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This study focuses on exploring the relationship between industrial intelligence
and capacity utilization based on the perspective of green development. Based
on a fixed effect model, using data from the International Federation of Robotics
(IFR) and China’'s A-share listed enterprises from 2011 to 2019, this study
empirically analyzes the influence of industrial intelligence on enterprises’
capacity utilization. The benchmark regression results reveal that industrial
intelligence has a negative effect on enterprises’ capacity utilization. The
results are robust to several econometric concerns. Moreover, mechanism
analysis indicates that industrial intelligence affects enterprises’ capacity
utilization through the productivity effect, the green innovation effect, and
the scale expansion effect. When considering the heterogeneity at regional
levels, we find that enterprises in the central and western regions are more
affected by industrial intelligence. Our findings provide guidance to enterprises
and policymakers in addressing industrial overcapacity and green development
issues in China.

KEYWORDS

industrial intelligence, green development, capacity utilization, green innovation,
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1 Introduction

Green development is the core of sustainable development, but there is a serious
problem of overcapacity in the world. China is also facing a severe challenge from
industrial overcapacity. The reasons for overcapacity are complex and atypical. Market
forces and institutional factors related to the economic transition characterize China’s
overcapacity (Han and Han, 2017). Overcapacity leads to environmental pollution,
market competition, unemployment, low economic benefits, which could adversely
affect the long-term growth of the country (Lin et al,, 2010; Liu and Wang, 2022).

The COVID-19 pandemic developed new challenges for consumers, organizations,
and enterprises (Al Halbusi et al., 2022), and there is a growing trend towards developing a
more sustainable way of sustainability performance among the manufacturing enterprises
(Awan et al,, 2020) and the households (Geng et al., 2022). Sustainability is an important
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the
environmental, and social aspects (Awan and Sroufe, 2019; Li

role in balancing relationship between economic,
etal, 2022). The transformation of economic growth model from
low efficiency and high pollution to high efficiency and
environmental protection is essential. Improving capacity
utilization and clearing the backward capacity is a necessary
way for China to achieve sustainable development. The Chinese
government has actively formulated policies and measures to
address overcapacity and improve capacity utilization. In 2013,
the State Council of China issued the “Guiding Opinions of the
State Council on Resolving the Contradiction of Severe
the of

preventing the blind expansion of the capacity. The Notice on

Overcapacity,” which pointed out importance
Doing a Good Job of Resolving Excess Capacity in Key Areas in
2020 emphasized that “use market-oriented and legal methods to
adjust and optimize the stock under the premise of controlling
the total production capacity.”

Industrial intelligence is an essential part of China’s new
industrialization efforts. Economic initiatives like the Belt and
Road aim to create high-efficiency and low-cost opportunities,
enhance energy conservation, reduce emissions, improve
product quality, and boost enterprise performance. The 18th
National Congress of the Communist Party of China emphasized
the need to “promote the simultaneous development of
industrialization, informatization, urbanization and
agricultural modernization.” Industrial intelligence is also a
step towards deeper integration of the new generation of
intelligence technology and industrialization. In 2021, the
Robot Industry Development Plan for the 14th Five-Year Plan
Period (hereinafter referred to as “Robot Industry Plan”) was
issued. The Robot Industry Plan proposes, “...by 2025, China
will become the source of global robotics technology innovation
and high-end manufacturing agglomeration.”

Industrial intelligence improves enterprise performance
(Graetz and Michaels, 2018; Bonfiglioli et al, 2020; Koch
et al., 2021), promotes innovation, and enhances product and
service quality (Dixon et al, 2021). Inevitably, industrial
intelligence has some adverse effects. These include crowding
out in the labor market, unemployment (Acemoglu and
Restrepo, 2020), blind expansion, and intensifying market
competition, which could cause pressure on enterprises’
capacity utilization. We take the new energy vehicle industry
as an example, which is one of the strategic emerging industries
in China. The new energy vehicle industry has high requirements
for high flexibility, intelligence, and digitization. There are many
applications of intelligent technology in this industry, while the
production capacity utilization rate was just 58.4% in 2021. The
rapid development of the new energy vehicle industry is
accompanied by the risk of overcapacity (Zhang, 2018). The
industry has rapidly formed a large amount of production
capacity in a short period, thus laying a major hidden danger
for overcapacity. The crazy production expansion of enterprises
results in a vicious circle of “capacity expansion—market
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oversupply—profit margin reduction—production expansion
to increase scale and reduce costs”. In the face of the pressure
of greater market uncertainty and rising prices of upstream raw
materials, the blind expansion might exacerbate the continued
decline in capacity utilization. Therefore, comprehensively
understanding industrial intelligence’s role in capacity
utilization is critical. However, the current theoretical and
empirical state of the art falls short of in-depth research on
this issue. Especially at a micro level, the current research lacks an
understanding of the impact of industrial intelligence on
enterprises’ capacity utilization.

This paper provides a framework to combine industrial
intelligence with enterprises’ capacity utilization. Our results
show that industrial intelligence has a negative effect on
enterprises’ capacity utilization. We further explore the
impact mechanism of industrial intelligence affecting
enterprises’ capacity utilization. Specifically, we investigate
the impact mechanism through using micro-enterprise-level
data for empirical analysis, revealing the productivity effect, the
green innovation effect, and the scale expansion effect. We find
that the net impact of industrial intelligence on capacity
depends on the relative magnitude of factors listed above.
We perform heterogeneity analyses at regional levels in
China. Our results show that, compared to other regions,
enterprises in the central and western regions are more
affected by industrial intelligence.

The contributions of our research fall in the following
three aspects. First, we view industrial intelligence and
capacity utilization from a novel perspective and study the
impact of industrial intelligence on enterprises’ capacity
utilization. We incorporate industrial intelligence and
capacity utilization into a unified analysis framework and
contribute by revealing the impact mechanism through
which industrial intelligence affects enterprises’ capacity
utilization. The impact mechanism explores three channels:
namely, productivity effect, green innovation effect, and scale
expansion effect. Second, unlike related literature that focuses
on country and industry levels, we measure the level of
industrial intelligence at the enterprise level. The measure
is based on data from the International Federation of Robotics
(IFR) and China’s A-share listed enterprises. Ours is the first
study that examines the impact at the micro-enterprise level.
To address endogeneity and test the robustness of the
benchmark model, we wuse instrumental variables
constructed based on the American industrial robot data.
Third, this paper the

overcapacity = governance mechanisms

enriches research on China’s
and  provides

guidance for green development strategies.

The findings have implications for industrial and
governmental policymakers. In addressing excess capacity,
policymakers ~ should  improve  differentiated  green

development policies. Specific recommendations emerging
from our research include strengthening the management of
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industrial energy consumption in the central and western
regions, optimizing the structure of industrial energy use,
increasing the proportion of clean energy and non-fossil
energy use, and focusing on promoting the green industries.
Our findings could also guide the managers. Enterprises should
put efforts into finding the appropriate production scale, perform
detailed market research before formulating production plans,
optimize business processes, decide on the adoption of industrial
intelligence based on prevailing economic factors and the
external competitive environment, and avoid the adverse
consequences of excessive intelligence.

The rest of the paper is organized as follows: Section 2
presents the literature review; Section 3 provides a theoretical
foundation and builds the hypotheses; Section 4 introduces the
methodology and data; Section 5 analyses the empirical results
and robustness tests; Section 6 explores the impact mechanism,
and Section 7 discusses heterogeneities at the regional levels;
Section 8 provides discussion; Section 9 presents implications
and the last part is conclusion.

2 Literature review
2.1 Overcapacity and capacity utilization

A section of the literature focuses on the causes and
overcapacity formation mechanism. Some scholars have
studied capacity utilization at the macro-level. Lin et al.
(2010) pointed out that industries in developing countries
often have the characteristics of low value-added and are
located at the lower end of the industrial chain, i.e., at a low
technical threshold. Therefore, enterprises in developing
countries are prone to the wave phenomenon, which leads to
overcapacity. Jiang and Cao (2009) concluded that, in China,
overcapacity stems from incomplete marketization and improper
government intervention. Some studies have also attributed
China’s overcapacity to the tenure of local governments (Gan
et al., 2015), official turnover (Xu and Ma, 2019), and subsidized
competition (Geng et al., 2011).

A stream of scholars has begun to examine capacity
utilization from the micro-level. Benoit and Krishna (1987)
studied an oligopoly market and pointed out that overcapacity
is a competitive strategy behavior. Banerjee (1992) concluded
that enterprises might misjudge the external environment and
lead to overcapacity from the perspective of incomplete
information.

Factors influencing capacity utilization have been covered in
the literature. Yang and Sun (2017) established a relationship
between foreign capital entry liberalization and enterprises’
capacity They found
liberalization significantly improves capacity utilization. The

utilization. foreign  investment

export expansion helps improve enterprises’ capacity

utilization (Zhang and Zhang, 2019). Others have discussed
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enterprises’ capacity utilization from the perspectives of
informatization (Wang et al., 2017), the proportion of zombie
enterprises (Shen and Chen, 2017), environmental regulation
(Du and Li, 2019; Cheng et al., 2020), and credit support (Ma
et al., 2020).

2.2 Industrial intelligence and capacity
utilization

The current state of the art is deficient in a targeted
exploration of the relationship between industrial intelligence
and capacity utilization of enterprises. Some studies have
explored related relationships. For example, some scholars
have studied the impact of industrial intelligence on the
economic and environmental performance. Industry
4.0 technologies have been found to help enterprises reduce
energy resource consumption and develop the circular
economy (Dantas et al., 2021). Luan et al. (2022) found that
using industrial robots leads to air environment deterioration.

The use of industrial robots is the main form of industrial
intelligence, and literature on this relationship focuses on micro-
level analysis. Large-scale enterprises and those with high
productivity are more likely to use robots (Koch et al., 2021).
Enterprises tend to be more productive after adopting robots
(Graetz and Michaels, 2018; Acemoglu et al., 2020), which can
improve the quality of products and services (Cai and Qi, 2021;
Dixon et al, 2021) and thus warrant a larger market share
(Bonfiglioli et al., 2020) and improve enterprise performance
(Mubeen et al,, 2022). Schoenberger’s (1989) analysis indicates
that using advanced automation technology might bring
enterprises the advantages of reducing labor costs, reducing
material costs, improving product quality, shortening the
production cycle, and shortening capital turnaround time, and
at the same time, it might increase pressure on new areas such as
capacity utilization and non-production labor costs.

Industrial intelligence affects the labor force, impacting
enterprises’ capacity utilization. In developed countries, using
industrial robots has led to unemployment, labor substitution,
and employment destruction (Acemoglu and Restrepo, 2020).
Due to the risk of low-skilled labor being replaced by advanced
technology (Yu et al., 2021), the low-skilled labor market may be
squeezed out (Balsmeier and Woerter, 2019). Industrial
intelligence prefers skilled workers with high-level cognitive
and social skills. Graetz and Michaels (2018) used industry-
level robot data and found that increased robot usage density
increases labor productivity and wages. With the massive struck
of the COVID-19 pandemic and the lockdown at the national
level, there has been an increase in the use of digital tools and
people started using social media more often than usual (Li et al,
20215 Yu et al, 2022). The epidemic has also accelerated the
exposure of existing vulnerabilities and structural distortions in
the global economy, and the market faces greater uncertainties.
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These seem to intensify the negative effects of industrial
intelligence.

The literature lacks a micro-data study to examine the impact
of industrial intelligence on the capacity utilization of Chinese
enterprises. In this paper, we use China’s A-share listed
data the
innovatively analyze the impact of industrial intelligence on

enterprises to measure capacity utilization,
enterprises’ capacity utilization, and enrich the research from
the perspective of China’s economic policy and industrial

intelligence.

3 Research hypothesis

We build a framework to assess the impact of industrial
intelligence on enterprises’ capacity utilization. Industrial
affects through  the
productivity effect, the green innovation effect, and the scale

intelligence capacity  utilization
expansion effect. In general, productivity and green innovation
has a positive impact on enterprises’ capacity utilization. In
contrast, the scale expansion negatively affects enterprises’
The effect of

intelligence on enterprises’ capacity utilization depends on the

capacity utilization rate. net industrial

summation of the above three effects.

3.1 Productivity effect

Technological progress drives productivity. Industrial robots
are the main form of industrial intelligence. Enterprises advance
their technical know-how and innovation abilities through using
robots. Enterprises can also absorb advanced technologies and
cutting-edge knowledge through “learning by doing” (Burstein
and Alexander, 2009), thereby improving production efficiency
and increasing output (Graetz and Michaels, 2018; Acemoglu
et al., 2020).

Industrial intelligence may improve the capacity utilization
through productivity effects because of the following two reasons:
First, enterprises with higher productivity have higher resource
utilization efficiency, which helps enterprises reduce waste and
improve capacity utilization (Wang et al., 2017); Second, high
productivity enterprises are more likely to experience high
market demand. Faced with uncertainty in demand, such
enterprises invest cautiously to avoid risks (Yu et al, 2018).
Therefore, we expect industrial intelligence to promote
enterprises’ utilization

capacity through  productivity

improvement channels.

3.2 Green innovation effect

Industrial intelligence promotes dataization, transparency,
and intelligence in all aspects of innovative production, which

Frontiers in Environmental Science

04

10.3389/fenvs.2022.1006630

can identify value demands in a timely manner and effectively
solve them. Industrial intelligence promotes the dissemination of
knowledge, which is beneficial to the innovators to enhance their
ability to obtain information, integrate internal and external
resources (Gopalkrishnan, 2013). Industrial intelligence also
provides new technical tools, means, and resources for
enterprises to carry out green innovation activities, creating
more possibilities and growth space.

Green innovation has a positive impact on capacity
utilization. With the deepening of the concept of green
development, green technologies and green standards have
been further promoted and applied. First, green innovation is
conducive to improving the clean production process of
enterprises, which accelerates the replacement and renewal of
backward production capacity by green production capacity (Liu
etal, 2021). Second, the demand intensity for low-end industrial
production capacity in the end-consumer market continues to
decline, forcing companies to adjust their production scale and
product mix. Enterprises expand the supply of green products
and services through green technology innovation, which is
conducive to expanding the market share of enterprises,
increasing production demand, thereby resolving the problem
of excess capacity, and improving sustainable development
(Awan and Sroufe, 2019). Third, green innovation enables
their
business goals, helps enterprises reduce production costs and

enterprises to integrate environmental goals into
time, and provides more efficient products (Begum et al., 2022),
which helps enterprises reduce waste and improve capacity

utilization.

3.3 Scale expansion effect

Industrial intelligence can increase productivity. Therefore,
enterprises that adopt industrial intelligence will have higher
output levels, be more competitive, and command a higher
market share (Koch et al., 2021). Low-productivity enterprises
will be forced out of the market, and high-productivity
enterprises will gain market.

Scale expansion negatively affects the capacity utilization
rate. Zhai (2013) pointed out China’s overcapacity is skewed
by “excessive low-end products and insufficient high-end
products.” According to the Schumpeter model, to accumulate
modern production capacity, it is necessary to have a healthy
production capacity metabolism  process, which means
continuously acquiring cutting-edge capacity and eliminating
traditional/outdated production capacity. Ma and Shen (2021)
found that enterprises’ scale expansion helps promote the
progress of cutting-edge technologies. Scale expansion also
inhibits the efficiency of cutting-edge technologies. Enterprises
are often effective at introducing advanced production capacity
during scale expansion; however, they are ineffective at
eliminating outdated production capacity. The scale expansion
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aids capacity utilization by improving Frontier technological
progress. At the same time, scale expansion leads to a decline
in capacity utilization by suppressing technical efficiency. We
expect the second effect to be stronger, so scale expansion causes
excess capacity.

Building on the reasons and arguments above, we propose
the following hypotheses:

Hypothesis 1: Industrial intelligence has a negative impact on

enterprises’ capacity utilization.

Hypothesis 2: Industrial intelligence promotes enterprises’ capacity
utilization through the productivity effect and the green innovation

effect.

Hypothesis 3: Industrial intelligence inhibits enterprises’ capacity

utilization through the scale expansion effect.

4 Methodology and data
4.1 Model

The regression function to examine the impact of industrial
intelligence on enterprises’ capacity utilization is:

Cu,-)j,t = ﬁO + ﬁlROboti’j’f + ﬁZXivat + U; + /lj + (St + si,j,t (1)

Firm i, in industry j, in time ¢, has a capacity utilization of
Cuij. Robot;jis the core variable. X; j covers all the control
variables; 4;, ,and(St, are the individual, industry, and year fixed
effects, respectlvely. &;j; is a random error term. The coefficient
B,is the core estimated coefficient. A significant negative f,
would imply that industrial intelligence inhibits enterprises’
capacity utilization rate.

4.2 Variable definition and description

4.2.1 The dependent variable

Capacity utilization (Cu), the core dependent variable in
this research, is a prevalent indicator used in the literature to
assess overcapacity. Capacity utilization measurement methods
include the DEA, SFA, cost function, and production function.
The production function method relies on technical capacity
and potential output. The method is based on the neoclassical
growth theory, which has proven validity and reliability.
Following Li et al. (2017), we use the stochastic frontier
production function (SFPF) model to measure the capacity
utilization at the enterprise level and take the ratio of actual
output to frontier output as the capacity utilization.
Furthermore, we build a random frontier production surface
with the total operating income, total assets, and the number of
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employees to measure the frontier output of the enterprise. In
model 2, Y is the total operating income of the enterprise, K
represents total assets, and L is the number of employees. In
model 3, Y is the frontier output of the enterprise, which is
estimated by model 2.

InY = B, + ,InK + BInL + ¢ ®)
Cu= Y/f’ (3)

Figure 1 reports capacity utilization in double-digit
industries. From 2011 to 2019, the average capacity utilization
of China’s manufacturing industry was about 0.72. The curve is U
shaped, indicating a declining and then a rising trend. From
2011 to 2015, the capacity utilization decreased from 0.73 to
0.7036; after 2015, it steadily increased to 0.7289 in 2019. The
trends could be attributed to The Central Economic Work
Conference held at the end of 2015. The conference outlined
the key tasks of “cutting overcapacity, reducing excess inventory,
deleveraging, lowering costs, and strengthening areas of
Based on the “Report on the Work of the
in 2016,
65 million tons in steelmaking and over 290 million tons in

weakness.”
Government 2017,” capacity shrunk by over
coal mining industries.

From 2011 to 2019, the capacity utilization in most industries
ranged between 70% and 80%. See Table 1. Further examination
reveals that the capacity utilization is relatively high in basic
metals (Industry 7), food and beverages (Industry 1), and
automotive (Industry 10). At the same time, it is relatively
low in glass, ceramics, stone, mineral products (non-
automotive, Industry 6), industrial machinery (Industry 9),
and transport equipment (Industry 11).

4.2.2 Core explanatory variable

Industrial intelligence (Robot) is the core explanatory
variable. Following Acemoglu and Restrepo (2020), Wang and
Dong (2020), and Huang et al. (2022), we build the industrial
intelligence measure based on industry-level robot penetration
and the proportion of asset eXPendltures at the enterprise level.

RSS!
Robot; ;s = In (34 ALijr % —=—), where IRSCh’"“represents the

Median (AE) LChma

stock of industrial robots in the- year t, LCh"{(’nO is the number of
employees in industry jin 2010 (base period), I RSCh"‘“ /LC’”%10 is
the penetration rate of industrial robots in industry j in year t,
AE, j,/Median (AE;) indicates the ratio of expenditure on assets
(fixed and intangible) of firm i in year t to the median of all
manufacturing enterprises’ asset expenditures in year t. We use
the penetration rate of industrial robots to represent the level of

industrial intelligence.

4.2.3 Variables for mechanism analysis

(1) TFP: The OP method and the LP method are mainstream
methods for measuring total factor productivity. The OP
(LP) method uses investment (intermediate inputs) as the
proxy variable of productivity to calculate TFP. We employ
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2015 2016 2017 2018 2019

Year
2013 2014 2015 2016 2017 2018 2019
0.739 0.736 0.730 0.734 0.744 0.749 0.750
0.710 0.707 0.693 0.692 0.709 0.718 0.721
0.685 0.680 0.710 0.727 0.743 0.745 0.743
0.702 0.709 0.703 0.717 0.731 0.746 0.740
0.733 0.730 0.715 0.720 0.735 0.744 0.740
0.681 0.684 0.663 0.670 0.703 0.722 0.721
0.772 0.766 0.740 0.746 0.781 0.786 0.787
0.738 0.716 0.721 0.718 0.730 0.740 0.745
0.696 0.690 0.668 0.666 0.690 0.702 0.704
0.739 0.734 0.724 0.724 0.736 0.728 0.728
0.705 0.706 0.680 0.670 0.669 0.677 0.696
0.708 0.712 0.701 0.703 0.714 0.719 0.721
0.730 0.745 0.749 0.743 0.739 0.742 0.745

Yuan et al.

0.740

0.730

0.720

0.710

0.700

0.690

2011 2012 2013 2014
FIGURE 1
China’s manufacturing capcity utilization (2011-2019).

TABLE 1 China’s manufacturing capacity utilization.
Industry 2011 2012
1.Food and beverages 0.746 0.749
2.Textiles 0.722 0.718
3.Wood and furniture 0.673 0.696
4.Paper 0.714 0.711
5.Plastic and chemical products 0.742 0.730
6.Glass, ceramics, stone, mineral products (non-automotive) 0.700 0.672
7.Basic metals 0.788 0.777
8.Metal products (non-automotive) 0.748 0.733
9.Industrial machinery 0.714 0.694
10.Automotive 0.757 0.736
11.Transport Equipment 0.737 0.707
12.Electrical/electronics 0.711 0.703
13.0ther 0.713 0.715

OP and LP methods, with the corresponding TFP
represented by TFP_op and TFPy,, respectively.

(2) Green innovation refers to the innovation that takes
ecological priority as the principle, considers economic
benefits and environmental quality, and achieves goals
such as energy conservation and emission reduction, low-
carbon recycling, and clean production (Begum et al., 2021).
Drawing on most of the existing literature, we use the
number of green patent applications to measure the green
innovation level (Ginv).

(3) Firm scale (Size) is measured by the logarithm of total assets

(Ali et al., 2021; Zhang et al., 2022).

4.2.4 Control variables
Following the literature on industrial intelligence and
capacity utilization, we choose variables to control for
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various characteristics. Precisely, the following variables are
(Finance); 2) Firm
performance (Return); 3) Firm age (Age); and Capital

controlled: 1) Financial constraint
intensity (Klratio). In addition, we also control the firm
fixed effects (FIRM), industrial fixed effects (IND), and
yearly fixed effects (YEAR). The variable description is
provided in Table 2.

4.3 Data sources and processing

The industrial enterprise database is suitable for studying
the behavior of Chinese companies. However, the data
required for this paper is missing from 2007 onwards;
moreover, the use of industrial robots in China accelerated
after 2010. Therefore, instead of the industrial enterprise

frontiersin.org
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TABLE 2 Definition of variables.

Variable name Abbreviation
Dependent variable
Capacity utilization Cu
Explanatory variable
Industrial intelligence Robot
Variables for mechanism analysis
TFP TFP_op
TFP_Ip
Green innovation Ginv
Firm scale Size
Control variables
Financial constraint Finance
Firm performance Return
Firm age Age
Capital intensity Klratio
Fixed effects
Firm fixed effects FIRM
Industrial fixed effects IND
Yearly fixed effects YEAR
TABLE 3 Summary statistics.
Variables Mean  Std. Dev. Min Median Max
Cu 0.7199 0.0792 0.4675 0.7270 0.8790
Robot 2.8279 2.2932 —4.1352 2.9450 8.1065
Finance -3.8316 0.2267 —4.4677 -3.8244 -3.3138
Return 0.0737 0.1317 -0.5996 0.0701 0.4291
Age 2.8151 0.3173 1.7918 2.8332 3.5264
Klratio 12.5651 0.8861 2.9248 12.5522 15.7356

database, we mainly rely on the A-share enterprises listed in
the Shanghai and Shenzhen Stock Exchanges of China for the
years 2011-2019. Specifically, we use two types of data: 1)
Industrial Robot Data is built using world robot statistics at
the annual industry level in the International Federation of
Robotics (IFR) from 2011 to 2019. IFR provides the most
authoritative robot statistic in the world. 2) Enterprise and
industry data come from the Wind Economic and China Stock
Market & Accounting Research (CSMAR) databases. The
employment data of China’s manufacturing industry is
derived from the China Industrial Statistical Yearbook, and
the employment data of the United States comes from the
NBER-CES Manufacturing
databases differ in their definitions of manufacturing sub-

Industry Database. Since

sectors, we match and organize industries with the same
category and obtain a set of listed company data belonging

Frontiers in Environmental Science

07

10.3389/fenvs.2022.1006630

Variable specification

Calculated using the stochastic frontier production function method
The robot penetration at the enterprise level

Calculated using the OP method
Calculated using the LP method
In (number of green patent applications+1)

In (total assets)

SA index
Net profit margin
In (sample period-establishment period)

In (fixed capital stock/employees)
Dummy variables for different firms

Dummy variables for different industries

Dummy variables for different years

TABLE 4 Results of the benchmark regression.

1 2 3)
Cu Cu Cu
Robot —0.0017*** —0.0036*** —0.0040***
(0.0005) (0.0008) (0.0008)
Finance 0.0279
(0.0224)
Return 0.0637***
(0.0073)
Age 0.0285*
(0.0163)
Klratio -0.0006
(0.0021)
Constant 0.7247%%* 0.7300%%* 0.7607**
(0.0015) (0.0023) (0.0869)
YEAR No Yes Yes
IND Yes Yes Yes
FIRM Yes Yes Yes
Observations 13917 13917 13917
Adj.R? 0.710 0.722 0.806

Note: ***, **, and * indicate significance levels at 1%, 5%, and 10%, respectively, and
standard errors clustered at the firm level are reported in parentheses.

to 13 manufacturing sectors. Based on the original samples, all
enterprises with special treatment such as ST and *ST during
the sample period or with missing data were eliminated. The
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main continuous variables are winsorized to reduce the
possibility of spurious outliers. The final dataset contains
13917 observations for the period from 2011 to 2019.

5 Results
5.1 Descriptive statistics

The summary statistics of the main variables are listed in
Table 3. The mean Cu for the whole sample is 0.7199, which
indicates the capacity utilization of China’s enterprises is
relatively low. The robot penetration (Robot) has a high
coefficient of variation, showing significant differences in
industrial intelligence levels among enterprises.

5.2 Analysis of the benchmark regression

In regression model 1, the fixed-effect model was used to
test the impact of industrial intelligence on enterprises’
capacity utilization. The results are shown in Table 4.
Column 1 presents the net effect of industrial intelligence
on enterprises’ capacity utilization while considering the
The of
industrial intelligence (Robot) is statistically negative at
0.0017, which the of
intelligence enterprises’ capacity utilization

firm and industry fixed effects. coefficient

industrial
by
0.0017 units. After considering the yearly fixed effects, the

shows inhibition

on

empirical results remain negative (-0.0036 units) and
statistically significant at the 1% level. See Column 2.
Column 3 is the regression result with control variables,
which confirms the statistically negative effects of industrial
intelligence on enterprises’ capacity utilization with
reductions of 0.0040 units. The results in Table 4 support
Hypothesis 1. The estimation results with the control
variables (Column 3) demonstrate that Return and Age
have positive effects on enterprises’ capacity utilization,

which is consistent with the theoretical expectation.

5.3 Robustness tests

5.3.1 Endogenous test

The impact of industrial robots on capacity utilization may
suffer from endogeneity issues. Firstly, enterprises with high
capacity utilization may use industrial robots to improve
production efficiency, which leads to the problem of two-way
causality. Secondly, although we control variables that affect
capacity utilization, it is impossible to rule out the omission
of some relevant variables. Therefore, we use instrumental
variable regression to reduce the estimation bias caused by the
endogeneity problem.
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Based on prior studies (Acemoglu and Restrepo, 2020; Wang
and Dong, 2020), we employ American industrial robot data to
construct an instrumental variable using data from the
United States. The expression for the instrument variable is
Robot,]t In (ﬁ‘ﬁ%) iﬁit ) , where IRS
stock of industrial robots in the year t, LVS Gim A o0 is the number of

employees in industry j in 1990 (base period), I RSUSA/L%SA]”O is

Arepresents the

the penetration rate of industrial robots in industry j in year t.
The reasons in support of our instrument variable are as follows.
First, industrial robots are technology- and capital-intensive
products. Enterprises with high asset investment have a higher
level of robot penetration. Second, during the sample period, the
development trend of industrial robots in the United States
remained close to that in China. Third, the data on industrial
robots in the United States mainly reflects the technical
characteristics of similar industries, which does not affect the
The
regression results are presented in Column 1 of Table 5. The

capacity utilization in China. instrument variable’s
coefficient of industrial intelligence is significant and negative,
consistent with the benchmark regression results. From the
Kleibergen-Paap rk Wald F statistic, we establish that there is
no weak instrumental variable.

5.3.2 Regression model replacement

Since China has not yet established a standard for
determining overcapacity, we draw on the practice of Han
et al. (2011) and use the criteria for judging overcapacity in
Europe, the United States, and other countries. If the capacity
utilization of enterprises is equal to or higher than 79% (high
capacity utilization), Cu = I; otherwise, Cu = 0 (low capacity
utilization). Given that the explained variables are 0-1, we use
logistic regression. The results are shown in Column 2 of
Table 5. The of
significantly negative. Hence, our results are robust.

coefficient industrial intelligence is

6 Mechanism analysis

The that
intelligence has inhibitory effects on enterprises’

benchmark regression revealed industrial

capacity
utilization; however, it did not reveal the impact mechanism.
Therefore, in this section, we introduce and analyze the means
through which industrial intelligence affects enterprises’ capacity

utilization.

6.1 Productivity effect

Theoretical arguments point to the productivity effect
whereby industrial intelligence helps enterprises save costs
and increase productivity, leading to a significant positive
effect on their capacity utilization. Accordingly, the TFP is
used as the explained variable to test the productivity effect
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TABLE 5 Results of robustness tests.

1) 2
Cu Cu
(with instrument (logistic
variable) regression)
Robot —0.0047%** —0.3336%**
(0.0010) (0.0716)
Finance 0.0260 —-0.1078
(0.0221) (1.6936)
Return 0.0641*%* 2.9896***
(0.0073) (0.7511)
Age 0.0291* -0.3415
(0.0163) (1.6144)
Klratio —0.0005 0.1937
(0.0021) (0.1796)
Constant —2.2239
(6.9154)
YEAR Yes Yes
IND Yes Yes
FIRM Yes Yes
Observations 13917 3689
Pseudo R? 0.263
K-Prk Wald F 6533.385

Note: ***, **, and * indicate significant levels at 1%, 5%, and 10%, respectively, and
standard errors clustered at the firm level are reported in parentheses.

empirically. Columns 1 and 3 in Table 6 present the industrial
intelligence’s estimation effects on enterprises’ TFP employing
TFP_lp and TFP_op. Both coefficients are significantly
positive, which indicates that industrial intelligence promotes
enterprises’ TFP.

Column 2 and 4 in Table 6 investigates the impact of
productivity on enterprises’ capacity utilization, and the results
show enterprises with higher productivity achieve relatively higher
capacity utilization. Thus, there is a potential positive impact path
through  which
improvement, thereby increasing capacity utilization.

industrial intelligence helps productivity

6.2 Green innovation effect

Enterprises adopting industrial intelligence promote green
innovation. Column 1 in Table 7 reports the regression of
industrial intelligence on the green innovation. The coefficient
of the industrial intelligence (Robot) is significantly positive,
indicating industrial intelligence has a significant positive
effect on the green innovation level. Column 2 in Table 7
includes green innovation (Ginv) to test the impact of green
innovation on enterprises’ capacity utilization. The coefficient of
Ginv is significantly positive, which means that green innovation
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has positive affect on capacity utilization. Thus, Hypothesis 2 is
supported.

6.3 Scale expansion effect

Enterprises adopting industrial intelligence can improve
productivity and achieve scale expansion. Column 3 in
Table 7 reports the regression of industrial intelligence on the
firm scale, which indicates industrial intelligence has a significant
positive effect on the firm scale. Column 4 in Table 7 includes
Size to test the impact of firm scale on enterprises’ capacity
utilization. The coefficient of Size is significantly negative, which
means that larger enterprises have lower capacity utilization.
Thus, industrial intelligence may cause scale expansion,
decreasing capacity utilization. This supports Hypothesis 3.

7 Heterogeneity analysis

The industrial intelligence level varies in regions across China.
Therefore, the impact of industrial intelligence on capacity
utilization may vary across regions. A heterogeneity analysis
based on different regions is now presented to investigate the
different effects of industrial intelligence on enterprises’ capacity
utilization."

The regions are mainly divided based on the level of
economic development. The eastern region refers to the
provinces that were first to implement the opening-up policy
and have a high level of economic development. The central and
western regions include economically less developed areas.
Columns 1 and 2 in Table 8 present the estimation results of
enterprises in the eastern, the central and western regions,
respectively. The negative impact of industrial intelligence on
enterprises’ capacity utilization is more negative in the central
and western regions. That is, a relatively high economic
development level limits the inhibitory effects of industrial
intelligence on capacity utilization. This may be due to
property
infrastructure in regions with a high level of economic

effectual rights  protection and  superior

development, which provides enterprises with sound market
competition mechanisms and reduce business environment
uncertainty. In summary, enterprises in regions with a high

level of economic development are less negatively affected by
industrial intelligence.

1 China's 31 provinces and cities are divided into the eastern, central, and
western regions, in which the eastern region includes Beijing, Tianjin,
Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong,
Guangdong, and Hainan. The central region includes 8 provinces
and regions of Shanxi, Jilin, Heilongjiang, Anhui, Jiangxi, Henan,
Hubei, and Hunan. Western region includes Sichuan, Chongqing,
Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Xinjiang, Ningxia,
Guangxi, and Inner Mongolia.
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TABLE 6 Results of productivity effect.

0 @) 3) “)
TFP_Ip Cu TFP_op Cu
Robot 0.1739*** 0.1731*
(0.0169) (0.0168)
TFP_lp 0.0064***
(0.0006)
TFP_op 0.0066***
(0.0006)
Finance —2.5924%** 0.0595%** —2.5036*** 0.0594**
(0.4329) (0.0227) (0.4379) (0.0227)
Return 5.8010%** 0.0234*%* 5.7334*** 0.0228%**
(0.2046) (0.0083) (0.1993) (0.0082)
Age 0.4191 0.0211 0.4178 0.0210
(0.3665) (0.0161) (0.3573) (0.0161)
Klratio 0.0092 -0.0011 -0.0006 -0.0010
(0.0377) (0.0021) (0.0386) (0.0021)
Constant —5.4489*** 0.8578*** —4.9778*** 0.8560***
(1.7583) (0.0869) (1.7532) (0.0872)
YEAR Yes Yes Yes Yes
IND Yes Yes Yes Yes
FIRM Yes Yes Yes Yes
Observations 13917 13917 13917 13917
Adj.R? 0.738 0.735 0.737 0.736

10.3389/fenvs.2022.1006630

TABLE 7 Results of green innovation effect and scale expansion effect.

1 @) ©) 4)
Ginv Cu Size Cu
Robot 0.0262*** 0.1520%**
(0.0047) (0.0078)
Ginv 0.0017*
(0.0010)
Size —0.0234***
(0.0030)
Finance 0.1835 0.0395%** —1.8436%** -0.0138
(0.1506) (0.0097) (0.2628) (0.0230)
Return 0.0332 0.0610%** 0.1749%%* 0.0675***
(0.0343) (0.0036) (0.0382) (0.0073)
Age 0.1790* 0.0244*** 0.3457** 0.0361**
(0.1033) (0.0088) (0.1470) (0.0165)
Klratio 0.0028 -0.0009 0.1268*** 0.0023
(0.0104) (0.0009) (0.0148) (0.0021)
Constant 0.3313 0.8095*** 11.8800*** 1.0438*
(0.5835) (0.0413) (0.9677) (0.0934)
YEAR Yes Yes Yes Yes
IND Yes Yes Yes Yes
FIRM Yes Yes Yes Yes
Observations 13917 13917 13917 13917
Adj.R? 0.659 0.728 0.938 0.736

Note: ***, **, and * indicate significant levels at 1%, 5%, and 10%, respectively, and
standard errors clustered at the firm level are reported in parentheses.

8 Discussion

Improving capacity utilization is the core concern of green
development, and an important starting point for China to deal
with climate change and environmental pollution. The arrival of
COVID-19 posed environmental, financial, public health, and
social challenges worldwide (Zhou et al., 2022; Su et al., 2021).
Social distancing measures have made it difficult for some
employees to return to work. Enterprises have more unstable
expectations for the labor force, which may further increase the
level of industrial intelligence, and the trend of automation
equipment replacing labor may intensify. There is a lack of
research that theorizes and tests the effects of industrial
intelligence on capacity utilization. The mechanisms through
which industrial intelligence affects capacity utilization also
remain unclear. Applying the multi-dimensional fixed-effects
model, we empirically investigate the effects, mechanisms, and
heterogeneity of industrial intelligence on enterprises’ capacity
utilization for the first time.

The estimation results indicate that industrial intelligence
may significantly inhibit capacity utilization. It enriches the
literature on the influencing factors of enterprises’ capacity
utilization. This finding seems different from the literature

Frontiers in Environmental Science

Note: ***, **, and * indicate significant levels at 1%, 5%, and 10%, respectively, and
standard errors clustered at the firm level are reported in parentheses.

that found intelligence technology is beneficial to improving
enterprise performance (Hu and Wang, 2020; Zhang and
Zhou, 2020). Based on the mechanism analysis, we examine
the mechanism of the role of industrial intelligence in
enterprises’ capacity utilization from three aspects:
productivity, green innovation, and scale expansion. We
find that industrial intelligence increases productivity,
which is consistent with other research conclusions (Graetz
and Michaels, 2018; Acemoglu et al., 2020). Enterprises with
higher productivity have higher resource utilization efficiency
and larger market demand, thereby improving capacity
utilization. Industrial intelligence can also promote green
innovation. Green innovation helps enterprises improve the
clean production process, expand market share, and reduce
production costs and time (Begum et al., 2021; Liu et al,
2021), thereby resolving the problem of excess capacity. At the
same time, we find a special negative effect, which is an
important factor explaining the negative impact of
industrial intelligence on enterprises’ capacity utilization.
Though industrial intelligence helps enterprises expand the
scale, scale expansion may lead to a decrease in capacity
utilization rate by inhibiting technical efficiency (Ma and
Shen, 2021). Furthermore, we discover that the negative
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TABLE 8 Heterogeneity analysis is based on characteristics at regional

levels.
(1 2
Eastern Central and western
Cu Cu
Robot —0.0033*** —0.0055***
(0.0009) (0.0015)
Finance 0.0515** —0.0243
(0.0239) (0.0480)
Return 0.0527*** 0.0772%**
(0.0090) (0.0122)
Age 0.0386** 0.0031
(0.0179) (0.0362)
Klratio 0.0020 —-0.0063
(0.0024) (0.0040)
Constant 0.7948*** 0.6941***
(0.0952) (0.1838)
YEAR Yes Yes
IND Yes Yes
FIRM Yes Yes
Observations 9626 4291
Adj.R? 0.733 0.720

Note: ***, **, and * indicate significant levels at 1%, 5%, and 10%, respectively, and
standard errors clustered at the firm level are reported in parentheses.

impact of industrial intelligence on enterprises’ capacity
utilization is more negative in the central and western
regions, which is in line with China’s actual national
conditions.

Although this research provided some valuable findings
and enlightenment for the research in the field of green
development, it inevitably has certain limitations. First, our
research only considers the effects of industrial intelligence in
China and ignores the effects in other countries or regions,
which makes the research conclusions limited in scope.
Second, due to the limitations of methods and data, it is
difficult to measure the industrial intelligence level of
enterprises and market uncertainty accurately. Therefore,
we do not incorporate these into the benchmark model. In
this regard, future research can try to improve on the
following aspects: Firstly, follow-up research can try to
investigate the effects in other countries or regions and
analyze and compare the effects of industrial intelligence in
China. Secondly, future studies could focus on constructing a
comprehensive indicator of industrial intelligence, combined
with other policy goals, and incorporate market uncertainty
for a deeper exploration into the domain.
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9 Implications

The findings of our research have the following implications: (1)
Industrial intelligence can improve capacity utilization through the
productivity effect and green innovation effect, but it will also
capacity through the
Overusing intelligence technology may lead to a massive

exacerbate  excess scale expansion.
replacement of labor, causing a double whammy to the economy
in terms of production efficiency and labor (Acemoglu and
Restrepo, 2020). However, most of the existing policies only
focus on improving the level of intelligence or improving
capacity utilization, ignoring the coordination of industrial
capacity
policymakers should focus on both the development of industrial

intelligence and utilization. In policy design,
intelligence and overcapacity control. When dealing with
overcapacity in enterprises, the government should improve the
mechanism for reducing outdated production capacity and develop
advanced production capacity. The government should also
implement differentiated green development strategies according
to local conditions.

(2) Deeply excavate the incentive factors of enterprises’ green
innovation and enhance the green innovation power of
enterprises. The government should further promote the
concept of green development and guide enterprises to change
to the path of green and sustainable development. Enterprises
should make full use of the policy dividends of green
development, optimize internal governance, increase the
development of green products and technologies, and establish
core competitive advantages, to realize the improvement of
enterprise value.

10 Conclusion

We apply the fixed-effects model to assess the impact of
industrial intelligence on the capacity utilization of Chinese
enterprises from 2011 to 2019. Using data from IFR and China’s
A-share listed enterprises, we constructed an industrial intelligence
variable based on the stock of industrial robots at the industry level.
A series of robustness tests were proposed to verify the robustness of
the results. We also investigated the impact mechanisms and
regional heterogeneity. The key findings are as follows: 1)
Benchmark estimates and robustness tests show industrial
intelligence inhibits enterprises’ capacity utilization rate. 2) The
mechanism tests show industrial intelligence has significant
productivity effect and green innovation effect, which, in turn,
positively affects the enterprises’ capacity utilization. Industrial
intelligence has a significant scale expansion effect, inhibiting
enterprises’ capacity utilization. 3) The heterogeneity test shows
that industrial intelligence has a stronger inhibitory effect on
capacity utilization in China’s central and western regions.
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