8% increase in exports to these countries, resulting in an overall 5.7% decrease in net sec-

toral imports from developing countries. Another study by Artuc et al. [29] showed that auto-

mation can increase the relative advantage of the United States in certain industries and

reduce the demand for Mexican products. Marin [12] noted that, while some U.S. firms are

moving their manufacturing operations in China back to the United States in the context of IR

applications, there is no clear evidence from an overall perspective that IR applications lead to

a shift in offshoring activities from developing to developed countries. However, Martin’s con-

clusions have yet to be rigorously empirically tested. From a microfirm perspective, Stapleton

[2] argued that global trade tends to be dominated by a few very large productive firms, whose

automation is more likely to enhance participation in GVCs. Antràs [7] emphasized that, even

though IR applications may not negatively impact GVCP, it is important to be wary that IR

applications may exacerbate inequalities in the benefits of economies’ participation in GVCs.

This is especially the case for less developed economies.

In terms of research on IR applications and the upgrading of GVCs, current studies have

largely affirmed the positive effects of IR applications on the upgrading of GVCs [30–32].

Based on an empirical study of the textile industry in 28 countries from 2010–2017, Ma et al.

[31] found that automation technology in the textile industry can significantly drive the GVCs

division of the labor status of a country’s textile industry. Ali et al. [32] emphasized that digita-

lization and structural transformation enhance the environmental quality in sectoral value

chain participation in Africa since they significantly reduce carbon dioxide (CO2) emissions.

Furthermore, Ali et al. [33] analyzed panel data from 112 developing countries from 1990 to

2018 and found that digitization is an effective way for developing countries to reduce CO2

emissions in the GVCs. From a micro perspective of firms’ cross country production, Szalavetz

[14] found that IR applications drive the multinational firms’ headquarters and the upgrading

of their manufacturing subsidiaries’ value chains. Still, significant differences can be found in

the impact of their upgrading patterns. In addition, studies have also shown that there is coun-

try variability in the impact of IR applications on the upgrading of GVCs. The contribution of

IR applications to the upgrading of GVCs is more prominent in developed economies than in

developing economies [30].

As for the mechanisms of IR applications on GVCs participation and upgrading, existing

literature has focused on the specific mechanisms of how IR applications affect GVCs’ upgrad-

ing. More studies are required on the mechanisms of how IR applications affect GVCP. From

the available studies, scholars have generally agreed that IR applications achieve GVCs’

upgrading in economies by promoting technological innovation, productivity improvement,
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human capital accumulation, and industrial structure optimization [30–32, 34]. Modgil et al.

[35] explored the new crown pneumonia and how IR applications enhance the resilience of

GVCs in the context of the global spread of the epidemic. The study indicates that IR applica-

tions enhance GVCs’ resilience by facilitating flexible sourcing strategies and providing per-

sonalized solutions for upstream and downstream supply chain stakeholders.

Overall, more theoretical and empirical research needs to be conducted on the relationship

between IR applications and GVCP [2]. Antràs [7] also pointed out that exploring the impact

of IR applications on GVCP is more of an empirical issue. Therefore, this paper will develop

an empirical test specifically to analyze the impact of IR applications on GVCP. Although the

existing rich empirical studies on IR applications and GVCs upgrading also help to understand

the relationship between IR applications and GVCs’ participation, generally speaking, GVCP

and upgrading are not equivalent. A high level of participation does not necessarily lead to the

upgrading of GVCs; similarly, a low level of participation does not necessarily hinder GVCs’

upgrading.

According to Humphrey and Schmitz [36], Hausmann et al. [37], and Wu et al. [38], prod-

uct upgrading seems to be a key mechanism variable that links IR applications and GVCP.

Product upgrading is a specialized economic concept that refers to the commercialization of

product with innovative changes in technology, materials, and processes [39]. Technological

innovation continues to create new product, which will not only changes the existing product

supply situation, but also promotes the upgrading of market consumption demand [40]. So,

product upgrading achieves product complexity and unit value enhancement in the process of

improving existing products and launching new ones, thereby affecting the position of econo-

mies in the international division of labor system [37].

Therefore, on the basis of studying the impact of IR applications on GVCP of China

manufacturing industry, this paper further discusses the impact mechanism between the two

from the perspective of mediation effect of product upgrading. An attempt is also made to

explain what this study sees as the reasons for a typical phenomenon, namely that developed

economies are taking back manufacturing segments that were initially outsourced, and some

of the typical labor intensive manufacturing activities are still concentrated in emerging econo-

mies and have not moved to economies with lower levels of development [2].

Research hypothesis formulation

IR Applications and GVCP

Generally speaking, developed economies have traditional leading advantages in research and

development (R&D), design, marketing and other links, and are deeply embedded in GVCs

mainly through forward participation. The application of IR in manufacturing will further

accelerate the innovation of intermediate inputs in developed economies, continue to increase

the import demand of other countries for intermediate inputs from developed economies for

reprocessing and manufacturing, and further enhance the forward participation of developed

economies in the GVCs. Of course, if developing economies also innovate intermediate inputs

with the help of IR applications, the export market share of intermediate inputs in developed

economies will be eroded by developing economies, and the forward participation of advanced

economies may be reduced. At the same time, if developing economies use industrial robot

applications to achieve significant intermediate input innovation, they can also export inter-

mediate inputs to third countries for processing and manufacturing to produce final exports,

which will increase forward participation in GVCs.

However, there may also be cases where IR applications can also bring intermediate input

innovation in developing economies, due to the low quality of product innovation and the
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objective existence of product leadership in developed economies Intermediate inputs from

developing economies may be more difficult to import by other countries and sold primarily

within their own economies, in which case forward participation in developing economies

does not show an upward trend. Szalavetz’s research [15] based on the Hungarian automotive

industry also shows that the digital transformation of industries represented by IR has not

brought product innovation to Hungarian foreign manufacturing subsidiaries, but has

brought significant product innovation to the parent companies of these subsidiaries. There-

fore, the application of IR does not necessarily promote the embedded in the GVCs in the pre-

vious participa-tory mode of developing economies, so as to achieve the climb to the upstream

of the GVCs. Therefore, in view of the actual situation in China, this paper proposes the re-

search hypothesis 1a:

Hypothesis 1a. IR applications will reduce the forward GVCP of China’s manufacturing
industry.

China has a huge market space, and its internal regional economic development presents

obvious stepwise characteristics. When the application of IR can bring about the increase in

added value of the manufacturing link, the manufacturing link of China’s industry does not

necessarily have to be transferred to countries with a lower level of economic development, but

between different regions of the country. As Stapleton [2] observed, in the context of the rapid

development of "machine substitution", labor-intensive manufacturing activities in emerging

economies such as China are still concentrated locally, without large scale industrial transfer to

less developed economies. At the same time, the benefits brought by the application of IR have

also prompted China to be more willing to participate in the manufacturing of the GVCs.

Under this circumstance, as one of the important economies in the global IR applications,

China’s IR applications can promote product innovation and achieve import substitution of

intermediate inputs, Lastochkina et al. [41] has also found that emerging economies such as

Russia can help achieve import substitution strategies through the application of IR. Thus,

when China engages more in manufacturing activities, the intermediate inputs needed to pro-

duce final exports are to some extent supplied locally rather than imported from other econo-

mies, which leads to a decline in China’s backward participation in GVCs. In short, China

continues to promote the digitization and intelligence of its manufacturing industry, continu-

ously enhancing the added value of production links, promoting the gradient transfer of indus-

trial chains between different regions in the country. Considering the objective fact that most

of China’s manufacturing industry has not shifted to other developing economies, but from

the eastern coastal areas of China to the central and western regions, this paper puts forward

the research hypothesis 1b:

Hypothesis 1b. IR applications will reduce the backward GVCP of China’s manufacturing
industry.

Based on the comprehensive research hypothesis 1a and 1b, this paper proposes research

hypothesis 1c:

Hypothesis 1c. IR applications will reduce the overall GVCP of China’s manufacturing industry.

Analysis of the impact of IR applications and product upgrading on GVCP

IR Applications and product upgrading. Humphrey and Schmitz [36] defined product

upgrading as production activities in which producers increase the technological content of

their products or make their products significantly different from other products. Banga [22]
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found, based on an empirical study of manufacturing firms in India, that firms’ application of

digital technologies helps to produce better and more complex products in GVCs. As a typical

representative of the new generation of information technology, IR applications also impact

product upgrading [42]. Hong et al. [43] pointed out, based on an empirical study of Chinese

enterprises, that when the degree of robotics application in enterprises reaches a certain

threshold value, those applications bring about a significant product quality upgrading effect

for exports. As a general purpose technology, AI can penetrate all areas of enterprise develop-

ment and bring about the intelligent development of enterprise value chain links, such as

R&D, design, manufacturing, and marketing. Since IR integrates numerous AI subdivision

technologies, so this paper discusses the specific impact path of IR applications on enterprise

product upgrading from the perspective of the enterprise value chain.

Most R&D and design activities are essentially intellectual labor-intensive activities that

require continuous search and experimentation by R&D personnel; the marginal costs of

search and experimentation are also rising [10]. The high cost and long cycle time of enterprise

product innovation in general makes it difficult to achieve rapid product upgrading. A study

by Verganti et al. [44] stated that the enterprise application of IR enables organizations to over-

come many limitations of human-intensive design processes. This is achieved by improving

process scalability, expanding enterprise scope across traditional boundaries, enhancing

dynamic enterprise learning and adaptation. Also, IR can rapidly analyze big data and under-

stand potential relationships from that data, potentially reducing experimental uncertainty

and making the learning process more efficient, thus triggering additional new products [10].

Based on a biopharmaceutical analysis, Paul et al. [45] found that the application of automa-

tion technology in drug development allows for quick search and trial quantification, leading

to better product design solutions. The intelligent development of an R&D design can help

accelerate the process of the rapid introduction of brand new products to the market. This, in

turn, is conducive to the leapfrog upgrading of enterprise products.

The intelligent development of manufacturing has accelerated the development of new

manufacturing organizations, such as smart factories and digital twin factories, which continu-

ously amplify the economies of scale and scope effects of manufacturing. This not only can

reduce products’ production costs but can also enhance the added value of manufacturing

links [15]. Tanaka et al. [46] proposed uncertainty and cost adjusted models of firms’ input

choices, where prediction errors lead to under or over investment. The study found that IR

applications can help reduce forecast errors and optimize firms’ input decisions to improve

the productivity of products. Through digital technologies like deep learning, graph comput-

ing, and knowledge graphs, companies can unfold customer profiles more accurately, based

on customer big data information. This allows the companies to more effectively understand

customer preferences, better tailor their products and services to customer tastes and needs,

and improve the effectiveness and relevance of marketing [47]. When launching new products

or expanding product offerings, companies need to be more certain about what customers

want and how customer preferences may change. Using automation technology to analyze

customer data may enable companies to overcome this obstacle [48].

In short, IR provides conditions for continuous quality improvement and product innova-

tion implementation [49]. Therefore, based on the above analysis, this paper pro-poses the

research hypothesis 2:

Hypothesis 2. IR applications will significantly contribute to firms’ product upgrading from the
perspective of their value chains.
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Mediation effect of product upgrading. An economy’s GVCP can be divided into for-

ward and backward participation. Forward participation refers to an economy exporting the

intermediate inputs used by other economies to produce exports. Backward participation

refers to importing the intermediate inputs used to produce products for export. In this part,

based on the analysis of IR applications and product upgrading, this study will discuss the

impact of IR applications on the forward and backward participation in GVCs from the per-

spective of product upgrading. Then, the relationship between IR applications and GVCP will

be clarified.

In a traditional GVCs’ division of labor system, as an economy develops, that economy will

outsource or shift the manufacturing processes that do not have cost advantages and are low

value added. This is done to focus on the production of in-termediate inputs with high value

added, to achieve the climbing within the GVCs’ division of labor position. However, IR appli-

cations will act as a labor substitution, especially at the lower end, and reduce labor costs in

manufacturing while increasing the value-added in product production. This will weaken the

incentive for economies to outsource or shift manufacturing segments. Some economies are

even gradually retracting outsourced or shifted manufacturing segments, leading to a reconfig-

uration of the geographic organization of production [50, 51]. This partly explains the phe-

nomenon observed by Stapleton [2], who found that developed economies are retracting

manufacturing segments that were initially outsourced. Meanwhile, some of the typical labor-

intensive manufacturing activities still need to be concentrated in emerging economies and

are not shifting to economies with lower levels of development. The above changes brought

about by IR applications, in the context of IR applications promoting product upgrading, will

weaken the motivation of economies to participate in GVCs in two ways.

First, as IR applications promote product upgrading, this can gradually meet the demand

for the intermediate inputs produced locally in the economy and enable import substitution.

Lastochkina et al. [41], Bulatova and Amirova [52] all argued that, in Russia’s digital economy,

digital technologies such as AI, IR, IoT, and big data will play an important role in Russia’s

import substitution strategy, because these digital technologies help to promote the upgrading

of the industrial sector. Thus, when the manufacturing chain stays local, more of the interme-

diate inputs needed to produce final exports will be supplied locally, rather than being

imported from other economies. This will lead to a certain degree of decline in the backward

participation in GVCs, slowing down the overall evolutionary trend of GVCs’ division of

labor, a contraction of GVCs toward the leading economies, and the rise of localization

momentum.

Second, if an economy is in a position to outsource or shift its manufacturing link, it will be

able to free up more resources for the upstream link of GVCs to engage in innovation and pro-

duction of intermediate inputs. Then, the intermediate inputs will be exported to the economy

that has taken over the initial economy’s manufacturing link and participate in GVCs in a for-

ward direction. However, the manufacturing link still needs to be shifted out. In that case,

economies with lower development levels will need help generating more import demand for

intermediate inputs. This will result in an economy losing the opportunity to export interme-

diate inputs to other economies, thus reducing the forward participation in GVCs. Based on

the above analysis, this paper proposes:

Hypothesis 3. IR applications can weaken the motivation of China manufacturing industry to
participate in GVCs by promoting product upgrading.
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Study design

Empirical model building

Empirical model building of IR applications and GVCP. This article uses Eq (1) to ana-

lyze the impact of IR applications on the GVCP of China’s manufacturing industry, as follows:

GVCPit ¼ a0 þ a1IRit þ lCTRit þ yi þ φt þ εit ð1Þ

In Eq (1), i and t represent manufacturing industry segment and year, respectively; GVCP

is global value chain participation, which is the result variable; IR represents the degree of IR

applications, which is the explanatory variable; CTR represents industry level control variables;

θ and φ represent industry fixed effects (Ind FE) and year fixed effects (Year FE), respectively;

ε is the random error term, and α1 is the estimated coefficient of interest. If α1 is significantly

negative, this indicates that IR applications inhibit the industry’s GVCP.

Empirical model building of IR applications, product upgrading and GVCP. Theoreti-

cal analysis suggests that IR applications bring about product upgrading and thus reduce the

incentives for economies to engage in GVCP. To test whether product upgrading is a channel

through which IR applications reduce GVCP, this paper based on MacKinnon et al. [53], Selig

and Preacher [54], and Zhao et al. [55], constructs a mediation effect model, as shown in Eqs

(1) to (3). The mediation effect model helps describe how one variable affects another variable

through the first variable’s effect on some intermediate variable [54].

Specifically, research hypothesis 2 is tested using Eq (2), while research hypothesis 3 needs

to be tested using Eqs (1) to (3) simultaneously, as follows:

Upgradeit ¼ b0 þ b1IRit þ lCTRit þ yi þ φt þ εit ð2Þ

GVCPit ¼ g0 þ g1IRit þ g2Upgradeit þ lCTRit þ yi þ φt þ εit ð3Þ

In Eqs (2) and (3), Upgrade indicates the product upgrading of the industry. If β1 and γ2

are significant, IR applications’ impact on GVCP is at least partly through product upgrading.

Of course, if at least one of β1 and γ2 is insignificant, according to MacKinnon et al. [53], the

Sobel test needs to be performed [56, 57] with the test formula shown in Eq (4).

Sb1g2
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

b̂
2

1
S2
g2
þ ĝ2

2
S2
b1

q

ð4Þ

In Eq (4), b̂1 and ĝ2 denote the estimated values of β1, and γ2, and, Sb1
and Sg2 are the stan-

dard errors of b̂1 and ĝ2 , respectively.

According to Zhao et al. [55], the ratio of mediation effect to total effect is shown in Eq (5).

Mediating Effects ¼ ðb1g2Þ=a1 ð5Þ

Variable descriptions

GVCP variable. Against the backdrop of the deepening international division of labor,

the traditional gross trade based on national borders and finished products can no longer

accurately reflect the value added realized by each economy in each production chain from the

GVCs perspective. For example, in the global production system of certain products, China is

mainly involved in the labor-intensive production and assembly process. This leads to China

having a large export value of finished goods in the traditional export trade statistics. Still, the

value added realized in China needs to be bigger, accurately reflecting China’s participation

and division of labor in the GVCs. To address the drawbacks of traditional export trade statis-

tics, the Organization for Economic Co-operation and Development (OECD) and the World
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Trade Organization (WTO) have proposed the concept of value added trade; scholars have

also proposed relevant value added trade accounting frameworks to decompose the total

export value added [3, 58, 59]. This paper refers to Wang et al. [59] to decompose the value

added exports of each industry in China. Wang et al. [59] decomposed the exports of an indus-

try into the direct value-added exports of that industry and the value-added exports of the

upstream industry embedded in the focal industry. Specifically, the value-added decomposi-

tion of exports consists of four components: (i) value added exports, (ii) value-added that is

first exported and then returned to the country, (iii) value added abroad, and (iiii) pure double

counting.

Based on the decomposition of industries’ value-added exports, this paper measures the

GVCP of Chinese industries using the GVCP measure proposed by Koopman et al. [4], as

shown in Eq (6).

GVCP ¼
IV
E
þ

FV
E

ð6Þ

In Eq (6), GVCP is the global value chain participation index; IV denotes the domestic

value added in intermediate products processed in the importing country and then exported

to third party countries; FV denotes the foreign value added in domestic exports; and E

denotes total exports. The larger the index is, the higher is the industry’s participation in

GVCs. Further, this participation index can be decomposed into forward and backward partic-

ipation, with IV/E being forward participation and FV/E being backward participation. For-

ward and backward participation can indicate the degree of participation of a country’s

industry in the upstream and downstream links of GVCs.

IR applications variable. According to Cheng et al. [17], Acemoglu and Restrepo [60],

Dauth et al. [51], using the number of robots stocked or installed in an industry to measure the

degree of IR applications in that industry is the main method. For example, in a study on the

application of robots in Chinese industries, Cheng et al. [17] used the number of robots

stocked in the industry to measure the degree of IR applications. In addition, Acemoglu and

Restrepo [47] eliminated the effect of industry employment numbers when constructing met-

rics for robotics application. Therefore, this paper, following the methods of Cheng et al. [17]

and Acemoglu and Restrepo [60], measures the degree of IR applications in the industry using

the number of robots stocked per 1,000 people employed in the industry.

Product upgrading variable. Humphrey and Schmitz [36] found in their study of the

embedding of GVCs that, as firms in developing countries further integrate into the global

market, to remain profitable, producers must increase the technological content of their prod-

ucts or make their products significantly different from other products. This type of produc-

tion activity by firms is called product upgrading. Accurately quantifying product upgrading is

more difficult, because doing so involves both vertical and horizontal upgrading. Suitable alter-

native indicators must be found to measure product upgrading in a given industry. Export

technological sophistication mainly emphasizes the difference in technological content

between products. The term refers to the shift from simple to complex products, which implies

an increase in the technological content of the products produced by firms [37]. In the context

of GVCs research, one can measure the technical complexity of an industry’s exports in prod-

uct upgrading.

This paper first decomposes the export value-added of each industry in China’s

manufacturing sector from the perspective of backward linkage. The decomposition is based

on the export value-added decomposition framework of Wang et al. [59], with the help of the

2016 version of the World Input Output Database (WIOD). Then, the export technological

complexity of China’s manufacturing subindustries is examined, based on the measures
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proposed by Hausmann et al. [37], as shown in Eqs (7) and (8). Higher export technical com-

plexity represents better product upgrading of the industry.

NEXPYj ¼
X

j

vxji
P

jvxji
NPRODYj ð7Þ

NPRODYj ¼
X

i

vxji=
P

jvxji
P

i vxji=
P

jvxji
Yi ð8Þ

In Eqs (7) and (8), vxji represents the value-added of exports in industry j in country i; Yi is

the GDP per capita in country i after purchasing power parity; NEXPYj represents the techni-

cal complexity of exports in the industry, and the larger the value is, the higher is the technical

complexity of exports. In the empirical study, the calculated value of export technical complex-

ity is taken as the natural logarithm.

Control variables. Antràs [7] argued that, within a given economy, firm size, productiv-

ity, and other characteristic variables can significantly impact GVCP. In addition, based on

data from Latvia and Estonia, Benkovskis et al. [21] found that exports positively affect GVCP

and productivity. Kersan-Škabić’s [20] study pointed out that profit tax rates significantly neg-

atively impact GVCP in European Union (EU) member states. Referring to the scholars men-

tioned in the above studies, this paper includes control variables in the empirical study: (i)

average operating income per firm in the industry, (ii) labor productivity (natural logarithm of

value added generated per 1,000 employed people), (iii) the value of export deliveries as a

share of operating income, and (iiii) income tax payable as a share of total profits.

Data sources. This paper aims to analyze the impact of IR applications and product

upgrading on GVCP using Chinese manufacturing industry level data. Therefore, data from

two areas are used to measure the study variables. (i) The 2016 version of the World Input

Output Database (WIOD) is used to calculate the GVCP and product upgrading in 19

manufacturing industries in China, from 2000–2014. It should be noted that this is the latest

data available from the WIOD, Wu et al. [38] also used this data for research on industrial

intelligence. (ii) Robotics data collected by the International Federation of Robotics (IFR) is

used to measure the degree of IR applications. The robotics data contain details of robots’

annual installation and inventory in 14 manufacturing industries in China, from 2006 to 2020.

(iii) These control variables are measured using the Socio Economic Accounts (SEA) data

from the WIOD and the China Statistical Yearbook for all years. The Chinese Statistical Year-

book does not report value-added data by industry, but the SEA reports value-added data by

industry and year for major countries, including China. Since the WIOD is not consistent

with the IFR industry classification, the IFR industry classification was used as the basis for

data matching. In short, this paper obtains panel data samples of 13 manufacturing industries

in China from 2006 to 2014 from the WIOD and the IFR database through industry type

matching.

Empirical results and analysis

Descriptive analysis

Table 1 presents the number of robot stocks per 1,000 employed population, and the GVCP in

the sample industries in China, in both 2006 and 2014. As seen from the table, from 2006 to

2014, the number of robots stocked per 1,000 people employed in all 13 sample industries

shows a significant growth trend. This clearly indicates that the level of IR adoption in Chinese

industries was continuously increasing between those two years. In 2014, the capital and
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technology intensive industries, such as electrical/electronics, rubber and plastic products

(non-automotive), and metal products (non-automotive) were using more intelligent technol-

ogies, a finding that is broadly consistent with that of Cheng et al. [17]. In terms of the trend of

GVCP, all the sample industries showed different degrees of decline in GVCP between 2006

and 2014. Of course, after distinguishing between forward and backward GVCP, it was found

that there is a slight upward trend in forward GVCP in some industries, which may be related

to the technological level of the industry. Mamba and Balaki [61] believe that GVCP has a clear

time trend, which also suggests that time fixed effects should be controlled in regression analy-

sis to obtain more robust regression results. The descriptive analysis in Table 1 suggests that IR

applications reduced the dynamics of China’s GVCP, although any rigorous conclusions will

depend on the following econometric tests.

Of course, before econometric analysis, it is necessary to carry out diagnostic tests on vari-

ables, such as correlation, multicollinearity and panel unit-root tests. (i) Through the calcula-

tion of Pearson correlation coefficient, it was found that there were no values exceeding 0.40 in

the three samples of GVCP, forward GVCP, and back GVCP, indicating a weak correlation

between the variables. (ii) Through the calculation of the variance inflation factor (VIF) coeffi-

cient, it is found that there is no more than 2.00 values in GVCP, forward GVCP, and back-

ward GVCP, which indicates that there is no multicollinearity problem between variables. (iii)

Levin, Lin and Chu [62] introduced high-order differential lag terms on the basis of a universal

panel autoregressive model to test the existence of unit-root in panel data, also known as the

Levin, Lin and Chu (LLC) test. This paper conducts LLC test on the panel unit-root of GVCP,

forward GVCP, and backward GVCP, and finds that these adjusted t∗
d

statistics are signifi-

cantly negative, which means strongly rejecting the original assumption that the panel contains

Root of unity and accepting the conclusion that the panel is a Stationary process. Further, after

subtracting the cross-sectional mean from Panel data, the LLC test was conducted to avoid the

possible crosssectional correlation effects of the disturbance terms in different industries. The

results showed that these adjusted t∗
d

statistics are still significantly negative at the 1% level.

Table 1. Descriptive analysis.

Industries Robot stock per 1,000

employed persons

GVCP Forward GVCP Backward GVCP

2006 2014 2006 2014 2006 2014 2006 2014

Food and beverages 0.01 0.47 0.12 0.10 0.02 0.04 0.10 0.07

Textiles 0.00 0.02 0.22 0.16 0.06 0.07 0.16 0.09

Wood and furniture 0.00 0.03 0.28 0.25 0.15 0.15 0.13 0.10

Paper 0.00 0.08 0.30 0.28 0.16 0.16 0.14 0.11

Pharmaceuticals, cosmetics 0.00 0.09 0.20 0.17 0.09 0.09 0.12 0.08

Other chemical products 0.00 0.22 0.38 0.36 0.23 0.25 0.15 0.11

Rubber and plastic products (non-automotive) 0.91 5.54 0.35 0.30 0.16 0.18 0.18 0.12

Glass, ceramics, stone, mineral products (non-automotive) 0.00 0.19 0.24 0.21 0.09 0.09 0.15 0.12

Basic metals 0.00 0.38 0.39 0.35 0.27 0.22 0.12 0.13

Metal products (non-automotive) 0.09 3.72 0.39 0.31 0.10 0.11 0.30 0.20

Industrial machinery 0.00 0.58 0.30 0.26 0.10 0.11 0.20 0.15

Electrical/electronics 0.15 14.97 0.33 0.27 0.17 0.16 0.16 0.11

Other vehicles 0.01 0.68 0.26 0.21 0.06 0.06 0.20 0.15

Note:①The unit of ‘robot stock’ is one robot, for example, the value of 0.01 in the food and beverages industry in 2006 represents a robot inventory of 0.01 units per

1,000 employed persons in2006. The larger the number, the higher the level of IR applications in the industry.②The number range of GVCP is from 0 to 1, and there is

no specific unit. The larger the number, the higher the GVCP representing the industry.

https://doi.org/10.1371/journal.pone.0293399.t001
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Testing research IR applications and GVCP. Based on the data of 13 Chinese

manufacturing industries, from 2006–2014, and according to the empirical model shown in

Eq (1), this paper estimates the impact of IR applications on GVCP using ordinary least

squares. The estimation results are shown in Table 2. As shown in Column (1), the estimated

coefficient of IR applications is negative and passes the 1% significance test, indicating that IR

applications reduce the GVCP of Chinese industries, the preliminarily proves the research

hypothesis1c presented in this paper. Since GVCP can be divided into forward and backward

participation, Columns (2) and (3) test the effects of IR applications on both forward and back-

ward GVCP. From the estimation results, what is clear is that IR applications significantly

reduce both forward and backward GVCP. It can be seen that the research hypotheses 1b and

1c have also been preliminarily verified. The empirical analysis (based on China’s experience)

shows that IR applications are an essential factor in reducing the country’s GVCP dynamics.

However, whether the above research conclu-sions are credible requires further robustness

testing before it can be judged.

Robustness testing IR applications and GVCP

Replacing the IR applications variable. Acemoglu and Restrepo [60] and Benmelech and

Zator [63] use the installed base of robots to measure the degree of IR adoption in the relevant

industry. Given that stock and installation are different conceptual categories, the degree of AI

adoption in the industry is remeasured here using robot installations per 1,000 employed peo-

ple to test the robustness of the study’s findings. The regression results after replacing the IR

adoption metric are shown in Table 3. The results show that IR applications significantly

inhibits the rise of Chinese industry’s GVCP; the inhibitory effect is also reflected in both the

forward and backward participation.

Instrumental variable regression. The sources of endogeneity problems mainly include:

sample selection error, measurement error of variables, omission of explanatory variables,

causal relationship between the dependent variable and the explanatory variable, deviation of

dynamic panels, etc. The existence of a two-way causal relationship between IR applications

and GVCP, as in dicated by Beach [64] and Artuc et al. [13]. Drawing on Acemoglu and

Restrepo [60], this paper constructs instrumental variables by selecting robotics data from

countries with trends in robotics adoption that are similar to China’s over the same period.

The logic inherent in this choice of instrumental variables is that robotics, one of the most

widely used types of automation technologies today, has become a globalized phenomenon in

Table 2. Regression results of research hypothesis 1.

(1) (2) (3)

GVCP Forward GVCP Backward GVCP

IR -0.0027*** -0.0014*** -0.0013*
(0.0007) (0.0005) (0.0007)

CTR YES YES YES

Ind FE YES YES YES

Year FE YES YES YES

R-squared 0.9923 0.9819 0.9552

Observations 117 117 117

Note

***p < 0.01

**p < 0.05, and *p < 0.1; Robust standard error in parentheses.

https://doi.org/10.1371/journal.pone.0293399.t002
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terms of both development and use. Robotics and related industries in any given country typi-

cally face strong competition from other countries; the help of robots in various industries in

one country is typically strongly correlated with the use of robots in other countries. At the

same time, no clear evidence exists that China’s GVCs participation affects robot use in other

countries.

As shown in Fig 1, while the U.S. robotics adoption level was ahead of China during the

sample period, America’s development trend was relatively close to that of China during the

same period. In addition, according to Cheng et al. [17], with regard to the industry distribu-

tion of robot stock, one can see that the industry distribution of China’s robot stock is most

similar to that of the United States, as compared, for example, to Japan, Germany, and South

Korea. Therefore, our selected instrumental variable for the application of IR in Chinese indus-

tries is the number of robots stocked per 1,000 employed population in the related industries

in the United States.

Table 3. Regression results for replacing the IR applications variable.

(1) (2) (3)

GVCP Forward GVCP Backward GVCP

IR -0.0104*** -0.0063*** -0.0041*
(0.0023) (0.0020) (0.0025)

CTR YES YES YES

Ind FE YES YES YES

Year FE YES YES YES

R-squared 0.9931 0.9826 0.9551

Observations 117 117 117

Note

***p < 0.01

**p < 0.05, and *p < 0.1; Robust standard error in parentheses.

https://doi.org/10.1371/journal.pone.0293399.t003

Fig 1. Trends in manufacturing robot stock in the US and China.

https://doi.org/10.1371/journal.pone.0293399.g001
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Mamba and Ali [65] used the instrumental variables approach to control the cross-sectional

dependence and endogeneity issues. Referring to this method, this article selects the number

of robots stocked per 1,000 employed population in the related industries in the United States

as the instrumental variable and recalculates the impact of IR applications on GVCP using the

two-stage least squares (2SLS) model. As shown in Table 4, Columns (1) to (3) display the

regression results based on the instrumental variables. As can be seen from the table, both the

unidentified test (Kleibergen-Paap rk LM statistic) and the weakly identified test (Kleibergen-

Paap rk Wald F statistic) pass the sig-nificance test. These findings indicate that the instrumen-

tal variable in this paper do not has unidentified and weakly identified problems, and the

instrumental variable has been effectively selected.

In addition, drawing on Groves et al. [66], this paper uses the one-period lagged variable of

IR as the instrumental variable to re-analysis Eq (1). The regression results of the one-period

lagged variable are reported in Columns (4) to (6). In Table 4, the estimated coefficients of IR

applications are all negative and passed the significance test. This indicates that the conclusion

that IR applications inhibit China’s GVCP still holds after considering the endogeneity issue.

Analysis of technological heterogeneity. It is worth further exploring whether there is a

correlation between the basic regression results and the intensity of industrial technology level.

To verify this relationship, this article intends to study the relationship between IR applications

and GVCP in different technology intensive industries in a Chinese sample.

Regarding the classification of high-tech manufacturing industries, this article refers to the

classification standards of the National Bureau of Statistics of China and the OECD. In the

"Classification of High-tech Industries (Manufacturing Industry)" of the National Bureau of

Statistics of China (2017), high-tech manufacturing includes six industries: pharmaceutical

manufacturing, aviation, spacecraft and equipment manufacturing, electronic and communi-

cation equipment manufacturing, computer and office equipment manufacturing, medical

instrument and meter manufacturing, and information chemical manufacturing. According

Table 4. Regression results of instrumental variables.

Manufacturing robot stock in US One-period lagged variable of IR

(1) (2) (3) (4) (5) (6)

GVCP Forward GVCP Backward GVCP GVCP Forward GVCP Backward GVCP

IR -0.0005*** -0.0003*** -0.0002*
(0.0001) (0.0001) (0.0001)

IR_1 -0.0026*** -0.0014** -0.0012*
(0.0000) (0.0006) (0.0007)

CTR YES YES YES YES YES YES

Ind FE YES YES YES YES YES YES

Year FE YES YES YES YES YES YES

Kleibergen-Paap rk Wald F statistic 8.4780*** 8.4780*** 8.4780***
Kleibergen-Paap rk LM statistic 28.5590*** 28.5590*** 28.5590***
R-squared 0.1765 0.0649 0.0402 0.9929 0.9837 0.9591

Observations 117 117 117 104 104 104

Note

***p < 0.01

**p < 0.05, and *p < 0.1; Robust standard error in parentheses. The weakly identified test refers to the Kleibergen-Paap rk Wald F statistic of the weakly identified test,

and the original hypothesis of the test is that there is a weakly identified problem in the regression of instrumental variables; the unidentified test refers to the

Kleibergen-Paap rk LM statistic of the unidentified test, and the original hypothesis of the test is that there is an unidentified problem in the regression of instrumental

variables.

https://doi.org/10.1371/journal.pone.0293399.t004
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to the density of technology, the OECD divides the manufacturing industry into four catego-

ries: low-tech, medium low-tech, medium high-tech, and high-tech. Based on the industry

classification requirements of this article, low-tech and medium low-tech are classified as low-

tech, medium high-tech and high-tech are classified as high-tech. The specific adjustment of

the OECD industry classification is shown in column (2) of Table 5. Finally, based on the clas-

sification standards of the National Bureau of Statistics of China and OECD, as well as the

industry samples in this paper, the specific classification of high-tech and low-tech

manufacturing industry is shown in column (3) of Table 5.

This article uses binary dummy variables to distinguish between high and low tech

manufacturing industries, where "1" represents high-tech manufacturing and "0" represents

low-tech manufacturing. To test whether the basic regression results will be affected by differ-

ent technological levels in the manufacturing industry, this paper refers to the research meth-

ods of Mamba and Balaki [67] and introduces an interaction model for analysis. By setting the

intersection term between IR applications and high-tech / low-tech manufacturing virtual vari-

ables as the explanatory variable, Eq (1) is regressed again to obtain the regression results

shown in Table 6. As shown in Column (1), the estimated coefficient of IR*technology is nega-

tive and passes the 1% significance test, indicating that IR applications in both high-tech and

low-tech industries have a restraining effect on the GVCP of China’s manufacturing industry.

Since GVCP can be divided into forward and backward participation, Columns (2) and (3)

test the effects of IR applications on both forward and backward GVCP. The empirical results

indicate that IR applications have a significant inhibitory effect on the forward and backward

GVCP of China’s manufacturing industry in both high-tech and low-tech industries.

Testing research IR applications, product upgrading and GVCP. Based on the research

hypothesis 1, this paper further analysis research hypothesis 2 and research hypothesis 3 to

explore the impact of IR applications on product upgrading and whether IR applications can

weaken the motivation of China’s manufacturing industry to participate in GVCs by

Table 5. Classification of high and low tech manufacturing industries.

(1) (2) (3)

Classification of High tech Industries (Manufacturing) by the

National Bureau of Statistics of China (2017)

Adjust according to OECD

classification

Classification of this article

High-tech

manufacturing industry

•Pharmaceutical manufacturing

•Aviation, spacecraft, and equipment manufacturing

•Manufacturing of electronic and communication equipment

•Computer and office equipment manufacturing

•Medical equipment and instrument manufacturing

•Information Chemicals Manufacturing

•Machinery and

transportation equipment

•Chemicals

•Electronic and optical

products

•Pharmaceuticals, cosmetics

•Other chemical products

•Rubber and plastic products (non-

automotive)

•Basic metals

•Metal products (non-automotive)

•Industrial machinery

•Electrical/electronics

•Other vehicles

Low-tech manufacturing

industry

5

— •Textile

•Leather Footwear

•Wood and wooden

products

•Pulp and paper products

coal

•Refining and nuclear fuel

•Rubber and plastic products

•Non-metallic mineral

products

•Metal products

•Food and beverages

•Textiles

•Wood and furniture

•Paper

•Glass, ceramics, stone, mineral

products (non-automotive)

Source: Compiled by the author.

https://doi.org/10.1371/journal.pone.0293399.t005

PLOS ONE Impact of industrial robot applications on GVCs participation of China manufacturing industry

PLOS ONE | https://doi.org/10.1371/journal.pone.0293399 November 8, 2023 16 / 22

https://doi.org/10.1371/journal.pone.0293399.t005
https://doi.org/10.1371/journal.pone.0293399


promoting product upgrading. Specifically, Eq (2) tests the impact of IR applications on prod-

uct upgrading; testing Eq (1), Eq (2) and Eq (3) in turn can explain whether product upgrading

plays a mediation effect between IR applications and GVCP. Table 7 reports the test results of

research hypothesis 2 and research hypothesis 3.

As shown in Column (1) of Table 7, the estimated coefficient of IR application is positive,

passing the 5% significance test. This indicates that the higher the level of IR applications in

the industry is, the more product upgrading is promoted, which validates the research hypoth-

esis 2 in this paper.

Column (2) reports the impact of IR applications and product upgrading on GVCP, and as

can be seen, the estimated coefficients of product upgrading in the regression are all signifi-

cantly negative. Combined with the calculated results in Column (1), one can learn that IR

applications promote product upgrading, thereby weakening the motivation of China’s

Table 6. Regression results of technological heterogeneity.

(1) (2) (3)

GVCP Forward GVCP Backward GVCP

IR*technology -0.0027*** -0.0014*** -0.0013**
(0.0007) (0.0005) (0.0007)

CTR YES YES YES

Ind FE YES YES YES

Year FE YES YES YES

R-squared 0.9923 0.9819 0.9553

Observations 117 117 117

Note

***p < 0.01

**p < 0.05, and

*p < 0.1; Robust standard error in parentheses; IR * technology represents the Intersection term of IR applications and high-tech/low-tech manufacturing virtual

variables.

https://doi.org/10.1371/journal.pone.0293399.t006

Table 7. Regression results of research hypothesis 2 and research hypothesis 3.

(1) (2) (3) (4)

Upgrade GVCP Forward GVCP Backward GVCP

IR 0.0112** -0.0023*** -0.0011*** -0.0012*
(0.0049) (0.0007) (0.0004) (0.0007)

Upgrade -0.0351*** -0.0250* -0.0101**
(0.0118) (0.0144) (0.0043)

CLR YES YES YES YES

Ind FE YES YES YES YES

Year FE YES YES YES YES

R-squared 0.9909 0.9931 0.9825 0.954

Observations 117 117 117 117

Mediation Effect 14.6% 20.0% 8.70%

Note

***p < 0.01

**p < 0.05, and

*p < 0.1; Robust standard error in parentheses.

https://doi.org/10.1371/journal.pone.0293399.t007
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manufacturing industry to participation in GVCs. Drawing on MacKinnon et al. [53], since

both β1 and γ2 have passed the significance test, Sobel test is not required. Calculate according

to Eq (2), the mediation effect accounting for 14.6% of the total effect, thus verifying that IR

applications have reduced in the overall participation in GVCs of China’s manufacturing

industry through product upgrading.

Columns (3) and (4) report the effects of IR applications and product upgrading on forward

and backward participation in GVCs of China’s manufacturing industry, respectively. The esti-

mated coefficients of product upgrading are significantly negative in both Columns (3) and

(4), which, combined with the calculated results in Column (1), also indicate that IR applica-

tions reduce the forward and backward participation in GVCs of China’s manufacturing

industry by promoting product upgrading. Specifically, the mediation effect of product

upgrading on forward and backward participation in GVCs of China’s manufacturing industry

is 20.0% and 8.70%, respectively.

At this point, the research hypothesis 3 proposed in this paper is verified, i.e., the argument

can be made that IR applications can enable product upgrading in China, which will effectively

bring about a decrease in the forward participation and backward participation in GVCs of

China’s manufacturing industry. This, in turn, leads to a reduction in the overall participation

in GVCs of China’s manufacturing industry.

Conclusion

This paper uses data from 13 manufacturing industries in China from 2006 to 2014 to empiri-

cally test the impact of IR applications on forward and backward participation in the GVCs of

China’s manufacturing industry. The regression results of the two-way fixed effects model

indicate that IR applications lead to a simultaneous decrease in forward and backward partici-

pation in the GVCs of China’s manufacturing industry. Using the 2SLS model to perform

endogeneity tests on the basic regression results, it was found that the regression results of the

two-way fixed effects model has good robustness. Furthermore, using the moderating effect

model, the technology heterogeneity of manufacturing industry was included in the regression

analysis. The empirical results showed that the application of IR suppressed both forward and

backward participation in the GVCs of China’s manufacturing industry, whether in high-tech

or low-tech industries.

Based on the mediation effect model, this paper explains the reasons for the decline of Chi-

na’s manufacturing GVCP caused by IR applications from the perspective of product upgrad-

ing. IR applications promote product upgrading of China’s manufacturing industry, making

China more inclined to retrieve or retain manufacturing. This may have two impacts: (i) Prod-

uct upgrading can help China achieve the import substitution of intermediate inputs and use

local intermediate inputs to produce exports. This will reduce backward participation in the

GVCs of China’s manufacturing industry. (ii) Localization of manufacturing can make an

economy. However, the localization of manufacturing can cause China to lose the opportunity

to export intermediate inputs to other economies, thereby reducing forward participation in

the GVCs.

Based on empirical research results, this paper proposes the following policy

recommendations.

(i) Although the current application of IR in China has not promoted forward participation

in the GVCs, the experience of developed countries shows that IR applications can help

achieve an increase in forward participation. This means that China needs to strengthen the

research and development of AI technology and tackle key problems, and fully leverage the

empowering effect of "IR+" with a scenario driven approach to produce new products with
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international competitive advantages, promote China’s deep integration into the GVCs

through participatory approaches.

(ii) The application of IR did not promote backward participation in the GVCs of China’s

manufacturing industry, which may be related to the obvious hierarchical characteristics of

regional economic development within China. China needs to continue to promote the digital

and intelligent transformation of its manufacturing industry, continuously enhance the added

value of production and manufacturing links, promote the gradient transfer of production and

manufacturing between different regions in the country, and more actively undertake the pro-

duction and manufacturing activities of multinational enterprises.

(iii) The inhibitory effect of IR applications on forward and backward participation in the

GVCs of China’s manufacturing industry may be related to the shortage of highly skilled work-

ers in the Chinese labor market. ’Machine substitution’ does not mean that workers are no lon-

ger important, but rather that the demand for labor skills is increasing. Germany’s

development experience shows that highly skilled workers are an important advantage for

’Made in Germany’ to participate in international competition. The Chinese government

should actively learn from Germany’s vocational education system and accelerate the adjust-

ment of labor force to adapt to the changes brought about by the application of IR, which may

promote the participation of China’s manufacturing industry in the GVCs to move upwards.

Other avenues of research are possible. Subsequent research will adopt case study method,

selecting several typical Chinese manufacturing enterprises as cases, and exploring the deep-

seated reasons why the application of IR has led to a decrease in both forward and backward

participation in the GVCs of Chinese manufacturing from two dimensions of theoretical con-

struction and theoretical testing, in order to further enrich empirical research conclusions.
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