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Abstract: Using transnational panel data from 61 nations and regions from 2000 to 2019, this article
empirically examines both the influence of artificial intelligence on the Global Value Chain as it
pertains to the manufacturing industry and its mechanism of action. According to the report, AI
significantly improves the industrial sector’s GVC position; this finding still holds after multiple
robustness and endogeneity tests of the model. The findings of the heterogeneity test at the national
level demonstrate that, in developing nations as opposed to developed countries, AI has a stronger
impact on advancing the GVC position of the manufacturing industry. Heterogeneity tests at the
industry level show that AI has a significant role in promoting the GVC of high, medium and low
technology manufacturing industries. The mechanism test demonstrates three primary ways by
which AI contributes to improving the GVC position of the manufacturing industry: by improving
both production efficiency and technological innovation capacity, and by reducing trade costs. This
study provides policy implications for the promotion of AI with respect to China’s manufacturing
industry GVC position.

Keywords: artificial intelligence; manufacturing industry; global value chain position

1. Introduction

With the development of economic globalization, the global value chain division
of labor systems led by multinational corporations in developed countries is constantly
deepening, and the global value chain (GVC) has become a paradigm for international
production [1]. Different countries and regions occupy different positions in the global
value chain division of labor systems based on their respective factor advantages. De-
veloped countries occupy high-value links such as research and marketing in the value
chain system with their technological and capital advantages, while developing countries
occupy low value links such as assembly with cheap labor. If this division of pattern
is maintained continuously, it will widen the development gap between developed and
developing countries, which is not conducive to the sustainable development of the global
economy [2]. The development of artificial intelligence provides new ideas for solving
this problem and reshaping the competitive international landscape. As a representative
technology of the Fourth Industrial Revolution, artificial intelligence plays an important
role in improving production efficiency and liberating labor, freeing developing countries
from the low position of GVC and moving towards mid to high positions such as research
and marketing [3]. It promotes the rationalization of the GVC division of labor system and
also promotes the healthy development of the global competitive landscape.

The promotion of a new round of industrial revolution on a global scale has led to
a rapid increase in the use of manufacturing industrial robots in various countries and
regions. This article uses the stock data of manufacturing industrial robots provided
by the International Federation of Robotics (IFR) in various countries and regions for
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presentation. Figure 1 (left) shows the usage of manufacturing industrial robots in 61 sample
countries and regions worldwide. The usage of industrial robots in the manufacturing
industry in sample countries and regions is showing an upward trend. The total number
of industrial robots used in the manufacturing industry was 569,187 units in 2000, and
reached 2,184,694 units in 2019, with an average annual growth rate of 7.34%. In order to
better demonstrate the usage of industrial robots in manufacturing industries in countries
and regions with different levels of development, this article shows the usage of industrial
robots in developed and developing countries in Figure 1 (right). The usage of industrial
robots in manufacturing industries in developed countries shows a high starting point and
low growth, while in developing countries it shows a low starting point and high growth.
Meanwhile, developed countries have always been ahead of developing countries, but the
gap between the two is gradually narrowing.
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Figure 1. Usage of industrial robots in the manufacturing industry (data source from IFR).

With the development of intelligent manufacturing, artificial intelligence will run
through various links in the value chain, such as product research and development design,
production manufacturing, and marketing services, to achieve the intelligence of the entire
manufacturing value chain, and ultimately promote the competitive advantage of the
industry and the improvement of the GVC position. Therefore, it is necessary to study
the relationship between artificial intelligence and the GVC position of the manufacturing
industry, and to explain the mechanism by which artificial intelligence affects the improve-
ment of the GVC position of the manufacturing industry through quantitative analysis.
This will verify the differences in the impact of artificial intelligence on the improvement of
the GVC position of the manufacturing industry in countries with different development
levels, and promote sustainable development of the global economy.

2. Literature Review

Presently, there are few studies on the impact of AI on the GVC position of the
manufacturing industry. This paper reviews two aspects: the influencing factors on GVC
position and the related studies on AI and manufacturing industry development.

The first is the study of the factors influencing GVC position. Some scholars believe
that technological innovation capacity (Durand and Milberg, 2020 [4]; Wang et al., 2021 [5]),
the level of human capital (Pananond et al., 2020 [6]), the level of physical capital (Adarov
and Stehrer, 2021 [7]; Yang et al., 2022 [8]) and other factors internal to a country or region
play an important role in GVC position. Other scholars argue that external factors such
as foreign direct investment (Fernandes et al., 2022 [9]), trade costs (Yao et al., 2021 [10]),
and institutional environment (Carril-Caccia et al., 2020 [11]) affect a country or region’s
GVC position. Still other scholars have focused on the impact of digitization and ICT on
GVC position. Based on an empirical study using micro data from Indian manufacturing
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firms, Karishma (2019) found that digital technology is conducive to the advancement of
the manufacturing industry in terms of GVC position [12]. Oliveira et al. (2021) argue that
digital enterprises have greater autonomy and flexibility in their pursuit of value chain
upgrades [13]. Cieślik (2021) found that ICT helped to improve the GVC position of Central
European countries [14].

Second, we explore research related to artificial intelligence and manufacturing develop-
ment. Eder et al. (2023) used the sample data of manufacturing SMEs from 2008 to 2015 to
study the relationship between industrial robotics and labor productivity [15]. The results
of the study showed that robot-based SMEs had twice the sales of non-robot-based SMEs
and that the use of robots by SMEs increased labor productivity by 5%. In addition, artifi-
cial intelligence can have a significant impact on technological innovation. AI, like other
general-purpose technologies, can generate complementary innovations as technologies
continue to proliferate, leading to a multiplier effect (Brynjolfsson et al., 2017 [16]). Using
panel data from 14 manufacturing industries in China from 2008 to 2017, Liu et al. (2020)
empirically investigated the impact of AI on technological innovation and found both that
technological innovation is facilitated by AI and that AI has a bigger influence on low-tech
sector technological innovation [17].

In conclusion, several researchers have looked at how ICT and digitalization have
affected the GVC position of the industrial sector; however, few researchers have looked
at how AI has affected this position. At the same time, the existing studies focus more
on the impact of intelligence on manufacturing productivity and innovation capacity,
while ignoring the impact of intelligence on the trade environment and other external
environments that affect the position of manufacturing global value chain. It is vital
to investigate the influence of artificial intelligence on the current GVC position of the
manufacturing industry since the fast development of artificial intelligence technology is
driving the reconstruction of Global Value Chains. Because of this, this study investigates
the mechanism of how AI affects the GVC position of the manufacturing industry and
undertakes empirical research to reach reasonably certain findings. This study may be used
as a reference to strengthen the manufacturing sector’s GVC position as the field of global
intelligence advances.

3. Theoretical Basis
3.1. Artificial Intelligence

The perspective of studying artificial intelligence in this article is based on the man-
ufacturing industry, so the definition of artificial intelligence in this article mainly starts
from the perspective of the manufacturing industry. Wright and Bourne (1988) first pro-
posed the concept of artificial intelligence in manufacturing, defining it as intelligent
machines that achieve small-scale production without human intervention, and optimizing
the production process through computational modeling [18]. Kusiak (1990) believe that
artificial intelligence in manufacturing refers to the simulation of the thinking and pro-
cessing methods of the human brain through advanced and powerful computers during
the production process, in order to complete a series of important tasks such as analysis
and decision-making. At the same time, intelligent devices are used to replace mechanical
and cumbersome physical activities, or to add bricks and tiles to human intellectual activi-
ties [19]. Wang et al. (2021) explained the meaning of artificial intelligence in manufacturing
from a technological perspective, pointing out that artificial intelligence in manufacturing
is supported by technologies such as artificial intelligence and big data, and completes a
series of tasks such as product research and development, production, and management
through human-computer interaction [20].

Regarding the measurement of artificial intelligence in manufacturing, scholars often
measure it by constructing indicator systems. However, there is currently no widely
recognized evaluation system, and for the research object of this article, relevant data
cannot be obtained. Therefore, this article draws on the practices of domestic and foreign
scholars such as Acemoglu and Restrepo (2018) [21], Prentice et al. (2020) [22], and uses the
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inventory data of industrial robots in the manufacturing industry provided by the World
Robotics Association (IFR) as a measurement indicator for the level of artificial intelligence
in manufacturing. Industrial robots are intelligent machines that are capable of automatic
control, repetitive programming, and are multi-purpose. They are an important application
field and typical representative of intelligent technology. Therefore, the usage of industrial
robots can to some extent reflect the level of artificial intelligence in manufacturing industry.

3.2. GVC

The concept of the Global Value Chain (GVC) is an extension of concepts such as value
chain and global commodity chain. The concept of GVC, which is currently widely used
and highly recognized internationally, was proposed by the United Nations Industrial Devel-
opment Organization (UNIDO). GVC refers to a large cross-enterprise network organizational
system built in the international market to realize the value of goods or services, covering
various links such as raw materials, production, marketing, recycling, etc.

Under the global production network system, a country’s position in the global value
chain is reflected in the level of technological complexity of its production and export
products. Generally speaking, developed countries specialize in high technical-complexity
processes such as research and development design and key component production in
the production value chain, while developing countries focus on low technical-complexity
processes such as raw material supply, assembly and processing, and simple component
production. According to the logic that trade structure reflects production structure, the
export complexity of a country or region can reflect its position in the global value chain.

4. Mechanistic Analysis

This research primarily examines the effects of AI on the industrial sector GVC position
from three perspectives.

4.1. Improve Production Efficiency

Artificial intelligence improves production efficiency by supplying new factors of
production and optimizing the allocation of production factors, which in turn enhances the
GVC position of manufacturing industries.

First, AI is an intelligent new factor of production; it can accelerate the renewal of the
original machines and equipment, improve the intelligent level of machines and equipment,
reduce the production error rate, and enhance the production efficiency and production capacity.
In addition, as a capital- and technology-intensive production factor, intelligent equipment
represented by industrial robots is widely used to replace routine and procedural labor work,
thus saving labor inputs and reducing labor costs. Compared with the human labor force,
not only can intelligent manufacturing equipment and systems work in all weather, but the
accuracy and speed of the work are also greatly improved. This further improves production
efficiency, making the added value of the manufacturing link continuously increase in the value
chain, which, ultimately, is conducive to the enhancing of the GVC position of manufacturing.

Second, AI promotes the optimal allocation of production factors and improves pro-
duction efficiency, thereby enhancing the GVC position of the manufacturing industry.
On the one hand, AI can analyze and identify market data, excavate its hidden value,
push enterprises to adjust their production plans in a timely manner, achieve personalized
and customized production, and improve the flexibility and production efficiency of the
production line, so as to enhance the added value of the link in which the manufacturing
enterprises themselves are located, and realize the upgrading of the value chain. On the
other hand, intelligent devices transfer production factors from low added value to high
added value. By transferring factors of production from sectors with low added value
to sectors with high added value, it improves the efficiency of resource utilization and
allocation and maximizes the role of existing factors of production. This enables the ex-
isting factors of production, such as equipment, resources, and labor, to be adjusted and
optimized according to the actual production situation.



Sustainability 2024, 16, 1341 5 of 17

4.2. Improve Technological Innovation Capability

AI can enhance the knowledge acquisition and absorption capacity of enterprises,
promote knowledge and technology spillover, thereby improving technological innovation
capacity and promoting the manufacturing industry GVC position.

First, AI can enhance the knowledge acquisition and absorption capacity of enterprises.
The development of AI prompts enterprises to achieve interactive learning of internal
cognition and the external environment, accelerates the creative restructuring of new and
old knowledge [23], promotes the mining of external knowledge and the creation of internal
knowledge, stimulates innovation vitality and improves technological innovation capacity,
which is conducive to enhancing the value creation capacity of each link of the value chain,
thereby enhancing the manufacturing industry GVC position.

Second, AI promotes knowledge and technology spillover. AI can accelerate the
rapid development and application of technology among enterprises, accelerating the
technology spillover effect and cumulative circular effect between manufacturing R&D
and application sectors [24]. In addition, intelligent enterprises will increase the use of
high-quality intermediate goods that match their own production technology and process
level, which will upgrade the overall quality of intermediate goods input by enterprises.
The quality upgrade of intermediate goods inputs helps enterprises integrate resources and
complement their strengths, i.e., by gathering and integrating global innovation elements
and reinventing them on the basis of digestion and absorption, a process that is also a
manifestation of technology spillover. This helps improve technological innovation capacity.
It stimulates the greater production advantages and vitality of manufacturing enterprises,
improves the technical added value of products and enhances the GVC position of the
manufacturing industry.

4.3. Reduce Trade Costs

Trade cost in a broad sense refers to the various costs of the whole trade process, except
for the cost of producing the goods. Transportation costs and information search costs are
important components [25]. AI can help reduce the information search costs of enterprises
and reduce the transportation costs in the trade process to obtain higher trade added value
and thus promote the GVC position of the manufacturing industry.

AI reduces the cost of information searches. With the development of artificial intelli-
gence technologies such as big data and IOT, enterprises can quickly collect information
about the production, consumption, transportation, and other aspects of exported products,
changing the traditional mode of waiting for time nodes for feedback. For example, manu-
facturing enterprises can use big data technology to analyze consumer behavior, adjust the
structure of production in a timely manner, and supply chain enterprises can use artificial
intelligence technology to monitor and make decisions, which can monitor products in
transit and supply information, assisting decision-making in selecting the most suitable
upstream and downstream partners. The above changes ultimately affect the production
chain, promoting the chain value appreciation of the entire export product movement
process, increasing the added value of manufacturing export products, and thus promoting
its GVC position.

AI reduces transportation costs. The intelligent logistics system intelligence can
perceive, analyze, and process logistics information, adjust logistics transportation routes
in a timely manner, reduce transportation costs of goods, and improve transportation
efficiency [26]. Therefore, enterprises can rely on efficient transportation networks and low
transportation costs to achieve rapid flow of production factors on a global scale, quickly
matching the advantageous production factors of different countries, and enable more
countries to participate in commodity production [27]. By expanding production and
bringing economies of scale, enterprises can obtain higher profits in global production, and
achieve an increase in the GVC position of the manufacturing industry.

Based on this, the following hypotheses are proposed.
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Hypothesis 1: AI contributes to the promotion of the manufacturing industry’s GVC position.

Hypothesis 2: There are three ways AI promotes the manufacturing industry’s GVC position: by
improving both production efficiency and technological innovation capacity and by reducing trade costs.

5. Empirical Analysis
5.1. Econometric Model Construction

In order to explore the impact of AI on the manufacturing industry’s GVC position
and to establish the following econometric model, this paper draws on the study of Zhang
(2023) [28].

lngvcit = α0 + α1lnindrobit + X’
itγ + θi + ϕt + εit (1)

where gvc denotes the dependent variable, manufacturing industry GVC; indrob denotes
the core independent variable AI; the control variables X′

it include: human capital level (hc),
physical capital level ( f ix), trade openness (open), industrial structure (str), and government
public service level (gov); subscripts i and t denote country and year, respectively, θi denotes
country and region fixed effects, ϕt denotes time fixed effects, and εit is random disturbance
terms. In addition, to eliminate possible heteroskedasticity, all variables are logarithmically
treated. In Model (1), α1 is the coefficient of interest in this paper; if it is statistically
significant and positive, it indicates that intelligence helps promote the manufacturing
industry GVC position.

5.2. Variable Description

Dependent variable: the manufacturing industry GVC position (gvc). Szymczak et al.
(2022) argue that the technological characteristics of a country or a region’s export goods can
reflect its position in the GVC division of labor [29], the higher the technological complexity
of a country or a region’s export goods, the higher its GVC position.

In this paper, drawing on Dai et al. (2022) [30], the technical complexity of exports is
used to measure the GVC position of a country or a region’s manufacturing industry. First,
export technological complexity at the product level is measured by

prodyk = ∑i[(xik/Xi)/∑i

(
xik
Xi

)
]GDPi (2)

where i represents the country, k represents the product, xik is the export value of k product
in i country, Xi is the total export value of the i country, xik

Xk
/∑i

xik
Xk

is the share of k product
in the i country’s exports in the total level of sample countries and regions, and GDPi is
the GDP per capita of the country.

Second, using the export complexity at each product level, the technical complexity
of exports at the country level is calculated by weighting the average with the ratio of the
country’s exports of each product to the country’s total exports as the weight.

gvci = ∑k

(
xik
Xi

)
prodyk (3)

Core independent variable: AI (indrob). This paper uses the stock of industrial robots
in manufacturing in each country and region as a measure of AI.

Control variables: human capital level (hc). The level of human capital is generally
measured by years of education, which can reflect the overall quality of labor in different
countries or regions and is closely related to the level of manufacturing production technol-
ogy. However, a higher level of education does not necessarily mean a higher quality of
labor. Therefore, this article uses the human capital index (average hourly wage) calculated
by years of education and education return rate to measure the level of human capital [31].

The level of physical capital ( f ix). The manufacturing industry’s ascent to a higher
GVC position is supported by the effective physical capital accumulation that results from
a quick rise in the level of physical capital. However, weak market effects may cause
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an increase in physical capital to result in a significant number of non-performing assets,
which might hinder the manufacturing industry’s attainment of a higher GVC position. In
this study, the amount of physical capital is determined by the gross fixed capital creation
to GDP ratio of a nation or area.

Degree of openness to external trade (open). The degree of trade openness reflects the
level of institutional development of a country, i.e., the higher the degree of trade openness
of a country, the easier its institutional operating environment, which in turn is conducive
to creating a favorable export environment, reducing trade costs and helping to promote
the manufacturing industry’s GVC position. Trade openness also helps strengthen the effect
of technology diffusion and improve the technological innovation capability of domestic
manufacturing enterprises, similarly enhancing the manufacturing industry Global Value
Chain position. This paper measures the degree of trade openness using the share of total
exports and imports of goods and services to the GDP of each country and region.

Industrial structure (str). Industrial structure is one of the important factors affecting
the industry’s Global Value Chain position. The essence of industrial structure optimization
is to optimize factor endowment structure; the gradual transformation of industrial devel-
opment from labor-intensive to technology-intensive, the optimization of manufacturing
export commodity structure and the enhancement of manufacturing value-added acquisi-
tion capacity. In this paper, industrial structure is measured using the share of industrial
value added to the GDP of a country or region.

The level of government public services (gov). As resource allocation is important,
improvements in government public service levels can help improve the management effec-
tiveness and efficiency of government, promote the optimal allocation of factor resources
and contribute to the upgrading of manufacturing industry GVC position. In this paper, we
use the share of general government public consumption expenditure to GDP of a country
or region to measure the level of government public services.

5.3. Data Sources

The data used in this paper come from several sources. Firstly, the United Nations
Comtrade statistical database. The first is the three-digit code classification standard of
the Standard International Trade Classification (SITC Rev. 3) which uses the correspond-
ing product codes to find the export data of manufacturing products of corresponding
countries and regions in the UN Comtrade database; this is then used to measure the
manufacturing industry GVC position of each country. The second data source is the World
Robot Database published by the International Federation of Robotics (IFR), which includes
the number of industrial robots installed and stocked in 75 countries and regions from
1993 to 2019, as well as the number of industrial robots by industry worldwide. The third
is the World Development Indicators Database (WDI), from which the level of physical
capital, the degree of openness to the outside world, the industrial structure and the levels
of government public service are derived. The fourth is the Payne World Table (PWT 10.0),
from which the human capital level index is derived. By matching the year and country
(region) names, the final unbalanced panel data of 61 countries and regions from 2000 to
2019 were selected. The descriptive statistics of each variable are shown in Table 1.

Table 1. Descriptive statistics of variables.

Variable Obs Mean Std. Dev. Min Max

lngvc 1220 10.228 0.200 9.518 10.856
lnindrob 935 6.913 2.994 0 13.348

lnhc 1200 1.081 0.188 0.437 1.471
lnfix 1219 −1.494 0.216 −2.246 −0.624

lnopen 1219 −0.228 0.594 −1.632 1.488
lnstr 1217 −1.350 0.286 −2.772 −0.723

lngov 1219 −1.805 0.302 −2.907 −1.275
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5.4. Empirical Results and Discussions
5.4.1. Benchmark Regression Results

In this paper, a two-way fixed effects model is used for empirical testing. The general
fixed effects model only fixes the individual effects, and the two-way fixed effects model
fixes the time effects and individual effects separately to control for other factors that may
affect the dependent variable as well as the time trend, thus making the empirical results
more reliable (Wooldridge, 2016) [32]. The analysis software is Stata 15.0 and the benchmark
regression results are shown in Table 2.

Table 2. Benchmark regression results.

M1 M2 M3 M4

lnindrob 0.0572 *** 0.0106 *** 0.0371 *** 0.0107 ***
(0.0028) (0.0026) (0.0040) (0.0027)

lnhc 0.5293 *** 0.0563
(0.1546) (0.0950)

lnfix 0.1061 *** 0.0285 *
(0.0382) (0.0169)

lnopen 0.1526 *** 0.0310 *
(0.0301) (0.0182)

lnstr −0.2202 *** 0.0618 *
(0.0738) (0.0339)

lngov 0.0680 0.0440
(0.0602) (0.0335)

_cons 9.9118 *** 9.9720 *** 9.5822 *** 10.1444 ***
(0.0291) (0.0166) (0.2322) (0.1138)

individual effects NO YES NO YES
time effects NO YES NO YES

N 935 935 917 917
R2 0.5547 0.9456 0.7147 0.9490

Note: (1) the values in brackets are robust standard errors; (2) ***, * indicate that the variable coefficients have
passed the significance test at 1% and 10%, respectively.

Model (1) only included the core independent variables, and the results showed
that the artificial intelligence coefficient was significantly positive. After incorporating
individual fixed effects and time fixed effects in Model (2), artificial intelligence still signifi-
cantly promotes the global value chain position of the manufacturing industry to climb.
Model (3) added control variables on top of Model (1), and the results showed a positive
correlation between artificial intelligence and global value chain position. The artificial
intelligence variable was significant at the 1% level, with an estimated coefficient of 0.0371. In
Model (4), fixed effects of country and region, fixed effects of time, and control variables were
added simultaneously. According to the econometric model set in this article, the regression
results showed that the coefficient of the artificial intelligence variable was 0.0107, which was
significantly positive at the 1% level. This indicates that artificial intelligence has a significant
promoting effect on the global value chain position of the manufacturing industry. The devel-
opment of artificial intelligence has significantly increased the global value chain position of
the manufacturing industry by 1.07%, which verifies Hypothesis 1 of this study. In addition,
the level of physical capital, degree of openness to external trade, and industrial structure are
significantly positive at the 10% level, indicating that these three variables have a promoting
effect on the global value chain status of the manufacturing industry.

5.4.2. Robustness Test

This paper conducted the following robustness tests, with results shown in Table 3.
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Table 3. Robustness Test.

(1) (2) (3)

Substituting Core Independent Variables Winsorizing System-GMM

lnindrob 0.0108 *** 0.0084 ***
(0.0026) (0.0025)

lnindrob2 0.0053 *
(0.0027)

lngvc 0.5862 ***
(0.0905)

control YES YES YES
country FE YES YES YES

year FE YES YES YES
_cons 10.1436 *** 10.0826 *** 4.4654 ***

(0.1352) (0.1099) (0.9533)

N 748 895 907
R2 0.9578 0.9525

AR(2) 0.7518
Sargan Test 0.7543

Note: (1) the values in brackets are robust standard errors; (2) ***, * indicate that the variable coefficients have
passed the significance test at 1% and 10%, respectively.

➀ Substituting core independent variables. The baseline regression uses data on
the stock of industrial robots in manufacturing industries in each country and region to
measure AI. Here, the number of industrial robots installed in manufacturing (indrob2)
is selected as a proxy variable for robustness estimation, with the estimation method still
chosen as a two-way fixed effect method. The regression results are reported in Column
1 of Table 3; it shows that the estimated coefficient of the proxy variable is 0.0053 and
that it passes the significance test at the 10% level. This indicates that AI still makes a
significant contribution to improvements in the manufacturing industry’s GVC position
after replacing the core independent variables.

➁ Winsorizing. To further alleviate the problem of heteroskedasticity due to the
variable measurements, this paper performs tailing below the 1% quantile and above
the 99% quantile for the GVC position of manufacturing industry index. It removes the
estimation results that are not robust due to the sample outliers. Regression results are
reported in Column 2 of Table 3. They show that the regression results are also consistent
with the baseline regression results after removing the outlier sample points, which proves
that the estimation results are not pseudo-causal arising from outliers.

➂ Replacement of the measurement model. Due to the potential for persistent features
in changes to the manufacturing industry GVC position, the level in the present period may
be influenced by the level in the previous period. Therefore, we incorporate the dynamic
effect of the manufacturing industry’s GVC position on the basis of Model (1) and establish
the following dynamic panel model:

lngvcit = m0+m1lngvcit−1 + m2lnindrobit + X’
itγ + θi + ϕt + εit (4)

where lngvcit−1 is a one-period lag of manufacturing industry GVC position, and m1
denotes the regression coefficient of the first-order lag of gvc, which reflects the influence of
the relevant factors in the previous period on the current period. In this paper, Model (4–2)
is estimated using the systematic GMM regression method. The systematic GMM model
has the characteristics of a strong instrumental variable, which can mitigate the possible
endogeneity problem to some extent. The regression results are presented in Column 3 of
Table 3, where the AI coefficient is 0.0084 and significant at the 1% level, again proving that
AI helps promote manufacturing industry GVC position. Furthermore, the model setting is
reliable and the selection of instrumental variables in the model is reasonable according to
both the p-values of AR(2) and the Sargan test.

5.4.3. Endogenous Test

The model may also suffer from endogeneity problems due to omitted variables and
reverse causality. Specifically, there may be unobservable factors that affect both AI and the
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manufacturing industry’s GVC position. There may also be reverse causality between AI
and the manufacturing industry’s GVC position, i.e., regions or countries with a higher
GVC position tend to have higher levels of AI development as well. These two problems
may lead to biased coefficient estimates of intelligence variables; therefore, this paper uses
the instrumental variables approach to mitigate the endogeneity problems involved.

This paper draws on the ideas and methods of Cui et al. (2020), and uses the average
value of the stock of industrial robots in manufacturing in other countries and regions to
remove their own country (region) as the instrumental variable. Due to the increasing
level of competition among manufacturing industries in each country and the introduction
of new production equipment and technologies [33], there is a correlation between the
level of industrial robot use in manufacturing industries in other countries and regions
and the use of industrial robots in their own countries, which satisfies the hypothesis of
correlation of instrumental variables. However, the increase in the level of industrial robot
use in other countries and regions does not have an impact on the national manufacturing
industry GVC position, which meets the requirement of exogeneity of the instrumental
variable. This indicates that the instrumental variable has some rationality. Table 4 shows
the results of the estimation of the model using 2SLS. The regression results indicate that the
AI variable is significantly negatively correlated with the instrumental variable selected in
this paper, satisfying the hypothesis of correlation. There is a negative correlation between
the level of industrial robot use in manufacturing in other countries and the level of use of
industrial robots in manufacturing in their own countries. This is primarily because there is
some competition among countries and regions for the use of industrial robots once there is
a certain total number of industrial robots in the global manufacturing industry. The results
of the two-stage regression demonstrate that the effect of AI on the manufacturing industry’s
GVC position is significantly positive at the 1% level, which is consistent with the findings of
the benchmark regression and suggests that the positive effect of AI on the GVC position is
still robust even after potential endogeneity issues have been taken into account.

Table 4. Endogenous test.

(1) (2) (3) (4)
First 2SLS First 2SLS

lnindrob 0.0106 *** 0.0176 ***
(0.0020) (0.0035)

IV −3.6574 *** −3.1569 ***
(0.5827) (0.5758)

Control NO NO YES YES
Country FE YES YES YES YES

Year FE YES YES YES YES

N 935 935 917 917

Unrecognizable test
Kleibergen-Paap rk LM value 26.392 *** 27.133 ***

Weak instrumental variable test
Kleibergen-Paap rk Wald F value 39.396 30.065 ***

Cragg-Donald Wald F value 74.470 *** 52.405 ***
[16.38] [16.38]

Weak identification robust test
Anderson-Rubin Wald value 31.06 *** 32.82 ***

R2 0.9789 0.9796

Note: (1) the values in parentheses are the critical values for the Stock-Yogo test at the 10% level. (2) *** indicate
that the variable coefficients have passed the significance test at 1%, respectively.

In addition, this paper performs the unidentifiable test for instrumental variables. The
results reject the original hypothesis. Following this, the weak instrumental variables test is
conducted, with results showing that the Kleibergen-Paap rk Wald F and Cragg-Donald
Wald F statistics are greater than 10, which rejects the hypothesis of weak instrumental
variables. Based on the value of the robust weakly identified Anderson-Rubin Wald statistic,
there is a strong correlation between the instrumental variables selected in this paper and
the endogenous variables.
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5.4.4. Heterogeneity Test

➀ Country-level heterogeneity
To further explore the country-level differences of the impact of AI on GVC position,

this paper divides the sample into two parts: developed and developing countries. Based
on the baseline regression model, dummy variables for developed countries (developed)
are introduced with developing countries as the reference group. The developed country
dummy variables are then cross-multiplied with the AI variables (developed × lnindrob);
regression results are reported in Table 5.

Table 5. Heterogeneity test.

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

lngvc Low-Tech Medium-Tech High-Tech

lnindrob 0.0153 *** 0.0102 *** 0.0070 *** 0.0066 **
(0.0030) (0.0030) (0.0020) (0.0033)

developed × lnindrob −0.0135 ***
(0.0036)

control YES YES YES YES
country FE YES YES YES YES

year FE YES YES YES YES
_cons 10.0748 *** 9.5881 *** 9.9267 *** 10.0272 ***

(0.1138) (0.0942) (0.1354) (0.0796)

N 917 917 917 917
R2 0.9534 0.9499 0.9630 0.9569

Note: (1) the values in brackets are robust standard errors; (2) ***, ** indicate that the variable coefficients have
passed the significance test at 1%, 5%, respectively.

They show that the coefficient of the effect of AI on the manufacturing industry’s GVC
position for developing countries as a reference group is 0.0153, which is significant at
the 1% level. The coefficient of the effect of AI on GVC position in developed countries is
0.0018 (the coefficient is the sum of the coefficient of developing countries as the reference
group and the coefficient of the dummy variable for developed countries), and passes the
1% significance test, demonstrating that AI has a greater effect on promoting the GVC
position of manufacturing industries in developing countries. This may be due to the
lower level of development of manufacturing industries in developing countries, and
the vigorous development of AI makes manufacturing industries in developing countries
significantly more intelligent and technologically advanced, which helps to improve their
GVC position. As a result, the promotion effect of AI on the upgrading of the GVC
position of manufacturing industries in developed countries is less pronounced. This may
be because developed countries are at the forefront of manufacturing technology, have
abundant human capital and have a strong capacity to transform innovation.

➁ Industry-level heterogeneity
This study continues to examine the industrial heterogeneity of the influence of AI

on the GVC position of manufacturing industries, taking into account that there may be
variances in the effect of AI on GVC positions with different technology levels. According
to Mancini et al. (2023) [34], in order to examine the industry-level variations of AI on the
GVC position, the sample was separated into three categories of industries based on the
intensity of R&D: high technology, medium technology, and low technology.

Tables 4 and 5 display the results of the regression. With an estimated coefficient
of 0.0102, the influence of AI on the GVC rank of low-tech manufacturing industries is
considerable at the 1% level. The coefficient of the effect of AI on GVC position of medium-
tech manufacturing industries is significantly positive at the 1% level with an estimated
coefficient of 0.0070. The results in Column (4) show that the estimated coefficient of AI
is likewise noticeably positive. The above results indicate that AI makes a significant
contribution to improvement in the GVC position of manufacturing industries at high,
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medium and low technology levels. This finding of this paper also implies that advancing
AI in manufacturing industries of different technology levels will help to promote the GVC
position of manufacturing industries.

5.4.5. Mechanism Test

The theoretical analysis above shows that AI enhances the manufacturing industry’s
GVC position in three ways: improving both production efficiency and technological
innovation capacity and reducing trade costs. Therefore, this paper will test the above
impact mechanisms by constructing a mediating effect model. Drawing on the study of
Pahl and Timmer (2020) [35], a stepwise regression of Models (5)–(7) is conducted to test
whether the above influence mechanisms exist:

lngvcit = α0 + α1lnindrobit + X’
itγ + θi + ϕt + εit (5)

lnMit = β0 + β1lnindrobit + X’
itγ + θi + ϕt + ωit (6)

lngvcit = η0 + η1lnindrobit + η2lnMit+X’
itγ + θi + ϕt + ζ it (7)

where Mit is the mediating variable, including production efficiency (lp), technological
innovation capability (inno), and trade cost (cost). Current studies on the measurement
of production efficiency usually include total factor productivity and labor productivity.
Limited by the availability of data, this paper draws on the study of Collalti et al. (2020) [36]
which uses manufacturing labor productivity as a proxy variable for production efficiency,
the ratio of manufacturing value added to employment in each country and region. The
level of technological innovation (inno) is measured using the number of patent applications
in a country or region, with data coming from the World Development Indicators database.
‘Cost’ denotes trade costs and trade costs include both fixed trade costs and variable trade
costs. This paper draws on the study of Stornelli et al. to measure fixed trade costs using a
country or region’s GDP [37]. GDP can reflect a country’s market size in response, and the
larger the market size the smaller the trade cost apportioned to each sales unit. Variable
trade costs are derived from a country or region’s tariff level (weighted average), with data
from the World Development Indicators database.

Table 6 report the regression results of the mediating mechanism test.
Columns 1–3 show the estimated results with production efficiency as the mediat-
ing variable. The results in Column 1 indicate that the estimated coefficient of the AI
variable is 0.0107 and that it is significantly positive at the 1% level. This implies that there
is a mediating effect of the effect of AI on the manufacturing industry’s GVC position (the
test of whether there is a mediating effect is the same below and will not be repeated). In
Columns 2 and 3, the coefficient of the effect of AI on production efficiency β1 is 0.0273,
which is significant at the 5% level, but the coefficient of the effect of production efficiency
on the manufacturing industry’s GVC position; η2 does not pass the significance test. In
this paper, we test whether the indirect effect is significant by employing the Bootstrap
method and sampling 1000 times. The results show that the indirect effect is significant.
Meanwhile, the results of Column 3 show the estimated coefficient of intelligence η1 is
significantly positive, and that the coefficients of β1 × η2 and η1 both have the same sign
and are significant, indicating that there is a partial mediating effect of the mediating
variable. The proportion of the mediating effect to the total effect is 6.05%. This implies
that AI can significantly improve production efficiency and promote the manufacturing
industry’s GVC position by improving production efficiency, which partially verifies
Hypothesis 2.
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Table 6. Mechanism test.

(1) (2) (3) (4) (5) (6) (7) (8) (9)

M = lp M = inno M = cost

lnindrob 0.0107 *** 0.0273 ** 0.0099 *** 0.0964 ** 0.0111 *** 0.0610 *** 0.0054 * −0.0470 ** 0.0093 ***
(0.0027) (0.0111) (0.0027) (0.0414) (0.0027) (0.0081) (0.0031) (0.0228) (0.0027)

lnlp 0.0237
(0.0236)

lninno 0.0006
(0.0054)

lngdp 0.0861 **
(0.0364)

lntax −0.0257 ***
(0.0080)

Control YES YES YES YES YES YES YES YES YES
Country FE YES YES YES YES YES YES YES YES YES

Year FE YES YES YES YES YES YES YES YES YES
_cons 10.1059 *** 17.4831 9.7020 *** 8.9042 *** 10.0940 *** 26.5130 *** 7.8240 *** −2.5907 10.0564 ***

(0.1157) (0.5570) (0.4294) (1.8011) (0.1199) (0.3593) (0.9755) (2.2046) (0.1066)

Bootstrap test Z = 7.99, p = 0.000 Z = −5.28, p = 0.000 Z = −3.65, p = 0.000 Z = 3.06, p = 0.002

N 917 890 890 889 889 917 917 861 861
R2 0.9487 0.7129 0.9494 0.1380 0.9502 0.8322 0.9513 0.2688 0.9516

Note: (1) the values in brackets are robust standard errors; (2) ***, **, * indicate that the variable coefficients have
passed the significance test at 1%, 5%, and 10%, respectively.

Columns 4 and 5 of Table 6 show the estimation results with technological innovation
capability as the mediating variable. The results in Column 4 indicate that the coefficient
of the effect of AI on technological innovation capability is significantly positive, which
implies that AI significantly improves technological innovation capability. The results in
Column 5 indicate that the estimated coefficient of technological innovation is not signif-
icant and, in this paper, the same Bootstrap method is used to sample 1000 times. The
results show that the indirect effect is significant, while the estimated coefficient of AI is
significantly positive, indicating that, with a mediating effect of 0.54%, there is a partial
mediating effect of the mediating variable. This implies that AI promotes the manufactur-
ing industry’s GVC position through improvements in technological innovation capability,
which partially verifies Hypothesis 2.

Columns 6 to 9 of Table 6 report the tests of mediating mechanisms for reducing trade
costs. Among them, Columns 6 and 7 show the estimation results with fixed trade costs as
the mediating variable. The results in Column 6 indicate that AI significantly reduces fixed
trade costs. In Column 7, AI and fixed trade cost are included in the model simultaneously.
The estimated coefficient of fixed trade cost is 0.0861, which passes the significance test at
the 5% level, indicating that the indirect effect is significant. The estimated coefficient of AI
is significantly positive, indicating that there is a partial mediating effect of the mediating
variable; the mediating effect accounts for 49.09%. The results in Columns 8 and 9 are
the estimated results with variable trade costs as the mediating variable, and the results
in Column 8 also show that AI significantly reduces variable trade costs. The results in
Column 9 show significant indirect effects and partial mediating effects for the mediating
variables, with the mediating effect accounting for 11.29% of the total effect. This indicates
that AI can indeed promote the manufacturing industry’s GVC position by reducing trade
costs; research Hypothesis 2 of this paper has been verified.

6. Conclusions and Policy Recommendations
6.1. Conclusions

This study analyses both the heterogeneity across various nations and locations, as
well as industries with various degrees of technology, and empirically investigates the
influence of AI on GVC in the manufacturing industry. The findings demonstrate that:
(1) The manufacturing industry’s GVC position may be considerably enhanced by the
development of AI. According to industry heterogeneity analysis results, the advancement
of AI has a significant impact on the GVC position of the manufacturing sector at various
levels of technology. The results of country heterogeneity analysis demonstrate that AI
has a stronger impact on improving the GVC position of the manufacturing sector in
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developing countries than in developed countries. (2) The promotion effect of AI on the
global value chain status of the manufacturing industry can be realized both through
enhancing the core competitiveness of the manufacturing industry such as improving
production efficiency and technological innovation capability, and also through reducing
trade costs and improving the external trade environment of the manufacturing industry.

The findings of this paper are similar to those of Karishma, but the Karishma study
focused on Indian companies while this paper is more global and focuses on manufacturing
industries in 61 different countries and regions. This helps us compare the heterogeneous
impact of AI development on manufacturing industries in different countries and regions.
Karishma argues that the higher the level of digitization, the higher the GVC position
of the firm, but this ignores the equally positive contribution of AI to low- and medium-
technology industries, which this paper points to. Similar to the studies of Graetz and
Michaels (2018) [38], this paper argues that AI significantly improves both the productivity
and technological innovation of manufacturing industries, thus enhancing the GVC position
of the manufacturing industry. However, at the same time, current studies have ignored
the role played by AI in reducing trade costs [39]. The innovation of this paper is that it
not only analyzes the impact of AI on the internal characteristics of the manufacturing
industry such as productivity and innovation capability, but also investigates the impact of
AI on external factors that can affect the global value chain position of the manufacturing
industry such as the trade environment, all of which provide some reference for further
clarifying the future development direction of AI.

At the same time, this article also discovered several interesting research directions
for readers and future exploration. With the development and application of artificial
intelligence, when we switch from human labor-intensive manufacturing methods to
AI-based ones, should our pricing standards for different products be changed, and what
factors should be used as benchmarks for product pricing? In the research perspective
of this article, starting from the positive aspects of artificial intelligence, will artificial
intelligence impact countries with labor resource advantages, and will it have a negative
impact on their industrial and economic development? These questions are all directions
worth exploring in the future. Similarly, this article also has some shortcomings. Artificial
intelligence not only includes industrial robots, but also digital twins and other technologies.
Due to the availability of data, this article uses industrial robots to measure the level of
artificial intelligence, which may have an impact on research and whether better indicators
can be found for measurement in the future. These are all areas that this article should
optimize in the future.

6.2. Policy Recommendations

(1) Enhancing the level of manufacturing intelligence and promoting enterprise pro-
ductivity. This paper finds that AI can facilitate the climb up the global value chain of
manufacturing industry by improving production efficiency. First, AI ought to both perfect
the construction of new infrastructure such as intelligent computing centers and the in-
dustrial Internet, consolidating the underlying architecture for intelligent development so
as to promote the intelligent transformation and upgrading of manufacturing industry in
an efficient and stable manner [40]. Secondly, it is necessary to make full use of industrial
robots, artificial intelligence and other intelligent equipment and technologies to promote
new modes of R&D and design intelligence. Other recommendations are to personalize
customization and flexible manufacturing in the manufacturing industry and to enhance
the ability to capture additional value in the manufacturing value chain. This will promote
the upgrading of manufacturing industry GVC. Finally, to assist the intelligent develop-
ment of the manufacturing industry, the government should increase financial investment
and relevant policy support for the development of artificial intelligence technology.

(2) Improving technological innovation capability and promoting the GVC position of
the manufacturing industry. The findings of this study indicate that raising the manufactur-
ing sector’s GVC position through technical innovation is a successful strategy. However,
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because it only plays a small part, it is essential to fully leverage the potential of technologi-
cal innovation to support improvements to the manufacturing sector’s GVC position [41].
First, as human capital is an important factor affecting technological innovation capability,
it is necessary to ensure the creation of both sufficient skilled talent and investment in
human capital at multiple levels; these might include the government, enterprises and uni-
versities. It is also necessary to expand the supply of high-skilled labor, promote the mutual
matching of high-skilled labor and intelligence, bring into play the synergistic innovation
effect of high-end factors and realize the transformation of the manufacturing industry
from a traditional factor-driven one to an “innovation-driven” one [42], by injecting strong
vitality into manufacturing technology innovation, it will promote its GVC. Second, the
government should create a good innovation atmosphere and actively build an innovation
service platform to better promote the industrialization and application of scientific and
technological achievements. In order to increase a firm’s passion for technical research and
development and enhance its capacity for independent innovation, intellectual property
protection mechanisms have to be improved and market order preserved.

(3) Improve the role of artificial intelligence in reducing trade costs and promoting
manufacturing GVC positions. Manufacturing enterprises should strengthen the effective
use of new technologies such as the Internet, big data and artificial intelligence, so that
they can quickly obtain the various kinds of information they need and reduce information
search costs. In this way, they will improve the efficiency of information matching and
information communication among enterprises and alleviate the information asymmetry
problem that constrains all links in the value chain. This will increase both economic
profit levels and the added value of final products. Companies should also promote
further integration in the traditional logistics industry chain with artificial intelligence,
strengthen the use of logistics robots in various logistics links such as assembly, trans-
portation, warehousing, loading and unloading, handling and distribution of production
lines, accelerate the transformation of traditional logistics to intelligent, integrated, flexible
and visualized intelligent logistics, improve the efficiency of the whole process of logistics
and transportation, reduce transportation costs, and improve the ability to obtain added
value for manufacturing exports [43]. These measures will improve the GVC positions of
manufacturing industries.
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