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As an integration of artificial intelligence and advanced manufacturing
technology, intelligent manufacturing has realized the innovation of
manufacturing mode and created conditions for the green development of
industry. After constructing a theoretical framework between intelligent
manufacturing and industrial green total factor productivity, this paper uses
panel data of 30 provinces in China from 2006 to 2020, and expresses the level
of intelligent manufacturing with industrial robot density, to discuss the
economic effects and mechanisms of intelligent manufacturing. The results
show that intelligent manufacturing has a positive effect on industrial green
total factor productivity, and the panel quantile regression model indicates that
thereis an increasing marginal effect. With the quantile points going from low to
high, the coefficient and statistical significance become larger. Human capital is
the mechanism for intelligent manufacturing to improve industrial green total
factor productivity. Green technology innovation and producer service industry
agglomeration have strengthened the positive effect. There is also
heterogeneity in the effect, and the stronger the effect in regions launched
local pilot schemes for carbon emissions trading and industrial green
transformation development policy. In order to give full play to the
technological dividend and empower sustainable industrial development, the
paper argues that we need to accelerate the integration of artificial intelligence
and manufacturing technology, thus improving the level of industrial
intelligence and empowering green development.

KEYWORDS

intelligent manufacturing, industry, green total factor productivity, panel quantile
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1 Introduction

With the intensification of global warming, the conflict between energy consumption
and ecological environment is becoming more and more obvious (Acemoglu et al., 2012).
The concept of green growth is derived from the green economy, which emphasizes
environmentally sustainable economic growth to promote low-carbon and socially
inclusive development. China has always been an active practitioner of green growth,
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with CO, emissions per unit of GDP declining by 34.4% and the
share of coal in primary energy consumption falling from 68.5%
to 56% in the last decade. While environmental pressures remain
heavy. According to the Environmental Performance Index (EPI)
2022 report released by Yale University, China scored
28.4 points, ranking 160th worldwide. Industrialization has
contributed a lot to China’s rapid economic growth. However,
the industrial sector is also the largest production sector with
highest energy consumption and pollution emission density
(Greenstone and Hanna, 2014). Compared with developed
countries, there are still gaps in green inputs, outputs and
creation of industrial added value (Yang et al., 2021). To this
end, the Chinese government puts forward to take advantage of
the new generation of technological revolution, such as artificial
intelligence (AI), to promote traditional industries upgrading
such as iron and steel, non-ferrous metals, petrochemicals,
chemicals, and building materials.

Intelligent manufacturing (IM) refers to the integration of Al
and advanced manufacturing technology (Zhou et al., 2018; He
and Bai, 2021). It combines the advantages of information
technology and manufacturing technology and is a new
(Zhong et al, 2017). With the
penetration of AI, IM has rapidly become the main goal of

manufacturing model

developed countries and emerging economies to promote the
redevelopment of manufacturing and compete in the global value
the
United States, Germany’s “Industry 4.0”, Japan’s “Innovation
25 Strategy”, China’s “the Made in China 2025 Initiative”, and
India’s “National Advanced Manufacturing Strategy”. Given the

chain. Such as “Re-Industrialization” plan of the

integrated characteristics of IM, its architecture can be divided
into five parts: resource layer, ubiquitous network layer, service
platform layer, intelligent cloud service application layer, and
safety management and standard specifications (Li et al., 2017).
This architecture allows IM to penetrate the product life cycle,
including design, production, management, and service. It also
connects enterprises in the supply chain with technical
advantages such as increasing flexibility, improving efficiency,
and improving quality of products and services (Kusiak, 2017;
Zhong et al.,, 2017). Due to the tightening of carbon emission
reduction goals, rising labor costs, and the reshaping of the global
value chains, there is an urgent need for the industry to leverage
new achievements in IM to realize green growth. Green growth
encapsulates the dual goals of economic and environmental
performance. According to existing literature, we think that
the key to green growth lies in the improvement of green
total factor productivity (GTFP) (Chen and Golley, 2014;
Zhao et al.,, 2022).

Although IM has been used long in practice, its impact on
green economic growth is beginning to appear. Questions remain
about what impact does IM have on industrial GTFP? Is it
positive or negative? How does IM affect industrial GTFP?
Answering these questions is crucial to achieve intelligent-
driven green growth. We first construct a framework of this
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paper based on the endogenous growth theory to explain the
impact of intelligent manufacturing on GTFP in theory. Then,
using panel data of 30 provinces in China from 2006 to 2020, this
paper discusses the effect of IM on industrial GTFP from
empirical perspective through the interactive fixed effect
model. We also discuss the mechanism of IM affecting GTFP
by using mediation model and moderation model. The marginal
contributions are mainly reflected in: 1) the theoretical
framework for the impact of IM on GTFP is constructed, and
the effects are explained by China’s provincial data; 2) the
interactive fixed effect model and industrial variables are used
to rule out possible endogeneity issues in the paper; and 3)
identify the mediating role of human capital in the effect of IM on
industrial GTFP, and the moderating role of GTT and producer
services agglomeration, enriching the discussion on the
mechanism of IM affecting industrial GTFP.

The rest of the paper is organized as follows: the second part
is a literature review; In the third part, the theoretical framework
for how IM improves industrial GTFP is constructed, and
assumptions are put forward; The fourth part is research
design; The fifth part makes an empirical analysis by using
the data from China from 2006 to 2020; In the sixth part, the
marginal effects, heterogeneity and the mechanisms are analyzed.
The last part are the conclusion and discussion, and policy
implications are put forward.

2 Literature review

Related literature has discussed the impact of AI and
intelligence on GTFP, and the results can be summarized as

» o«

“positive effect”, “negative effect”, and” non-linear effect".

The “positive effect” refers to the positive effect of intelligence
on GTFP. According to Grossman and Krueger (1991), economic
growth is closely related to technological progress. Intelligence
has a technical effect when other conditions are constant.
Technological progress brought about by intelligence will
improve productivity, improve the efficiency of resource use
and reduce the factor input per unit output; Intelligence will also
replace heavily polluting technologies, reduce energy
consumption and emissions, and promote green development.
Nie et al. (2022), for instance, used a sample of hand-matched
Chinese manufacturing enterprises from 2000-2013, and found
that the use of industrial robots can promote green production.
Zhang et al. (2022) used the data of industrial robots at
manufacturing-level, and found that the use of industrial
robots can encourage enterprises to produce cleaner products,
which in turn can improve GTFP; due to the development path
dependence, the positive effect of industrial robots on GTFP will
be stronger in regions with clean industries. Intelligence is also
considered to have a spatial spillover effect, which can not only
improve the local green total factor energy efficiency (GTFEE),

but also improve the GTFEE in neighboring areas (Wu et al.,
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2021). When it comes to how intelligence improves GTFP, Li
etal. (2021) used panel data of 35 countries from 1993-2017, and
found that the use of industrial robots can improve energy use
efficiency in the production process through improving the
spillover effect of technological innovation and optimizing the
factor input structure, which in turn improves GTFP. Using
provincial panel data of China’s manufacturing industry from
2008-2017, Zhang and Wu (2021) decomposed GTFP and found
intelligence can improve GTFP, and they pointed out that the
main channel is to improve green technical efficiency. Contrary
to the research results of Zhang and Wu (2021), Zhou and Chen
(2022) pointed out that AT improves GTFP mainly by promoting
technological progress.

The “negative effect” holds that technological progress
brought by AI has increased energy consumption, which has a
negative impact on green development. At the macro level,
according to the neoclassical economic growth theory,
technological progress will increase per capita output, promote
economic growth and increase energy consumption; At the
micro level, according to the production theory, technological
progress will improve efficiency, promote the downward shift of
enterprise cost curve, promote enterprises to expand production
scale, and increase energy consumption through the scale effect
brought by technological progress. This is also what Grossman
and Krueger emphasize, the scale effect of economic growth,
which further affects the relationship between technology and
environment. Part of the literature explains this such as Smulders
and Di Maria (2012) found that technological progress has
improved TFP, but the improvement of TFP has also
improved the marginal productivity of all inputs, including
pollution inputs. In other words, the higher the value of TFP,
the higher the cost of reducing pollution. Therefore,
technological progress has increased the marginal cost of
reducing pollution emissions, which makes enterprises that
the of
maximizing profits focus on labor and capital savings,

carry out technological innovation with goal
expanding energy consumption and aggravating the negative
impact on the environment. Moreover, technological progress
brought by Al is also considered to have a rebound effect, and the
scale of output expansion comes from the increase of energy
consumption rather than the decrease (Zhang et al., 2022). For
example, Hu et al. (2019) found that the output expansion caused
by technological progress increased the demand of enterprises for
energy consumption, and the increased pollution emissions
offset the effect of

innovation, thus finally increased the total pollution.

emission reduction technological

Some views of the “non-linear effect” show that there is a “U-

»

shaped” “inverted U-shaped” or other non-linear relationship
between information technology and GTFP. The non-linear
relationship between intelligence and green growth comes
from the superposition of technology effect and scale effect as
mentioned above (Liao and Ru, 2022). When the technology

effect is greater, the effect of intelligence on green growth is
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positive; However, with the development of intelligence, the scale
effect will become larger and larger, even exceeding the
technology effect, and the impact of intelligence on the
environment will be reduced or even negative (or vice versa).
Zhao et al. (2022) constructed a mathematical model of AT and
GTFP, and they found that there is an “inverted U-shaped”
relationship between AI and GTFP; They further used provincial
panel data of China from 2006 to 2019, and found that China’s Al
is currently in a rapid development stage, and its influence on
GTFP is in the first stage of the “inverted U-shaped”. Using data
from forestry industry, Wu and Zhang (2020) found that the
effect of internet on forestry GTFP is non-linear and there is a
threshold effect.

It can be found from the above literature that scholars have
paid attention to the relationship between IM and GTFP, but
there is still room for our paper. First of all, most of the literature
discussed the effect from national and regional levels, but few of
them focused on industrial level, and a complete theoretical
framework between the two has not yet been built. Secondly,
some studies believe that IM can improve GTFP, some studies
believe that IM, as a kind of technological progress, will have
negative effects on GTFP, and some studies believe that there is a
non-linear relationship between IM and GTFP. The results are
inconsistent with each other. The reason lies in measurement
methods of IM and GTFP. As for IM, some studies use the
density of industrial robots at the provincial, municipal or
industry level as a proxy variable, and some studies use text
analysis methods such as ML to assess the degree of enterprises
using AL Similarly, the measurement methods of GTFP and the
selected input and output indicators are different. The differences
of measurement methods lead to the estimation effects showing
great differences in the results. Another aspect of the inconsistent
conclusions lies in the fact that endogeneity has not been well
resolved. This paper holds that there are efficiency differences
and development path dependence within industry. Therefore, it
is necessary to solve endogenous problems. Thirdly, the path of
IM affecting GTFP is still unclear. Some studies have tried to
decompose GTFP, and through empirical research, it has been
found that IM promotes GTFP by improving the efficiency of
green technology, but the results are inconsistent. The
mechanism of IM affecting GTFP is very complicated, and
there is still a lack of testing of other mechanisms behind it.

3 Theoretical framework

Unlike flexible and computer-integrated manufacturing, IM
is characterized by self-awareness, self-determination, self-
execution, self-adaptation, and self-learning. Through the
industrial internet of things (IoT), cyber-physical systems
(CPS), cloud computing (CC), large-scale data analysis (BDA),
we can realize machine interconnection, even man-machine
interconnection. With the of these

application key
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Theoretical framework

technologies in manufacturing, the impact of IM on economic
activities has been transmitted to all aspects. It may even redefine
the economic functions of manufacturing. As an integrated
technology, does IM affect industrial GTFP, and how does IM
affect industrial GTFP? Based on the endogenous growth theory,
this paper constructs the theoretical framework from three
aspects: the direct and indirect effect, the mediating effect of
human capital, and the moderating effect of the level of GTI and
the agglomeration of the producer service industry. The
framework of the paper is shown in Figure 1.

3.1 Direct mechanism

On the one hand, the improvement of GTFP stems from
technological progress, and on the other hand, it is due to the
improvement of technical efficiency, such as optimization of
management and resource allocation efficiency (Zhao et al,
2022). (2017) pointed out that
technological innovation can accelerate the application of

Ghisetti and Quatraro
technology in the production, and improve environmental
productivity. IM, a major technological innovation in the era
of Industry 4.0, has significantly influenced green technological
progress and GTFP.

On the supply side, intelligence in the procurement process
can help achieve source control of pollution emissions. With the
help of blockchain and BDA technology, industrial enterprises
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can acquire and analyze energy market prices and supply in real-
time, accurately use energy data, and optimize energy allocation.
Industrial enterprises can reduce emissions in the process.
Enterprises can directly improve existing production processes
by using intelligent technologies into their production. For
example, by promoting digitizing equipment, enterprises can
enhance standard operations and visual control, and the energy
consumption and pollution emissions generated during the
production process can be observed and controlled in real-
time (Magazzino et al,, 2021). Enterprises can also innovate
processes, combine AI with cleaner production technology,
stimulate GTI, and enrich the application scenarios of Al,
thus improving the effect of energy saving and emission in
each link. In the digital era, transaction costs are decreasing,
and various links in the industry chain continue to increase. GTI
in one link will affect other industries through the industrial
chain, which will generate a green technology spillover effect and
structural effect of industrial structure upgrading, thus
improving the GTFP of the whole industry. On the other
hand, IM has connected the material supply, intelligent
scheduling, production progress monitoring, quality control,
product storage and transportation, logistics dynamics, and
other production links. It can improve the efficiency of
resource allocation, reduce the waste of resources caused by
the inefficient connection of each production link, ultimately
reduce the total energy consumption, thus improving the
efficiency of energy utilization (Kusiak, 2017). Furthermore,
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enterprises with higher efficiency of energy utilization will gain
competitive advantage, and green products will replace
IM is
conducive to eliminating high pollution and high energy

traditional resource-intensive products. Therefore,
consumption industries, and improving the GTFP.
From the demand side, the cost of green products is higher
than that of traditional products. Under the traditional trading
mode, the demand for green products is uncertain, so there are
high innovation risks (Huang and Zhang, 2014). However, IM
gives enterprises the potential to approach consumers. When
making decisions, enterprises can predict demand more
accurately to determine the best production scale by BDA. IM
based on user value directly link demand with supply and realize
on-demand production under mass production (Kohtamiki
et al,, 2019). Tt creates scale effect emphasized by improving
TFP and reduces waste of resources. For example, enterprises can
attract consumers to participate in value creation through
technologies such as direct user connection manufacturing,
user-generated content, co-creation, and virtual customer
environment (VCEs). In addition, IM’ agility makes it
possible to capture and analyze consumers’ preference
accurately in real time (He and Bai, 2021). Enterprises can
identify consumers’ demand for green products and meet it
(Chang, 2011). Enterprises can also transform itself into
cleaner production by improving environmental standards
that
environmental standards will win consumers’ preference,

and product quality. High-quality products meet
which will lead to an increase in output and the possibility of
green production (Waldfogel, 2017), thus increasing GTEFP.

Accordingly, this paper puts forward the following hypothesis.

H1: IM can improve industrial GTFP.

3.2 Indirect mechanism

From the technological architecture of IM, it is clear that
Human-cyber-physical systems (HCPSs) are the technological
mechanism that supports AI (Zhou et al, 2018). Human
intelligence and machine intelligence grow up in a mutually
enlightening way that inspires each other. Technological progress
in AT has endowed Al with capabilities such as deep learning, cross-
collaboration, ~human-computer intelligence, and swarm
intelligence. Therefore, manufacturing become more intelligent,
primarily cognitive and learning abilities. Machines can learn
from past experiences or learn in real time. Therefore, Al can
not only replace human beings in simple production tasks but
also assist human beings in complex tasks (Acemoglu and Restrepo,
2019). It reduces the demand for a low-skilled labor force and, at the
same time, increases the demand for a high-skilled labor force, thus
improving the human capital of enterprises. Related literature, such
as Salim et al. (2017), pointed out that the improvement of human

capital can promote the innovation of energy-saving technologies
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and reduce energy consumption. Wang et al. (2021) also found that
human capital is crucial to technological innovation, knowledge
spillover, the upgrading of industrial structure, and awareness of
environmental protection, thus improving GTFP.

From the perspective of producers, on the one hand, the
substitution effect of IM on the labor engaged in simple
tasks
technologies, improve their intellectual capital, promote the

production can prompt workers to learn new
improvement of the human capital of the whole society, and
provide more human capital and knowledge for GTL. On the
other hand, employees need to be familiar with the manufacturing
process and AL This means that enterprises need to recruit more
employees close to the technological Frontier. The increase of
enterprise’s human capital is important to learning knowledge
from the outside world, accelerating the penetration of Al and
green technologies, thus promoting GTI. Employees and
enterprises will gain experiences and skills from intelligence,
and the learning effect of more imaginative “learning by doing”
will promote cleaner production. The learning effect brought by
more intelligent “learning by doing” will drive the cost curve of
cleaner production to move to the left and reduce the average
production cost by reducing the unit production cost. Secondly,
IM’ self-adaptive and self-executing characteristics require
machines to learn and train themselves. The main way of
learning is to observe human decisions (Brynjolfsson and
Mitchell, 2017). This encourages enterprises to increase the
proportion of senior management and other tasks, recruit
employees with rich management experience, and optimize the
management process, thus improving the efficiency of green
technology (Zhao et al., 2022).

The positive effect of human capital of IM is also reflected in
the demand side. Goetz et al. (1998) found that human capital
improves the environmental quality and that the more educated
an individual is, the more environmentally conscious he or she is.
Therefore, the increase in human capital in enterprise and society
is conducive to stimulating consumers’ preference for green
products and promoting them to adopt environmentally-
friendly consumption behavior (Littledyke, 2008). This leads
to a demand for green products, which drive enterprises to
improve their environmental standards of their products.
Accordingly, this paper puts forward the following hypothesis.

H2: IM can improve industrial GTFP through the mechanism of
optimizing the human capital structure of industrial enterprises.

3.3 Moderating effect

3.3.1 Moderating effect of the level of GTI
Enterprises can make decisions according to a given level of
GTT and choose whether to invest in Al Related studies have
showed that the stronger the effect of intelligence on GTFP in
regions dominated by clean industries due to development path
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dependence (Zhang et al., 2022). Therefore, enterprises’ and
industries’ GTT level is crucial to the relationship between IM
and GTFP.

Compared with traditional technological innovation, GTI
means higher costs, more complex innovation processes, and
greener achievements (Ben Arfi et al, 2018). Although some
enterprises have a high level of GTI, they still face large R&D
costs. IM has dramatically reduced the cost, giving enterprises
more incentives for green R&D. Enterprises can test the
performance of cleaner production technology in virtual space
(He and Bai, 2021). This improves the ability to analyze, predict
and intervene in physical products and reduces the R&D cost of
green technologies. Metcalfe’s Law of information technology
enables some enterprises with a high level of GTI to quickly gain
innovation cost advantage and improve the efficiency of green
technology after using IM. Moreover, the fierce competition in Al
makes the introduction cost decrease, so that enterprises can
invest more in green technology R&D, promote GTI, and thus
improving GTFP. Even small-scale enterprises have
opportunities to approach the Frontier of IM technology
(Acemoglu et al, 2007). According to Wu et al. (2022)’s
study, the smaller the gap with advanced technology, the
more beneficial it is for the innovation of enterprises to
upgrade GTFP. Therefore, it also indirectly improves the GTI
level of the industry. Finally, IM also realize the interconnection
between intelligent systems, supply chains, and industrial chains
through the platform, breaking the boundaries of production
modules, enterprise, and even industry. Knowledge, labor and
other factors needed for GTT will fully flow, thus promoting the
integration of innovative resources. Even if some little enterprises
can hardly turn knowledge into innovation output in a short
time, they can “imitate” others to achieve incremental innovation
and accelerate the adoption of Frontier green technology.

Increasing the level of adoption of advanced green
technologies can trigger a positive feedback loop of
innovation, further increasing the wuse of technology,
improving the green efficiency and promoting the

improvement of GTFP. Therefore, a higher level of GTT can
stimulate a positive feedback loop from IM to GTT and GTFP.
This paper puts forward the following hypothesis.

H3: The higher the level of GT1I, the larger the effect of IM on
improving industrial GTFP.

3.3.2 Moderating effect of producer service
industry agglomeration

Producer service industries are critical intermediate inputs of
industry, and agglomeration of producer service industries has an
essential impact on the promotion of GTFP. A study on Japanese
manufacturing by Otsuka et al. (2014) found that agglomeration
can significantly improve energy efficiency of manufacturing.
Another study of the Chinese industrial sector also indicates that
specialized and diversified agglomerations have a positive effect
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on industrial GTFP (Cheng and Jin, 2022). Agglomeration of
producer services mainly affects industrial GTFP by scale effects,
knowledge and technology spillover effects, and industrial
structure upgrading effects.

Traditional agglomeration is based on geographical space,
most of which are geographical agglomeration. Digital economy
has given birth to new business models such as e-commerce,
significantly reduced transaction costs, and choice constraints
brought by distance have become less critical or even disappeared
(Goldfarb and Tucker, 2019). The reduction of transaction costs
leads to the agglomeration of producer services on the Internet.
Internet-based agglomeration strengthens the connection of all
links in the supply chain, turns the linear value chain into a
network pattern, accelerates IM applications. The large-scale
zero-distance agglomeration brought by the Internet has also
formed a large-scale supply of traditional factors and new factors
such as data. The final production sector has more choices that
are no longer bound to the city or internal. They can purchase
more environmentally intermediate goods at lower costs or
specialized technologies, thereby promoting green production.
Therefore, the higher the degree of agglomeration based on the
Internet, the stronger the connection between industries and
enterprises. The net-like value creation model will prompt the
rapid penetration of Al into all industries, strengthening the
positive effect of IM on GTFP.

Due to characteristics of Al and its requirements for digital
infrastructure on which data computation, storage, and
transmission depend, the development of digital economy has
produced some specialized agglomerations of digital industries.
For example, big data industry demonstration zones, digital
economy industrial parks, industrial Internet platforms, and
digital creative incubation platforms. In these regions with
of
introducing Al for enterprises will be lower. Introducing Al

high degree of specialized agglomeration, the cost
such as industrial robots can promote the integration and
innovation of IM and cleaner production technologies.
Diversified agglomeration also affects the effect of IM on
GTFP. In regions with a higher degree of diversified
the mobility of
knowledge, technology, human capital, and other factors is

agglomeration of producer services,
higher. Enterprises can obtain more sources of knowledge,
providing the foundation for the application and innovation
of IM. In turn, intelligent products have the property of “a new
division of labor” and the new property of “intelligent
connection,” which can further produce large-scale, cross-
border, highly integrated connections (Cao et al., 2022). This
“intelligent connection” can generate large-scale, cross-border,
and highly integrated connections, increasing the diversification
and agglomeration of producer services. In regions with a high
degree of diversification, the spillover effect of knowledge and
technology will be rapidly transmitted to other industries, which
will help inefficient and energy-intensive industries to improve
their production patterns, thus enhancing industrial GTFP.
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H4: The higher the degree of specialized agglomerations and
diversified agglomeration of producer service industries, the lager
the effect of IM on improving industrial GTFP.

4 Research design
4.1 Variable selection

4.1.1 Explained variables

Industrial GTFP. Since the traditional Data Envelopment
Analysis (DEA) requires input factors to grow simultaneously in
a fixed proportion, it is difficult to measure marginal rate of
technical substitution with significant variability among
production factors due to different development environments
and stages of development. In order to avoid statistical errors
caused by traditional measurement methods as much as possible,
this paper uses a non-radial and non-angle-based SBM
directional distance function. It combines it with the GML
index to measure GTFP. The advantage of this method is that
the unexpected output and dynamic continuity can be considered
more scientifically while the expected output is processed. The
evaluation system of industrial GTFP contains three categories of
inputs, desired outputs, and non-desired outputs. Regarding the
input variables, this paper selects three variables: energy, labor,
and capital, combined with the production function and data
availability. Among them, labor is measured by the number of
employees in urban industries; Capital is measured by the net
fixed assets of industrial enterprises above scale; Energy is
measured using industrial energy consumption (standard tons
of coal). The gross industrial output value measures the expected
output without intermediate inputs, and time output is converted
by the price indices, with 2005 as the base year. Unexpected
output is measured using industrial sulfur dioxide and industrial
wastewater emissions.

4.1.2 Explanatory variables

IM (Rob). Some scholars take the density of industrial robot
installation as a proxy variable for the level of IM or AI and
believe that the number of industrial robots owned by unit labor
reflects the level of IM in China (Chen et al., 2018; Lu and Zhu,
2021). Since 2006, the International Federation of Robotics (IFR)
has published the number of industrial robots and installed stock
in the old industries countries around the world. However, the
published data are at national industry level, which does not meet
the regional panel data needed for this paper. Regard of this, Xin
et al. and Yan et al. first matched the 14 manufacturing
classifications published by IFR with the 31 manufacturing
industries in China (Yan et al, 2021; Wang et al, 2022).
Then, the proportion of employed in urban units in each sub-
sector to the total employed population in the country in each
region in the past years is used as the weight, and finally, the
industrial robot installation density at the manufacturing level in
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the United States in 2005 was introduced as an instrumental
variable to construct the industrial robot installation density at
the provincial level. The formula can be expressed as.

ULob; Roby; MRob
Rob; = - - : 1
Ot ;Lobit X Lobj;  Lobjgs M

In Eq. 1, Rob denotes robot installation density, which is used
to characterize IM; Lobj;; is the number of employees by industry
in province i in year t; Lob;; denotes the number of employees in
urban units in all industries in province i in year t; Rob;; denotes
the stock of industrial robots installed in industry j in year ¢, Lob j;
is the total number of employees in industry j in yeart
nationwide; MRob,/L,gys is the instrumental variable set in
this paper, where MRob; denotes the stock of industrial
robots installed in the United States in year ¢, Lob,ys denotes
the number of employees in manufacturing in the United States
in 2005.

4.1.3 Mechanism variables

Human capital (Hum). Currently, the mainstream method to
measure human capital is to use local characteristics of
individuals, such as literacy rate per year of education.
However, this method ignores subjective and objective factors
that affect human capital, such as vocational training, work
experience, physical fitness, marketization process. So this
method cannot provide a accurate picture of human capital
(Li et al, 2014). Therefore, this paper selects the stock of
human capital estimated by Human Capital Research Center
of China Central University of Finance and Economics based on
the Jorgenson-Fraumeni (J-F) lifetime income method, and
combines it with the human capital Mincer model as the
proxy variable of human capital. The stock of human capital
measured by this method can more accurately reflect the role of
long-term human capital investments such as education and
health, and it is also comparable across regions (Fraumeni et al.,
2019).

Green Technology Innovation (GTI). In 2010, the World
Intellectual Property Organization (WIPO) launched an online
tool to search for patent information related to environmentally-
friendly technologies, namely the “Green List of International
Patent Classification.” This search entry divides green patents
into seven categories, such as waste management, energy saving,
and alternative energy production. Based on the green
technology categories published in the list, and the patent
application data published by State Intellectual Property Office
(SIPO), this paper defines whether patent has green attributes
according to whether the international patent classification
number accurately matches the list.

Aggregation of producer service industries (Agg). Industrial
agglomeration can be divided into three modes: diversified
agglomeration, specialized agglomeration and multi-industry
synergistic agglomeration. This paper only discusses the
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economic and social effects of the two kinds of agglomeration
behaviors. The reciprocal of the Herfindahl index is used to
measure diversified agglomeration of producer service industries,
which is calculated by HHID;; = Z?zll/(Eij - Ej)2 , where E;;
indicates the number of employees in industry j in province i in
yeart as a percentage of the total number of employees in
production service industries in province i, and E; indicates
the proportion of industry j to the total number of employees in
productive service industries nationwide. The specialized
agglomeration of producer service industry is measured by
using location  entropy, which is  calculated as
PS = (S;s/X;)/(Si/X), where Sj denotes the number of
employees in industry j in province i. X; denotes the total
number of employees in industry j nationwide, S; denotes the
total number of employees in province i, and X denotes the total
number of employees nationwide. HHID and PS denote the
diversified and specialized agglomeration of producer service
industry, respectively.

4.1.4 Control variables

Six variables are selected as control variables according to the
work of Zhao et al. (2022), Zhang and Wu (2021), and Zhou and
Chen (2022). Specifically: macro-control (Gov), the share of local
general budget expenditure in GDP is chosen as a proxy variable;
Population density (Pop), the ratio of total local resident
population to regional administrative area is chosen as a
proxy variable; Industrial structure (Ind), the share of value
added in tertiary industry to value added in secondary
industry is chosen as a proxy variable; Urbanization (Urban),
the ratio of the number of urban population to the total
population is chosen as a proxy variable. Economic
development (PGDP), the per capita gross regional product
(real GDP per capita in 2006 as the base period) is chosen as
a proxy variable; Information technology (Tech), the length of

long-distance fiber optic cable lines is chosen as a proxy variable.

4.2 Model construction

4.2.1 Benchmark model

In traditional panel data models, both individual effects and
time effects are added to the model. The unobservable factors are
differentiated by the methods of mean processing so as to control
the individual effect that does not change with time, and the time
effect that does not change with individual in the sample data,
which can alleviate possible endogenous problem to some extent.
However, shocks in time are often multi-dimensional. There is
often heterogeneity in the economic effects caused by the same
shock to different regions. Compared with traditional fixed effect
model, the interactive fixed effect model fully considers the
multidimensional impact of time in economic reality and the
heterogeneous responses of different individuals to these
impacts, which can better reflect the economic reality and
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effectively reduce the endogenous problems (Bai, 2009).
Residual matrix obtained from the original equation is first
estimated using OLS and treated as if N residuals exist, with
one residual series for each individual. The interactive fixed effect
model is assumed to

Yy = BXi+ M + & )

Where, A;Ft is the interactive fixed effect, which represents the
product value of multidimensional individual effects and
multidimensional time effects; 8 is the estimated parameter,
F; and /1; are fixed-effects parameters to be estimated, and X
represents a set of explanatory variables. Assuming the existence
of two common factors, it is obtained that

HEH

Embedding the common factors in a fixed effect model yields

(4)

F, = (3)

Yi = BXi+ o + 0 + L, F; + &

Where, )L;F, =a; +& , 8 denotes time effect and «; denotes
individual effect. To test the direct effect of the impact of IM on
industrial GTFP, the following econometric model was obtained
by combining the definition of relevant variables above

6
GTFP; = ay + a,Rob; + ZaZControliﬁ + y;Ft + A+ +e
j=1

®)

In Eq. 5, the subscripts i and t denote province individuals and
years, respectively, j denotes the number of control variables,
Control denotes a series of control variables, « denotes
parameters to be estimated, A; denotes individual fixed effects,
v denotes time fixed effects, and ¢; denotes a random
perturbation term obeying a white noise process.

4.2.2 Intermediary effect

To test H2, a mediation model is used to test the mechanism,
and the following set of equations is constructed on the basis of
Eq. 6

6
Hum;, = by + b, Rob;, + szControliﬁ + y;Ft +Ai+v+e& (6)
=1

6
GTFP;, = ¢y + c;Rob;; + c;Hum;; + Zquntroliﬁ + y;F, + A
j=1

+ Ve + &t

@)

In general, the specific ideas of the mediating effect test are:
first, the total effect of IM affecting industrial GTFP is calculated
by Eq. 5, and a, is the primary condition for the set of mediating
effect equations to hold; The second step is to construct Eq. 6
with human capital as the mediate variable and also IM as the
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core explanatory variable to test the effect of IM on human
capital. The third step is to include the mediate and core
explanatory variables in the same equation to test the direct
effect of IM on industrial GTFP and the mediating effect
transmitted through human capital. If both ¢; and ¢, are
significantly positive and the absolute value of ¢; is smaller
than the absolute value of a; in Eq. 5, it indicates that there
are both direct and indirect effects of the impact of IM on
industrial GTFP, in which human capital plays a part of the
mediating role. If ¢; in Eq. 7 is not significant, then human capital
can be considered to play a fully mediating role. The percentage
of intermediation effect is calculated by the formula b;c,/a; .

4.2.3 Moderating effect

To test H3 and H4, the paper examines the interaction of
moderating variables with IM, which leads to the construction of
the following two econometric models

GTFP“ = do + leObit + dZGTit + d3R0b,‘t X GTI,‘{

6
.
+ Zd4Control,~jt + Y Fe+ A+ v + &
=

(8)
GTFP; = ey + e Roby + e,Aggi + esRoby x Aggi

®

6
+ Zquntrol,ﬁ +y.F i+ A+ + e
j=1

In Eqgs 8,9, Rob x GTTand Rob x Agg denote the interaction
terms of IM and GTI, and IM and producer service
agglomeration, respectively. d3, e; are the fitted coefficients of
these two interaction terms. Whether the coefficient of the
interaction terms is significant or not is the main concern of
this paper, and if they are significant, it indicates that there is a
moderating effect. The sign and magnitude of both represent the
moderating role played by the moderating variables in the
process of IM affecting industrial GTFP.

4.3 Data sources and descriptive statistics

The panel data of 30 Chinese provinces (excluding Tibet
and Hong Kong, Macao and Taiwan) from 2006 to 2020 are
selected as the sample. The data of the indicators involved in
industrial GTFP are mainly derived from the China Statistical
Yearbook and the China Environmental Statistical Yearbook.
The original data of IM comes from the China Labor Statistics
Yearbook, the International Federation of Robotics (IFR), and
U.S. Bureau of Economic Analysis. The data for human capital
stocks comes from the China Human Capital Report (2020).
The original data for control variables mainly come from the
National Bureau of Statistics and the EPS database. For
missing values, linear interpolation method is used in this
paper. In the process of actual fitting calculation, variables,
with relatively large values, are processed logarithmically.
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Descriptive statistical results of the processed variable data
are shown in Table 1.

5 Empirical testing
5.1 Baseline regression

Table 2 shows the results of baseline regressions. We first
report the results estimated by the traditional fixed effect
model. Column (1) controls for individual effects only, and
column (3) controls for time effects. Individual and time
bivariate fixed effects are controlled in columns (2) and (4).
Of these, column (2) contains estimates without any control
variables, and column (4) contains all the control variables
selected above. Column (5) shows the estimation results using
the interactive fixed effect model presented in Eq. 6 above.
From columns (2) and (4), it can be seen that IM promotes
industrial GTFP improvement at least at the 5% significance
level, regardless of whether control variables are included or
not. It can be found that IM promotes industrial GTFP at 1%
significance level. For every 1% increase in IM, industrial
GTFP will increase by about 19.6%, which verifies H1. IM
optimizes the traditional production process and improves the
energy utilization efficiency of industrial enterprises. IM has
also promoted the development of manufacturing industry,
promoted the upgrading of industrial structure and further
improved the industrial GTFP. The results are also consistent
with the results of Zhao et al. (2022) on the impact of
provincial industrial robot application on GTFP. Moreover,
compared with their results, we have further identified this
positive impact from an industrial perspective. Comparing the
results estimated by the fixed effect model in column (4), it is
found that the coefficients estimated by the interactive fixed
effect model are larger and the significance level has been
improved. It indicates that the interactive fixed effect model
solves the endogeneity problem caused by the omitted
unobservable factors to some extent, and the conclusion
that there is a positive promotion effect of IM on industrial
GTFP is valid.

5.2 Robustness test

5.2.1 Cross-sectional correlation

Although the influence caused by unobservable factors is
reduced by interactive fixed effect model in benchmark
regression, due to the panel type being short in this paper,
conditional heteroscedasticity, autocorrelation with panel and
cross-sectional correlation may exist in both time series and
cross section, which makes the results biased. Although
we have used the robust standard error of clustering to
solve the problem of conditional heteroscedasticity and
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TABLE 1 Descriptive statistical for variables.

10.3389/fenvs.2022.1058664

Variables Standard deviation

GTFP 450 1.261 0.577 0.493 3.335

Rob 450 3.189 2.001 -0.571 6.496

Gov 450 3.055 0.395 2237 4.082

Pop 450 7.861 0.435 6.733 8.683

Ind 450 -0.004 0.407 —-0.608 1.427

Urban 450 3.992 0.241 3.418 4.492

PGDP 450 10.566 0.608 9.102 11.851

Tech 450 10.026 0.852 7.517 11.255

Hum 450 8.060 0.891 5242 9.996

GT 450 6.837 1.646 1.792 10.382
PS 450 1.998 1.229 0.161 8.493
HHID 450 0.310 0.862 0.001 4.888
TABLE 2 Impact of IM on GTFP:Baseline regression results.
Variables (1) ()] 3) (4) (5)

M 0.079*** (6.39) 0.236** (2.84) 0.078*** (3.42) 0.140** (2.86) 0.196*** (2.79)
Urban —0.541* (~1.95) —0.858** (~2.68) —0.741* (~1.75)
PGDP 0.462*** (8.52) 0.628*** (5.25) 1.167*** (8.64)
Tech 0.291** (2.66) 0.404*** (3.24) ~0.119 (~1.47)

Ind —0.421%** (-3.45) —-0.524*** (-4.77) —0.422%** (-5.02)

Gov —0.709*** (=6.03) —0.441*** (=3.08) —0.0471 (~0.40)

Pop 0.241%** (3.32) 0.159** (2.53) 0.324%% (6.45)

Constant 1.008** (30.60) 1119 (32.02) —4.348% (-2.72) —5.839%* (=3.74) ~9.940*** (~3.95)
Individual Effects No Control Control Control Control
Time Effects No Control No Control Control
Interactive Effects No No No No Control
R? 0.0757 0.2982 0.4152 0.4611

Note: ¥, **, *** indicate significant at 10%, 5%, and 1% significance levels, respectively. The t-statistics are in parentheses, and the following tables are the same.

autocorrelation, a classical hypothesis is still unsolved.
Driscoll and Kraay (1998) used SCC model to modify the
finite element model so that it has more robust standard error,
which can well overcome the threat that the panel data is short
and difficult to meet the classical assumptions of
econometrics. The results in column (1) of Table 3 show
that IM still positively contributes to industrial GTFP at
the 5% significance level, corroborating the robustness of
the benchmark regression results.

Frontiers in Environmental Science

5.2.2 Time lag effect

Although IM has made achievements in some industries, Al
are still in the expansion stages (Brynjolfsson and Mitchell, 2017;
Zhao et al., 2022). According to the law of penetration of generic
technologies (Perez, 2010), the integration of AI with
manufacturing technology and then the impact of IM on
GTFP will be a long-term process, and industrial robots
require a period of preparation from introduction, installation,
equipment commissioning to production, so the impact of IM on
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TABLE 3 Robustness test results.

10.3389/fenvs.2022.1058664

Variables (1) (2) (3) 2SLS Approximate exogenous IV
IM 0.140** (2.86) 0.222%%% (2.81) 0.182** (2.42) 0.127* (1.76) 0.127%%% (1.82)
Spatial-Rho Statistics -0.574
Unrecognizable Test 100.994
Weak Instrumental Variable Test 64.648
Endogeneity Test 0.331
Control Variables Control Control Control Control Control
Individual Effects Control Control Control Control Control
Time Effects Control Control Control Control Control
Observations 450 420 450 420 420

industrial GTFP may have a time lag effect. To examine this time
lag effect, the paper is re-fitted and calculated using the industrial
GTFP with a one-period lag as the explanatory variable. Column
(2) of Table 3 shows that after considering the lag effect, IM has a
positive impact on industrial GTFP at the 5% significance level,
which indicates that after considering the lag effect, the positive
impact of IM on industrial GTFP is still valid. It is not disturbed
by short-term time factors. According to Zhang et al. (2022),
there is a technological path-dependence in the production of
industrial enterprises. In order to maintain existing profits,
industrial enterprises are often reluctant to adopt new
technologies in a short time. Therefore, the process of
improving the production process of enterprises through IM
is slow.

5.2.3 Estimation method substitution

The traditional panel econometric models only consider the
two-dimensional perspective of time and individuals but do not
include the spatial linkages among individuals. As the economic
trade between regions becomes closer and road access continues to
increase, inter-regional policy behaviors or technological
innovations often lead to imitation and interaction among
neighboring regions, resulting in spatial game behavior.
Therefore, it is necessary to control the economic linkage and
geographic information among individuals. This paper uses the
Spatial Durbin model to replace the classical panel fixed effect model
to control the influence of potential spatial information. Column (3)
of Table 3 shows a positive relationship between IM and industrial
GTEFP at the 5% significance level. Meanwhile, the Spatial Durbin
model Spatial-rho statistic of —0.574 passed the 1% significance test,
indicating that there is a spatial correlation between the effect of IM

on GTFP, which is consistent with the results of Wu et al. (2021).

5.2.4 Endogenous analysis
The previous study argued efficiency differences and

development path dependence among industries and
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enterprises within the industrial sector. The higher the GTFP,
the more adaptive they are to the technological impact of IM. In
these more efficient industries, the smaller the crowding-out
effect of investing in IM on green technology R&D, the greater
the positive effect of technology. Therefore, enterprises and
industries with higher GTFP are usually more capable and
willing to implement intelligent transformation and increase
investment in IM. In other words, there may be bidirectional
causality between IM and industrial GTFP. In addition, there
may be endogeneity caused by omitted variables.

To address the possible endogeneity issue, drawing on Sun
and Hou (2021), the long-distance fiber optic cable density of
each province is used as the first instrumental variable. IM
cannot be promoted without the support of information
infrastructure. The density of optic cables affects the
diffusion of the new generation of ICT on which IM relies.
From the perspective of exclusivity, each province’s optic
cable density has no direct impact on industrial GTFP. To
prevent the problem of weak instrumental variables, this
paper also draws on Bartik’s idea to construct a “Bartik
Instrument” (Bartik, 2006), which is the product of the
first-order differential terms of IM and IM in time with a
lag of one order. The results show that the LM statistic is
100.994, which is significant at the 1% level and passes the
instrumental variable non-identifiability test. The Wald F
statistic is 64.648, which is greater than the 10% threshold
of 19.93 and passes the weak instrumental variable validity
test; The p-value of the Sargan statistic is 0.331, which does not
reject the hypothesis that all instrumental variables are
exogenous. The results of three tests show that the two
industrial variables selected in this paper are effective, and
there are no weak variables. As shown by the 2SLS results in
Table 3, IM still contributes to industrial GTFP at the 10%
significance level after solve the endogeneity issue.

Considering that it is very difficult to find a strictly exogenous
industrial variable, this paper assumes that the above-mentioned
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TABLE 4 Results of the panel quantile model.

Variables

M 0.007 (0.23) 0.027 (0.92) 0.044** (2.10) 0.246*** (3.18) 0.448*** (2.57)

Control Variables Control Control Control Control Control

industrial variables are slightly endogenous, and further uses the 6.2 Heterogeneity analysis
approximate exogenous tool variable method to estimate. The

Bartik instrumental variable is used here as an example for Some of the literature found through empirical tests that there is
testing. industry and regional heterogeneity (Zhang and Wu, 2021; Zhao

As can be seen from the approximate exogenous IV results in et al, 2022). However, these studies have ignored the role of
Table 3, the coefficient of IM is 0.127, which has passed the test of government. According to Porter Hypothesis, environmental
1% level. It confirms that the results confirmed in the benchmark protection policies can improve the productivity of enterprises in
regression again. the long run, offset the costs brought by environmental protection,

promoting economic growth. The study of Jin et al. (2022) found
that China’s SO, emission trading schema pilot has a positive impact

6 Further ana lySiS on industrial innovation. But Han et al. (2022) found that the effects
of carbon trading mechanism on the green transformation of the
6.1 Non-linear analysis economy will vary according to industry. To further identify the
heterogeneity, this section discusses the heterogeneous effects of
There are differences among industries regarding industry government industrial and environmental policies. We mainly
chain characteristics, production processes and procedures, discuss the impact of two policies, the policy of carbon emission
products, and other dimensions. This makes the application of trading mechanism and the policy of green transformation
IM vary across industries. For example, the higher the degree of development of regional industry.
application of IM in industries such as computer,
communication  and  other  electronic equipment 6.2.1 Policy of carbon emission trading
manufacturing,  instrumentation = manufacturing,  and The clarification of carbon emission trading rights is conducive
automobile manufacturing, the lower the degree of application to promoting data flow and carbon market flow, strengthening
of IM in industries with high dependence on natural resources industrial enterprises’ motivation to focus on laying out carbon
such as petroleum processing, coking and nuclear fuel processing assets and enhancing energy conservation and emission reduction.
industries, and non-ferrous metal smelting and calendering In October 2011, the Chinese government launched local pilot
industries (Zhao et al, 2021). However, the results of the schemes for carbon emissions trading in Beijing, Tianjin,
benchmark regression only reflect the average effect of IM. Shanghai, Chongging, Hubei, Guangdong and Shenzhen. Here,
This section uses a panel quantile regression model to explore these seven provinces are assigned a value of one and provinces
the heterogeneous effects of different quantile locations. without piloting are assigned a value of 0. After adding policy
According to Zhang and Dai (2012), five quartiles of (0.1, dummy variables, the estimated results are shown in column (1) of
0.25, 0.5, 0.75, 0.9) are set. Table 5. As can be seen from column (1) of Table 5, the interaction
As shown in Table 4, the effect of IM on industrial GTFP is term between IM and the pilot policy of the carbon emission trading
positive but insignificant when the quantile is at the 10% and is significant at the level of 10%, which means that in regions
25% quantile. As the quantile increases, the coefficient of IM launched local pilot schemes for carbon emissions trading,
gradually increases and the significance level increases. When enterprises have a stronger motivation to save energy and reduce
at the 50% quantile, the coefficient of IM is 0.044, which is emission, and IM has a more significant positive effect on
significant at the 5% level of significance; At the 75% quantile, industrial GTFP.
the coefficient of IM is 0.246, which is significant at the 1%
level of significance; and when at the 90% quantile, the 6.2.2 Policy of industrial green transformation
coefficient of IM is 0.448, which is significant at the 1% development
level of significance. The results show a structural In order to explore the green development path of
difference in the effect of IM on GTFP; the higher the level industrialization and energy conservation and emission
of industry GTFP, the more substantial the contribution of IM reduction that mutually promote each other, in June 2015,
to industrial GTFP. China’s Ministry of Industry and Information Technology
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TABLE 5 Heterogeneity analysis of different policies.

Variables (1)

Carbon emissions trading policy

10.3389/fenvs.2022.1058664

)

Industrial green transformation policy

M 0.110* (1.84)

0.097 (1.57)

Policy Interaction Items 0.029* (2.09)

0.019*** (3.06)

Individual Effects Control Control
Time Effects Control Control
R* 0.4659 0.4657

TABLE 6 Mechanism test.

Variables (1)

Human capital

(4) (©)

Specialized agglomeration

Diversified agglomeration

M 0.014* (1.86) 0.182*** (2.70)

0.081 (0.89)

0.143 (1.43) 0.249*** (3.38)

Human Capital 1.190%* (5.08)

IM x Green 0.018%%* (2.81)

IM x Spec 0.009** (2.32)

IM x Dive 0.019*** (3.50)
Control variables Control Control Control Control Control
Individual effects Control Control Control Control Control

Time Effects Control Control Control Control Control
Interaction Effects Control Control Control Control Control

started a pilot industrialization green transformation in 11 regions.
The purpose is to promote energy conservation and emission
technology, cultivate
environmental protection industry. Here, the provinces where

reduction energy conservation and
these 11 regions are located are assigned a value of 1, and the
provinces without piloting are assigned a value of 0. After
introducing the policy dummy variables, the estimation results
are shown in column (2) of Table 5. As shown in column (2) of
Table 5, the interaction between IM and industrial green
transformation development pilot policies is significant at the
1% level. It indicates that the improvement effect of IM on
industrial GTFP is industrial ~ green
transformation development pilot areas.

more robust in

6.3 Mechanism testing
6.3.1 Mediating effect of human capital

Column (1) of Table 6 shows the results of Eq. 6; when
human capital is used as a mediating variable, it can be found that

Frontiers in Environmental Science

IM improves human capital at a 10% significance level. Column
(2) of Table 6 shows the results of Eq. 7 when human capital is
used as a mediating variable. Column (2) shows that at the 1%
significance level, IM has improved industrial GTFP by
promoting human capital. There is a logic that IM affects
GTFP by influencing human capital and thus GTFP. H2 is
verified. In contrast to the results of Zhang and Wu (2018),
and Zhou and Chen (2022), who proved the mediating effect of
technological progress and technological efficiency, we proved
the mediating effect of human capital from the perspective of
endogenous technology, enriching the discussion of the
mediating mechanism. On the one hand, IM puts forward
new requirements on the human capital structure of
enterprises, which will be forced to recruit workers with
technical and management skills, to promote GTI. On the
other hand, IM forces some low-skilled workers to improve
their knowledge and skills to adapt to the intelligent society
and improve the human capital of the whole society. When the
level of human capital in society increases, people’s awareness of
environmental protection will increase, which will increase green
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TABLE 7 Summary of research hypotheses.

10.3389/fenvs.2022.1058664

Hypotheses Accepted or not

H1: IM can improve industrial GTFP

H2: IM can improve industrial GTFP through the mechanism of optimizing the human capital structure of industrial enterprises
H3: The higher the level of GTI, the larger the effect of IM on improving industrial GTFP.

H4: The higher the degree of specialization concentration and diversification concentration of productive service industries, the larger the

effect of IM on improving industrial GTFP

consumption behavior and thus have a positive impact on the
industrial GTFP.

6.3.2 Moderating effect of GTl and productive
service industry

Columns (3), (4), and (5) of Table 6 show the results of the
moderating effects. As can be seen from column (3) of Table 6, when
the interaction term between IM and the level of GTI is added to the
baseline regression, the coefficient of the interaction term is
positively significant at the 1% level. It shows that the level of
GTI positively moderates the relationship between IM and industrial
GTFP. The stronger the effect of IM on industrial GTFP in
industries and enterprises with higher levels of GTL H3 is
verified. In regions and industries with higher levels of GTI, IM
has a stronger effect on industrial GTFP. Consistent with Zhang
et al. (2022) ‘s results, it shows that green economic growth does
have technology path dependence.

From column (4) of Table 6, it can be seen that the interaction
term between IM and specialized agglomeration is positively
significant at the significance level of 5%, indicating that
specialized agglomeration of producer services has positively
moderated the relationship between IM and industrial GTFP. In
regions with a high degree of specialized agglomeration, the spillover
effect of knowledge and technology from IM will be rapidly
transmitted to other industries, which will help inefficient and
energy-intensive industries improve their production patterns,
and further upgrade industrial structure, thus
industrial GTFP. Diversified agglomeration has similar effects.
Column (5) of Table 6 shows that the interaction term between
IM and diversified agglomeration of producer services is significant

enhancing

at 1% significance level, indicating that diversified agglomeration of
producer services positively moderates the relationship between IM
and industrial GTFP. In regions with a higher degree of diversified
agglomeration, knowledge, technology, labor and other factors flow
fully, laying the foundation for GTI, thus the effect of IM on
industrial GTFP is stronger. H4 is verified. Comparing the
coefficients of the interaction terms of the two types of
agglomeration, it can be seen that the coefficient of diversified
agglomeration is significantly larger than that of specialized
agglomeration, indicating that IM has a more severe impact on
industrial green GTFP through the agglomeration knowledge
spillovers and industrial linkages of various types of enterprises.
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7 Conclusion and discussion

In this study, after discussing the impact of IM on industrial
GTFP from theoretical level, we use panel data of 30 Chinese
provinces from 2006 to 2020, and found that IM has improved
industrial GTFP, and this result still holds after passing a series of
robustness tests and using instrumental variables to rule out
endogeneity. The effect of IM has an increasing marginal trend,
and the higher the level of IM, the stronger its effect on GTFP. IM
improves the level of industrial GTFP by improving human capital.
The level of GTT and the agglomeration of producer service industries
play moderating roles: the higher the level of GTI, the stronger the
effect of IM on industrial GTFP; No matter specialized agglomeration
or diversified agglomeration, producer service aggregation positively
moderates the effect of IM on industrial GTFP. However, the
moderating effect of diversified agglomeration is larger than that
of specialized agglomeration. The results of heterogeneity analysis
show that the environmental and industrial policies corresponding to
the development of intelligence and greening also have significant
impacts. In regions where carbon emission trading policy and
industrial green transformation policy are implemented, IM has a
greater impact on the improvement of GTFP. All results of this paper
are shown in Table 7.

To better promote the green transformation of industrial
enterprises, we proposed the following policy suggestions. Firstly,
enrich the application scenarios of IM in industrial green production
and energy saving, actively cultivate new business models, and create
more opportunities for enterprises to develop and apply cleaner
production technologies. Secondly, enterprises should pay attention
to improve human capital to provide knowledge for enterprises’
intelligence and green transformation. While introducing high-end
talents, enterprises should strengthen the training and management
of existing employees and increase cooperation and innovation
among industries, regions, and enterprises. Thirdly, guide the
agglomeration of producer service industries in some areas with
a low level of IM, and improve the IM level in these areas through
the specialized agglomeration and diversified agglomeration of
producer service industries.

Consistent with the studies of Zhang and Wu (2021); Li et al.
(2021); Zhang et al. (2022), we found that IM represented by
industrial robots has a positive effect on GTFP. In contrast to these
studies, we focus our study on the industrial effect of IM rather
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than the macroeconomy, as the industrial sector is the main
application field of IM (Zhong et al, 2017; Day, 2018). We
believe it makes sense to focus on the industrial sector because
of the differences in industry chain characteristics and technology
needs of each industry (Zhao et al., 2021). Although studies by Hu
et al. (2019); Zhang et al. (2022) pointed out that technological
progress brought about by AI has scale effect, which will adversely
affect green development through output expansion. However,
through the non-linear analysis of IM, we found that at this stage
IM has positive marginal effect on industrial GTFP. In other
words, the intellectualization of China’s industrial sector is still
at the stage of rapid development. The technological effect and
structural effect will be greater than the scale effect to promote the
improvement of industrial GTFP, which is also consistent with
Zhao et al. (2022) study. After identifying that IM has a positive
effect on industrial GTFP, we further discussed the multiple
mechanisms. Different from the existing studies, for instance,
Zhang and Wu (2021); Zhao et al. (2022), who decompose
GTFP into technological progress and technological efficiency
and then discuss the mechanism of IM, we further identified
human capital as the mechanism by which IM affects industrial
GTFP based on endogenous growth theory. We also found the
moderating effect of green technological innovation level and
producer services agglomeration. It enriches the research on the
mechanism of IM affecting industrial GTFP.

Our study has the following limitations. First, as pointed out
by Li et al. (2017), the technical architecture of IM is complex, so
the mechanism of IM influencing industrial GTFP is also diverse.
However, we have only identified the intermediary mechanism of
human capital, but in fact there are still other mechanisms of IM
affecting industrial GTFP, which needs further discussion.
Second, we use industrial robots to express the level of IM,
but the variable of industrial robots (Rob) was calculated through
the application of robots at the industry level and cannot
accurately reflect the actual level of industrial robots used in
the industrial sector. Finally, the impact of IM on industrial
GTFP is in fact different for different industries have different
requirements for intelligence, but our results and discussion are
very limited. These limitations will hopefully be addressed in
future research.
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