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Abstract: This study delves into the impact of industrial intelligence on corporate carbon performance
using micro-level data from 1072 listed manufacturing companies in China’s A-share market from
2012 to 2021. Industrial intelligence, through the integration of advanced technologies such as
Al IoT, and big data analytics applied to industrial robots, significantly improves the corporate
carbon performance, measured by the carbon intensity and total emissions. Although the total
carbon emissions increase due to the output effect, the efficiency optimization effect of industrial
intelligence has a greater impact, reducing carbon intensity and emissions. The reduction effect
from increased production efficiency outweighs the increase from the output effect. Heterogeneity
tests show significant carbon reduction effects of industrial intelligence in industries with heavy
and moderate carbon emissions, but an increase in carbon emissions in industries with light carbon
emissions. Regional differences also emerge, with more effective carbon reduction in the Yangtze
River Delta and Pearl River Delta regions compared to the Beijing-Tianjin-Hebei region. These
findings highlight the carbon reduction potential of industrial intelligence across different industries
and regions, offering valuable insights for targeted environmental policies and corporate strategies.

Keywords: industrial intelligence; carbon emissions; sustainable development; energy efficiency;
manufacturing industry; carbon intensity

1. Introduction

In recent years, reducing carbon emissions has become critically important globally,
driven by the urgent need to mitigate climate change and achieve sustainable development.
The 2009 Copenhagen Climate Conference resulted in an emissions reduction agreement
for 2012 to 2020, and the 2015 Paris Climate Conference adopted the Paris Agreement,
which set more urgent carbon reduction targets to foster global cooperation in addressing
climate change. Participating countries have developed nationally determined contribu-
tions (NDCs), outlining their specific emission reduction goals and pathways, aiming to
accelerate the global energy revolution and transition [1,2]. Achieving an effective carbon
emission reduction is not only essential for environmental sustainability, but also impacts
the economic sustainability and international competitiveness of nations. This imperative
is particularly significant for developing countries, which face unique challenges and op-
portunities in balancing economic growth with environmental sustainability. Developing
and transitioning economies tend to rely heavily on the exploitation of natural resources
for growth and are encountering several challenges related to resource efficiency and the
environmental footprint [3,4]. However, many developing countries including India, Pak-
istan, and Bangladesh are actively pursuing green growth initiatives such as green finance,
green deals, sustainability practices, and circular economy principles [4-6]. These efforts
highlight the varied approaches and impacts across countries, emphasizing the differences
between green finance, green deals, sustainability, circular economy, and green economy
initiatives. As the largest developing country, China has set ambitious goals of reaching its
carbon peak by 2030 and carbon neutrality by 2060, further intensifying efforts to explore
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effective carbon reduction strategies. This is not only vital for sustainable environmental
development, but also directly impacts the sustainability of the national economy and
international competitiveness.

The use of industrial robots exemplifies the application of artificial intelligence in
manufacturing [7]. Advancing industrial intelligence is a crucial direction for industrial
upgrading and transformation. Represented by industrial robots, industrial intelligence
has rapidly developed in China, with an increasing number of industrial enterprises incor-
porating robots into their production activities. China is the largest user of industrial robots
worldwide. In 2016, the sales volume of industrial robots in China reached 87,000 units,
accounting for about 30% of the global market share [8]. This has propelled the swift
advancement of industrial intelligence, while simultaneously, controlling carbon emissions
has become a core national development goal. Both industrial intelligence and carbon
reduction are objectives for China’s future development, making the relationship between
industrial intelligence and carbon reduction a complex and intriguing issue.

Prior research has not reached a consensus on the relationship between industrial intel-
ligence and carbon emissions, with different studies yielding varied results. Some research
has indicated a positive correlation between industrial intelligence and a decrease in carbon
intensity [9]. Conversely, other studies suggest that industrial intelligence might have
negative impacts; although technological advancements directly reduce carbon dioxide
emissions, their indirect effects might lead to an increase in emissions [10]. This inconsis-
tency underscores a critical gap in the literature and highlights the pressing need for more
nuanced and comprehensive investigations into the multifaceted impacts of industrial
intelligence on carbon emissions. Existing studies have primarily focused on macro-level
analyses including national, city, or industry-level carbon emission trends. However, these
studies are significantly limited in revealing the impact of industrial intelligence on carbon
reduction at the micro-enterprise level. Understanding the relationship at a granular level
is crucial, as it allows for the identification of specific mechanisms through which industrial
intelligence influences carbon emissions. This study aims to fill this research gap by provid-
ing a detailed analysis of how industrial intelligence affects corporate carbon performance,
measured by carbon intensity (emissions per unit of output) and total emissions, using data
from 1072 listed manufacturing companies in China’s A-share market from 2012 to 2021.

This research not only discusses the role of industrial intelligence in improving overall
corporate carbon performance and achieving carbon reduction, but also delves deeper into
various industry fields, considering factors such as industry characteristics, regional differ-
ences, and corporate outputs, to comprehensively analyze the complex, multi-dimensional
nature of this relationship. By analyzing the impact at the micro-enterprise level, we aim to
provide a more detailed understanding of how industrial intelligence influences carbon
emissions within firms. Through this in-depth analysis from a micro perspective, we
can more accurately assess the diversity and complexity of the environmental impacts
of industrial intelligence, providing new insights into its specific roles across different
economic and environmental contexts. This study’s findings are expected to contribute to
the academic discourse and offer practical insights for policymakers and industry leaders
aiming to leverage industrial intelligence for sustainable development.

The remainder of this paper is organized as follows. Section 2 proposes the research
hypotheses based on a literature review. Section 3 describes the data and models used
in this study. Section 4 presents the regression results of the model and their discussion.
Finally, Section 5 summarizes the main findings and offers related policy recommendations.

2. Literature Review and Mechanisms of Influence
2.1. Literature Review
With the increasing prominence of environmental challenges, the academic community

has intensified research on factors affecting carbon emissions. Since 1980, studies have
shown significant growth in this area [11]. Research has primarily focused on the impacts of
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economic growth, industrial structure, policy interventions, and technological innovations
on carbon emissions.

Studies on economic growth, industrial structure, and carbon emissions indicate that
economic development, population growth, urbanization, and adjustments in industrial
structure significantly influence carbon emissions [12-14]. These findings reveal that
economic development and industrial structure adjustment are core factors affecting carbon
dioxide emissions in China. In contrast, changes in the structure of energy consumption,
the degree of openness to foreign trade, and urbanization levels have a relatively minor
impact on carbon emissions. Moreover, the hypothesized inverse U-shaped relationship
between per capita carbon emissions and the level of economic development has not been
strongly supported by these findings.

In terms of policy interventions, studies on carbon emissions trading systems and
environmental regulations have also garnered attention. Effective carbon emissions trading
systems significantly reduce carbon emissions from businesses and regions, positively
impacting air quality [15,16]. Regarding environmental regulations, research shows that
the implementation of such regulations has a complex effect on carbon emissions, exhibiting
a U-shaped impact at different stages and a dual role of government intervention [17].

The rapid advancement of science and technology has also led to a widespread
focus on the multiple impacts of technological innovation on carbon emissions. Research
highlights the crucial role of R&D investment and low-carbon energy solutions in reducing
carbon emissions [18-20]. Further studies have shown that renewable energy consumption
and technological innovations play active roles in reducing carbon emissions [21-23],
with renewable electricity consumption and energy innovations significantly improving
the environmental quality and reducing carbon emissions [24]. However, the impact of
technological innovation on carbon emissions is not always positive. Studies have also
revealed the complex relationship between technological innovation and carbon emissions.
Research on the spatial correlation between carbon emissions and R&D intensity indicates
that technological innovations in high-income, high-tech, high-carbon-emission countries
can significantly reduce carbon emissions in neighboring countries, while the R&D intensity
in other countries may increase carbon emissions [25].

With the rapid development of artificial intelligence, research on the economic impacts
of industrial intelligence has also increased, focusing on production efficiency, production
scale, labor markets, and economic growth. Regarding the effects of artificial intelligence
on production efficiency and scale, industrial robots have been found to enhance labor
productivity and added value, boosting economic growth by 0.37% and improving the total
factor productivity [26]. Studies on the impact of artificial intelligence on the labor market
indicate both substitution and production effects [27]. Research on the impact of artificial
intelligence on employment shows significant job creation, although studies have also
found that industrial intelligence leads to a “polarization” in employment structures [28].
Additionally, the significant impact of artificial intelligence on economic growth and pro-
ductivity is increasingly acknowledged [29]. Studies have found that high substitution
elasticity between artificial intelligence and labor clearly reduces the total demand and
slows GDP growth, while lower elasticity may still slow the GDP, productivity, and wage
growth [30,31].

Current research has not reached a consensus on the relationship between indus-
trial intelligence and carbon emissions. On the one hand, studies have shown a positive
correlation between the increase in industrial robots in China’s industrial sector and a
decrease in carbon intensity [9]. Similarly, studies have found that artificial intelligence
has a significantly positive effect on reducing carbon emissions in large, technologically
advanced cities [32]. On the other hand, studies have also indicated potential negative
effects of industrial intelligence such as increased air pollution and exacerbated climate
warming. Moreover, although technological progress directly reduces carbon dioxide emis-
sions, its indirect effects may increase emissions [10,33]. Furthermore, some studies have
emphasized the differential impacts of industrial intelligence, finding an inverse U-shaped
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relationship between artificial intelligence technology and carbon emissions, indicating
that the carbon reduction effect becomes more apparent as technology reaches a certain
level [34]. Studies also show that the impact of artificial intelligence on carbon emissions
varies by country, with more significant carbon reduction effects in high-carbon-emission,
high-income countries.

The existing literature highlights the complexity of carbon emissions, industrial in-
telligence, and their interactions, particularly the significant role of industrial intelligence
in affecting carbon emissions. These studies demonstrate the potential of technological
advancement and intelligence in enhancing production efficiency and reducing carbon
emissions, but they also highlight the accompanying additional energy demands and envi-
ronmental pressures. Although these preliminary studies provide valuable insights into the
impact of industrial intelligence on corporate carbon emissions, they largely remain at the
macro-level such as national, city, or industry overall carbon emission trends. This study
aims to delve into the specific impact of industrial intelligence on carbon emissions and its
mechanisms at the micro-enterprise level. By focusing on the micro-level, this research not
only examines the overall impact of industrial intelligence on corporate carbon reduction,
but also explores how industry characteristics, regional differences, and corporate output
affect this relationship. This in-depth analysis helps more accurately assess the complexity
and diversity of the environmental impacts of industrial intelligence.

2.2. Mechanisms of Influence
2.2.1. Efficiency Optimization Hypothesis

Industrial intelligence reduces carbon emissions and intensity significantly by enhanc-
ing production efficiency and refining management processes, largely due to the effective
management capabilities of automation control systems. These systems can precisely
control resource usage and minimize inefficient energy consumption, thereby optimizing
carbon performance, as illustrated in Figure 1. Previous research has demonstrated that
artificial intelligence primarily drives economic growth through three mechanisms: en-
hancing the level of automation and intelligence in production activities, increasing the
return on capital to encourage capital accumulation, and improving the total factor produc-
tivity [35]. Industrial robots not only promote production efficiency and optimize factor
structures, but also foster innovation in production technology, thereby enhancing energy
efficiency [36]. By precisely controlling movements and energy consumption, industrial
robots avoid unnecessary energy waste, helping lower carbon intensity during production
processes. Overall, industrial intelligence significantly enhances corporate production effi-
ciency through automation, intelligent analysis and optimization, and intelligent decision
support, playing a key role in reducing carbon emissions and lowering carbon intensity.

Reducing energy consumption : 5 -
g &y Bt Decreasing carbon intensity

Increasing total factor productivity]
Decreasing carbon emission:

Promoting innovation

AT IoT. and

big dat .
a.:f:h:i:s enhancing
applied to prodpcmm
industrial _efficiency

robots

Increasing labor scale

Expanding production scale
— Increasing carbon emissions|
Stimulating output

Expanding energy consumption

Figure 1. Mechanisms of industrial intelligence impacting the corporate carbon performance.
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Based on the above analysis, the following hypothesis is proposed for verification:

H1. Industrial intelligence reduces the corporate carbon intensity through energy efficiency optimization.

2.2.2. Output Increase Hypothesis

While industrial intelligence improves production efficiency, it can also lead to an
expansion in the labor and production scale, resulting in higher energy consumption and
carbon emissions. Studies indicate that enterprises with industrial robots tend to have
larger workforces and are more likely to expand employment compared to those without
robots. This expansion is due to mechanisms where industrial robots enhance production
efficiency, expand production scale, and create demand for related technical positions [37].
The use of robots boosts productivity and energy efficiency, which stimulates increased
production and consumption. Industrial robots can increase labor demand in enterprises
by expanding the production scale [10,26,27,38]. According to the theory of heterogeneous
enterprises, the use of robots can enhance the competitiveness of enterprise products, drive
up product demand and output scale, and thus increase the labor demand in production.
Enterprises introduce industrial robots to improve production efficiency, thereby increasing
the scale of employment [39]. Overall, industrial intelligence can lead to an expansion of
production and labor scales, which may stimulate an increase in output accompanied by a
greater energy consumption, potentially leading to higher carbon emissions, as shown in
Figure 1.

However, the output effect of industrial intelligence on corporate carbon performance
is not unequivocally defined. While the total carbon emissions may increase, this does not
directly imply that the carbon intensity per unit of output will rise. Improved production
efficiency may lead to stable or even reduced carbon intensity. Therefore, the output effect
of industrial intelligence on corporate carbon performance still requires further verification.

Based on the above analysis, the following two hypotheses are proposed for verification:

H2A. From a corporate perspective, when the effect of improved production efficiency is dominant,
industrial intelligence reduces corporate carbon emissions.

H2B. From a corporate perspective, when the output increase effect is dominant, industrial
intelligence increases corporate carbon emissions.

3. Data and Model Design
3.1. Sample Data

In this study, we utilized the data of 1072 A-share listed manufacturing companies in
China from the years 2012 to 2021. The industries were subdivided using a two-digit code
beginning with “c”. The financial data for these firms were sourced from the GTA database
and the Wind database. Province-specific variables were obtained from various statistical
yearbooks. After excluding companies with significant data deficiencies and those classified
as ST (special treatment), the final dataset comprised 10,720 valid observations.

3.2. Variables
3.2.1. Dependent Variables: Carbon Intensity and Carbon Emission Levels

Since direct carbon emission data for manufacturing enterprises are not readily avail-
able, we estimated the carbon emissions of firms based on industry-level emissions. In-
dustry carbon emissions were derived from the China Emissions Accounts and Datasets
(CEADs) [40,41]. The estimation method, adapted from [42], utilized the following formula
to calculate the corporate-level carbon emissions:

CEit = C]t X % (1)

O;
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where CE;; represents the carbon emissions of company i at time ¢; Cj; denotes the total
carbon emissions of the industry j; O;; is the main operating cost of company ; and Oj; is
the total main operating cost of industry ;.

When studying the carbon performance, the measures of process-based carbon inten-
sity and outcome-based absolute total emissions (natural logarithm of total emissions) are
commonly used and mainstream. These metrics provide a comprehensive assessment of
a company’s carbon management and environmental impact. Therefore, in our analysis,
the dependent variables were carbon intensity and carbon emission volume. Carbon in-
tensity is defined as the total carbon emissions divided by the operating income, denoted
as CEI. This measure reflects how efficiently a company generates revenue relative to its
carbon emissions, providing insights into the company’s operational sustainability. Carbon
emission volume is defined as the natural logarithm of the company’s carbon emissions,
denoted as CE. Together, these two dependent variables offer a nuanced view of corporate
carbon performance, capturing both the efficiency of emissions relative to economic activity
(carbon intensity) and the absolute scale of emissions (carbon emission volume). This
dual approach ensures a holistic understanding of how companies manage their carbon
emissions, which is crucial for developing effective carbon reduction strategies and policies.

3.2.2. Independent Variable: Industrial Intelligence

We constructed an index of industrial intelligence for Chinese manufacturing compa-
nies by referencing the approaches of [27,43]. The specific calculation method is as follows:

Step 1: Calculate the industry-level industrial robot penetration index, denoted
as PRGH:

MRGH

C

PR = [CH = 2)
it=2011

where MRGH represents the stock of industrial robots in industry i in year ¢ in China, and
Llctli 5011 represents the number of employees in industry 7 in China in the base year 2011.
PRGH denotes the penetration rate of industrial robots in industry i in year f.

Step 2: Construct the company-level degree of industrial intelligence:

= PWPizae MR ®
Jit MamuPW P;—012 LiCtIiZOll

This index measures the degree of industrial intelligence of company j in industry i in

PWPj;_
jit=2012 . . .
year t. Here, yrmmpwp—— represents the ratio of the proportion of production workers

in company j in industry 7 in the base year 2012 to the median proportion of production
workers across all companies in the manufacturing sector in the same year. This ratio
disaggregates the industry-level penetration of industrial robots to the company level,
thereby assessing the level of industrial robot application within the company. Changes in
the level of industrial robot application at the company level reflect changes in the techno-
logical characteristics of the industry, independent of company-specific characteristics. By
calculating the company-level degree of industrial intelligence, we gain a deeper under-
standing of whether companies are broadly applying industrial robots in their production
and operations and can quantify the proportion of industrial robots in the production
processes of companies. This method of calculation takes into account various factors such
as the size of the company, industry characteristics, and technology density. Additionally,
this comprehensive approach ensures that the index reflects both the industry-level trends
and company-specific adoption of industrial intelligence, providing a robust measure for
our analysis.

3.2.3. Control Variables

To control for other factors, based on the existing literature [9,10,32,44], we included the
company size, industry competition, foreign direct investment, research and development
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investment, environmental regulation, and company age as control variables. The data
descriptions and statistical summaries of these control variables are presented in Table 1.

Table 1. Data description and statistical description of the variables.

Variable Variable Measurement Indicator Source of Original Sample Mean Star}dafrd
Symbol Data Deviation
Industry Measured by the logarithm of the China Stock Market
competition Ic total number of firms in the industry ~ Accounting Research 10,720 4.69 087
Firm size FS Measured by the natural logarithm  China S.tock Market 10,720 292 51 11.54
of total assets Accounting Research
. Measured by the number of years China Stock Market
Firm age FA since the establishment of the firm  Accounting Research 10,720 10.94 6:53
Foreion direct (FDI*US dollar to RMB exchange
orelgn FDI rate) /Gross domestic product Statistical Yearbook 10,720 1.8 1.32
investment
(GDP)
Measured by the ratio of
Env1ronn.1ental ER environmental Vgcabulary words to Government Work 10,720 0.0035 0.0013
regulation total words in prefectural Reports
government work reports
R&D Natural logarithm of total China Stock Market
investment RDI R&D investment Accounting Research 10,720 148.5 163

3.3. Model Design

In order to test the impact of industrial intelligence on corporate carbon performance,
the following fixed effects panel regression model was constructed:

6
CPy = ag+BIL; + Z'Yi control + @; +6; +0; + € 4)
i=1

In the above model, i denotes each enterprise, t denotes the year, CP denotes the
carbon intensity or carbon emission of the manufacturing enterprise, II denotes the degree
of industrial intelligence of the manufacturing enterprise, and control denotes the control
variables including the enterprise size, industry competition, foreign direct investment,
R&D investment, environmental regulation, and firm age. €;; denotes the random error
term, ¢; denotes the enterprise fixed effect, J; denotes time fixed effects, and 6; denotes the
industry fixed effects.

4. Results and Discussion
4.1. Benchmark Regression

Table 2 presents the results of the baseline regression. The goal of this analysis was to
evaluate the significant impact of industrial intelligence on the carbon intensity and carbon
emission levels of enterprises on both the including and excluding fixed effects. Columns 1
and 2 show the results for the carbon emission intensity (CEI) as the dependent variable,
while columns 3 and 4 show the results for carbon emissions (CE) as the dependent variable.
Additionally, columns 1 and 3 do not include the fixed effects, whereas columns 2 and 4
include the firm, year, and industry fixed effects.

The estimated results indicate that industrial intelligence significantly reduces both
the carbon intensity and carbon emission levels of enterprises. As indicated in columns
2 and 4 of the table, the impact coefficient of industrial intelligence on carbon intensity
was —0.005, and on the carbon emission volume, it was —0.002, both significant at the 1%
level. This implies that with every 1% increase in industrial intelligence, there is a 0.005%
reduction in carbon intensity and a 0.002% reduction in the carbon emissions of enterprises.
The results demonstrate that the coefficient of industrial intelligence, the core explanatory



Sustainability 2024, 16, 6573 8 of 20

variable, was significant at the 1% level or above, regardless of whether the fixed effects
were included or not.

Table 2. Benchmark regression results.

1 2 3 4
Variables CEI CEI CE CE
I —0.008 *** —0.005 *** —0.002 *** —0.002 ***
(—10.87) (—4.93) (—14.03) (—6.94)
IC —0.017 *** 0.022 *** —0.002 *** 0.005 ***
(—11.83) (—9.91) (—12.75) (—9.02)
FS —0.052 *** —0.053 *** 0.078 *** 0.075 ***
(—6.24) (—3.54) (—43.73) (—17.48)
FA —0.620 *** —0.961 *** —0.100 *** —0.172 ***
(—36.07) (—27.35) (—27.59) (—22.74)
FDI 0.114 *** 0.107 ** 0.040 *** 0.038 ***
(—3.11) (—2.01) (—5.16) (—3.25)
ER —0.100 ** —0.126 *** —0.025 *** —0.029 ***
(—2.19) (—2.75) (—2.60) (—2.89)
RDI —0.346 *** —0.147 ** 0.006 0.044 ***
(—9.23) (—2.50) (—0.79) (—3.41)
Constant 134.143 *** 144.099 *** 5.193 *** 9.217 ***
(—80.37) (—40.89) (—14.73) (—9.24)
Observations 10,720 10,720 10,720 10,720
R-squared 0.51 0.69 0.24 0.45
Firm FE NO YES NO YES
Year FE NO YES NO YES
Industry FE NO YES NO YES

Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05.

4.2. Robustness Test
4.2.1. Exclusion of Low Carbon Emission Industries

To test the robustness of our findings, we excluded industries within the manufac-
turing sector that significantly emitted less carbon than others. These include industries

v /7S

such as “comprehensive utilization of waste resources”, “furniture manufacturing”, “wood
processing and manufacturing”, “textile and apparel industries”, “manufacturing of cul-
tural, educational, and sports goods”, and “leather, fur, feather (and down) products and
footwear manufacturing”.

The purpose of this analysis was to determine whether the relationship between
industrial intelligence and carbon emissions holds when low carbon emission industries
are excluded, ensuring that the results are not driven by industries with inherently lower
emissions. By focusing on industries with higher carbon emissions, we aim to provide a
more accurate assessment of the impact of industrial intelligence on carbon reduction.

The estimated results, presented in Table 3, indicate that the impact coefficient of
industrial intelligence on carbon intensity was —0.008, significant at the 1% level. Addi-
tionally, the impact coefficient of industrial intelligence on the carbon emission volume
was —0.002, also significant at the 1% level. These findings suggest a significant negative
correlation between industrial intelligence and both carbon intensity and carbon emissions
in manufacturing enterprises. This result is consistent with the baseline regression out-
comes and confirms that industrial intelligence significantly influences carbon reduction in
manufacturing enterprises.
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Table 3. Robustness test 1.

5 6
Variables CEI CE
I —0.008 *** —0.002 ***
(—7.00) (—8.24)
IC 0.026 *** 0.006 ***
(—11.86) (—10.59)
FS —0.048 *** 0.076 ***
(—3.15) (—17.41)
FA —0.981 *** —0.177 ***
(—28.97) (—23.74)
FDI 0.102 * 0.039 ***
(—1.93) (—3.3)
ER —0.080 * —0.022 **
(—1.84) (—2.22)
RDI —0.169 *** 0.037 ***
(—2.78) (—2.79)
Constant 143.254 *** 9.323 ***
(—40.67) (-9)
Observations 9989 9989
R-squared 0.72 0.48
Firm FE YES YES
Year FE YES YES
Industry FE YES YES

Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

4.2.2. Replacement of Explained Variables

To enhance the credibility of this study, we utilized energy consumption data for
sub-industries within the manufacturing sector from the CEIC database. We adopted the
method described by [45] to estimate the carbon emissions. This approach was used to
replace the original dependent variables for robustness testing. The specific calculation
formula is as follows:

CE; = Oit x TECj x 2.493 )

Here, O;; represents the main operating cost of company i; Oj; is the total main
operating cost of the sector; TECj; is the total energy consumption of the industry; and
2.493 is the conversion factor for carbon dioxide emissions per unit of energy consumption.

The purpose of this analysis was to validate the robustness of the original model by
using an alternative method of estimating carbon emissions. By replacing the dependent
variables, we aimed to determine whether the significant impact of industrial intelligence
on carbon reduction remained consistent. The regression results, presented in Table 4, show
that the impact coefficients of industrial intelligence on both carbon intensity and carbon
emission volume were —0.001, and both were significant at the 1% level. These findings
are highly consistent with the results of the original model analysis, further solidifying the
conclusion that industrial intelligence significantly promotes carbon reduction in manufac-
turing enterprises. This consistency not only verifies the robustness of the model, but also
emphasizes the critical role of industrial intelligence in the carbon reduction strategies of
manufacturing enterprises.

Table 4. Robustness test II.

7 8
Variables CEI CE
1I —0.001 *** —0.001 ***

(—3.06) (—3.19)
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Table 4. Cont.

7 8
Variables CEI CE
IC 0.001 * 0.001 ***
(-1.92) (—2.67)
FS 0.002 *** 0.080 ***
(—14.4) (—24.97)
FA 0.002 *** 0.035 ***
(—6.8) (—6.46)
FDI 0.001 0.021 **
(—1.46) (—2.46)
ER —0.001 —0.002
(—-0.22) (—0.22)
RDI 0.001 ** 0.055 ***
(—2.57) (—4.87)
Constant 0.04 —8.255 ***
(—1.29) (—11.20)
Observations 10,720 10,720
R-squared 0.54 0.52
Firm FE YES YES
Year FE YES YES
Industry FE YES YES

Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

4.2.3. Lag Effect Test

Introducing and applying industrial intelligence technology requires a certain amount
of time for preparation, deployment, and adjustment. After implementing industrial
intelligence, enterprises may need to adapt to new work processes, train their employees,
and adjust their resource allocation. This adjustment period may lead to the fact that the
impact of industrial intelligence will not be immediately reflected in carbon emissions, but
will have a certain lag. The purpose of this analysis was to examine the delayed impact
of industrial intelligence on carbon emissions by using lagged explanatory variables. By
replacing the explanatory variables with their values lagged by one period, we aimed to
capture the delayed effects of industrial intelligence. The regression results, presented
in Table 5, show that the coefficient of the impact of industrial intelligence lagged one
period on carbon intensity was —0.003, which passed the 1% significance test. The impact
coefficient of industrial intelligence lagged one period on carbon emission was —0.001,
which also passed the 1% significance test. These results demonstrate that the application
of industrial intelligence reduces the carbon emissions of manufacturing companies, even
with a lag.

Table 5. Robustness test III.

9 10
Variables CEI CE
L.II —0.003 *** —0.007 ***
(=3.07) (—5.50)
IC 0.028 *** 0.006 ***
(—11.94) (—10.37)
FS —0.055 *** 0.073 ***
(—3.48) (—15.35)
FA —1.058 *** —0.189 ***
(—26.34) (—21.86)
FDI 0.125 ** 0.041 ***
(—2.09) (—3.16)
ER —0.130 ** —0.032 ***

(—2.40) (—2.71)
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Table 5. Cont.

9 10
Variables CEI CE
RDI —0.135 ** 0.042 ***
(—2.28) (—3.17)
Constant 145.291 *** 9.853 ***
(—38.97) (—8.91)
Observations 9648 9648
R-squared 0.66 0.43
Firm FE YES YES
Year FE YES YES
Industry FE YES YES

Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05.

4.3. Heterogeneity Test
4.3.1. Industry Classification

When studying the heterogeneous impact of industrial intelligence on enterprise
carbon emissions, the industry to which an enterprise belongs is first categorized into
three groups of heavy-carbon emissions, medium-carbon emissions, and light-carbon
emissions based on the carbon emissions data. This categorization was to more deeply
study the difference in the impact of industrial intelligence under different carbon emission
levels. We sought to examine how industrial intelligence affected carbon emissions across
industries with varying levels of carbon emissions. By categorizing the industries into
heavy-, medium-, and light-carbon emitters, we endeavored to understand the differential
impact of industrial intelligence.

According to Table 6, The estimation results showed that industrial intelligence had a
significant carbon reduction effect on heavy-carbon emitting industries and medium-carbon
emitting industries while it had a carbon increase for light-carbon emitting industries.
Compared with heavy- and medium-carbon emitting industries, light-carbon emitting
industries usually focus on the production of light products with relatively low impact on
the environment such as arts and education, industrial and esthetic, sports and recreational
goods manufacturing, printing and recording media reproduction industry, and furniture
manufacturing. The products produced by these firms usually do not involve heavy
industrial manufacturing or large-scale production processes and therefore generate fewer
carbon emissions during the production process. While industrial intelligence can increase
productivity and thus reduce energy consumption, the production process itself is already
relatively environmentally friendly for light-carbon emitting industries. Therefore, the
introduction of robots may not have a significant reduction effect on carbon emissions, and
even the yield effect may lead to a slight increase in carbon emissions. This may be the case
because the application of robots may lead to more automated production, which increases
the demand for energy and raises their carbon emissions. Thus, the increase in productivity
is offset to some extent.

Table 6. Heterogeneity test I.

11 12 13
High Middle Low
Variables CEI CE CEI CE CEI CE
I —0.018 ** —0.005 ** —0.003 *** —0.001 *** —0.007 ** 0.003 ***
(—2.12) (—2.32) (—3.10) (—4.55) (—2.45) -5.97
IC —0.018 *** —0.003 *** —0.029 *** —0.004 *** 0.039 *** —0.002 ***
(—3.98) (—2.87) (=7.57) (—4.76) —12.33 (—5.44)
FS —0.103 *** 0.067 *** —0.048 *** 0.066 *** —0.042 ** 0.075 ***
(—5.04) —12.55 (—2.59) (—13.07) (—2.22) —-21.74
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Table 6. Cont.
11 12 13
High Middle Low
Variables CEI CE CEI CE CEI CE
FA —0.422 *** —0.043 *** —0.801 *** —0.154 *** —0.990 *** —0.069 ***
(—6.87) (—3.75) (—21.21) (—16.27) (—14.48) (—9.90)
FDI —0.187 * —0.002 0.099 * 0.028 ** 0.043 0.011
(—1.96) (—0.10) (—1.88) (—2.48) (—0.41) (—0.59)
ER 0.058 —0.006 —0.092 ** —0.021 * —0.294 *** —0.117 ***
(—0.94) (—0.48) (—2.19) (—1.95) (—3.18) (—5.76)
RDI —0.112 0.017 —0.073 0.117 *** —0.014 —0.013
(—1.44) (—1.14) (—1.00) (—5.81) (—0.21) (—0.90)
Constant 153.011 *** 10.962 *** 124.244 *** 5.560 *** 120.881 *** 4.888 ***
(—33.11) (—8.9) (—28.6) (—4.86) (—28.55) (=7.22)
Observations 2570 2570 5320 5320 2830 2830
R-squared 0.66 0.45 0.83 0.62 0.62 0.27
Firm FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Industry FE YES YES YES YES YES YES

Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

4.3.2. Regional Categorization

When conducting the heterogeneity test, categorizing regions into different areas
such as the Beijing-Tianjin-Hebei region, Pearl River Delta, and Jiangsu-Zhejiang-Shanghai
region can help us further explore whether there are regional differences in the impact on
carbon emissions.

First, these regions have significant differences in economic development, industrial
structure, and environmental management. The Beijing-Tianjin-Hebei region, as one of
China’s political, economic, and cultural centers, has well-developed manufacturing indus-
tries and infrastructures, but also faces serious environmental challenges. The Pearl River
Delta (PRD) region, as China’s manufacturing center, has well-developed manufacturing
clusters and advanced scientific and technological innovation capabilities. The Jiangsu-
Zhejiang-Shanghai region, on the other hand, is known for its developed economic strength
and innovation capabilities.

Based on the above differences, it is reasonable to speculate that there may be differ-
ences in the characteristics and carbon emission performance of enterprises in different
regions in terms of industrial intelligence applications. To further investigate this, we ana-
lyzed the impact of industrial intelligence on carbon emissions by categorizing regions into
the PRD, Jiangsu-Zhejiang-Shanghai region, and Beijing-Tianjin-Hebei region. According
to Table 7, the regression was performed by categorizing enterprises by region into the PRD,
Jiangsu, Jiangsu-Zhejiang-Shanghai region, and Beijing-Tianjin-Hebei region, respectively.
The estimation results showed that the industrial intelligence of enterprises in the PRD and
Jiangsu-Zhejiang-Shanghai region significantly reduced the carbon intensity and carbon
emissions. The coefficients of the impact of industrial intelligence on the carbon intensity
and carbon emissions of Beijing-Tianjin-Hebei enterprises did not pass the significance test.

The possible reason for the difference between the PRD and Jiangsu-Zhejiang-Shanghai
region and Beijing-Tianjin-Hebei is that the Jiangsu-Zhejiang-Shanghai region and the PRD
regions mainly focused on low-carbon intensity areas such as high-tech and advanced man-
ufacturing in China’s industrial structure. These regions implemented industrial upgrading
and transformation earlier and widely adopted energy-saving and environmentally friendly
technologies. These regions are leading the way in R&D, the application and industrial
deployment of industrial smart technologies, and are placing greater emphasis on envi-
ronmental protection and carbon reduction. Governments and enterprises in these regions
have invested significant resources in the R&D and application of environmental protection
technologies. This tendency to invest in emission reduction significantly enhances the
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impact of industrial smart technologies in reducing carbon intensity. As a result, when
smart technologies are introduced, these regions are more effective in reducing carbon
emissions. In contrast, the industrial structure of the Beijing-Tianjin-Hebei region includes
more traditional industries. In this region, the secondary industry occupies 50% to 60% of
the economy, which indicates that regional economic growth is mainly dependent on the
secondary industry [46,47]. This means that in the Beijing-Tianjin-Hebei region, the impact
of industrial intelligent technology on carbon emission reduction is relatively small due to
the complexity of technology application, industrial inertia, the difficulty of transformation,
and differences in technology and management levels.

Table 7. Heterogeneity test II.

14 15 16
Pearl River Delta Region J 1angsu-Z}11{egggrgl-Shangha1 Beijing-Tianjin-Hebei Region
Variables CEI CE CEI CE CEI CE
II —0.010 ** —0.002 ** —0.008 *** —0.002 *** 0.001 —0.001
(—2.16) (—2.38) (—3.28) (—3.28) (—0.5) (—0.54)
IC 0.045 *** 0.010 *** 0.029 *** 0.006 *** 0.023 *** 0.004 *
(—7.96) (—6.8) (—5.58) (—4.59) (—2.97) (—=1.79)
FS —0.027 0.075 *** —0.052 0.061 *** —0.03 0.074 ***
(—0.87) (—6.94) (—1.05) (—5.21) (—0.72) (—6.71)
FA —1.328 *** —0.283 *** —1.009 *** —0.184 *** —1.021 *** —0.190 ***
(—3.69) (—3.13) (—9.62) (—7.53) (—8.08) (—6.13)
FDI 0.347 —0.064 —0.024 —0.008 0.402 *** 0.093 ***
(—0.29) (—0.21) (—0.19) (—0.28) (—2.85) (—3.35)
ER —1.487 *** —0.289 *** 0.316 —0.024 —0.365 —0.07
(—4.34) (—3.47) (—0.96) (—0.32) (—1.60) (—1.32)
RDI —0.056 0.094 * —0.11 0.063 ** —0.109 0.133 **
(—0.36) (—1.86) (—0.47) (—2.33) (—0.40) (—2.26)
constant 126.589 *** 5.762 ** 120.641 *** 6.578 ** 125.068 *** 4.545 **
(—15.61) (—2.21) (—11.25) (—2.32) (—14.65) (—2.02)
Observations 1460 1460 1890 1890 870 870
R-squared 0.63 0.41 0.69 0.43 0.69 0.58
Firm FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Industry FE YES YES YES YES YES YES

Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

5. Mechanism Test

According to the established studies and the hypothesis of this study, the impact of
industrial intelligence on corporate carbon emissions is mainly reflected in two effects: the
efficiency optimization effect and output increase effect. Among them, the efficiency opti-
mization effect is measured by the total factor productivity (TFP), while the output increase
effect is measured by enterprise sales (Sales). The purpose of this analysis was to verify
the impact mechanisms of industrial intelligence on carbon emissions by distinguishing
between these two effects and understanding their respective contributions. By using TFP
to measure the efficiency optimization and Sales to measure the output increase, we aimed
to capture the dual impact of industrial intelligence on carbon emissions. The results of
the regression analysis in Tables 8-10 show that the coefficient of industrial intelligence on
the total factor productivity was 0.001, which passed the 10% significance test, indicating
that industrial intelligence promotes efficiency optimization by increasing the production
efficiency. Meanwhile, the impact coefficient of industrial intelligence on sales volume was
0.001, which passed the 5% significance test, indicating that it contributes to the output
increase equally significantly.

In order to verify the efficiency optimization effect and the output increase effect,
this study divided the data into two subgroups based on the growth rates of the total
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factor productivity and sales volume, respectively: the high-growth group and the low-
growth group. In order to test the difference in coefficients between groups after subgroup
regression, the test based on the seemingly unrelated regression (SUR) model proposed
by [48] was used. To apply this method, the data were centered to remove the individual
effects. Subsequently, OLS estimation was performed on the processed data, and the test
for differences in coefficients between groups was performed accordingly. This process
allowed us to effectively compare the differences in the impact of industrial intelligence on
the firms’ carbon intensity and emissions across growth groups.

Table 8. Testing for differences in coefficients between groups.

CEI CE
Variables Chi2 p-Value Chi2 p-Value
TFP I 10.36 0.0013 6.12 0.0134
SALES I 8.06 0.0045 13.02 0.0003
Table 9. Mechanism test I.
17 18 19 20 21
High TFP Growth  Low TFP Growth  High TFPGrowth =~ Low TFP Growth
Variables TFP CEI CEI CE CE
I 0.001 * —0.006 *** —0.003 *** —0.002 *** —0.001 ***
(—1.68) (—6.91) (—3.59) (—9.49) (—6.89)
TFP
IC —0.002 *** —0.008 *** 0.005 *** —0.002 *** 0.001 ***
(—2.67) (—5.90) (—4.27) (—6.48) (—2.78)
FS —0.033 *** —0.082 *** —0.033 *** 0.074 *** 0.075 ***
(—6.48) (—7.35) (—2.97) (—31.68) (—32.32)
FA 0.061 *** —0.801 *** —0.944 *** —0.145 *** —0.156 ***
(—5.53) (—33.65) (—37.98) (—29.06) (—29.46)
FDI —0.024 0.001 0.097 * 0.018 ** 0.035 ***
(—1.36) (—0.03) (—1.82) (—2.06) (-3.1)
ER 0.017 0.041 —0.279 *** 0.004 —0.058 ***
(—1.06) —0.73 (—4.74) (—0.31) (—4.64)
RDI 0.02 —0.250 *** —0.279 *** 0.015 0.029 ***
(—1.05) (—5.51) (—5.56) (—1.54) (—2.74)
Constant 14.793 *** —0.351 *** 0.227 *** —0.096 *** 0.060 ***
(—12.16) (—9.65) (—6.87) (—12.60) (—8.57)
Observations 10,720 5306 4342 5306 4342
R-squared 0.41 0.8 0.48 0.58 04
Firm FE NO NO NO NO NO
Year FE NO NO NO NO NO
Industry FE NO NO NO NO NO

Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05,* p < 0.1.

Table 8 demonstrates the results of the test of the difference in coefficients between the
group coefficients for dividing the impact of industrial intelligence on carbon performance
(CEI) and carbon emissions (CE) into high- and low-growth groups based on the growth
rate of the total factor productivity (TFP) and growth rate of sales (Sales). In both dimen-
sions, the impact of industrial intelligence on the carbon intensity and carbon emissions
was significantly different between the high- and low-growth groups, whether grouped
based on the total factor productivity (TFP) or sales (Sales). This result suggests that the
emissions reduction effects of industrial intelligence are comparable across growth scenar-
ios. Specifically, for the total factor productivity based grouping, the effect of industrial
intelligence on the carbon performance (Chi2 value of 10.36, p-value of 0.0013) and carbon
emissions (Chi2 value of 6.12, p-value of 0.0134) were significantly different between the
high- and low-growth groups. Similarly, in the grouping based on the sales growth rate,
the impact of industrial intelligence on the carbon performance (Chi2 value of 8.06, p-value
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of 0.0045) and carbon emissions (Chi2 value of 13.02, p-value of 0.0003) showed significant
differences across the growth groups.

Table 10. Mechanism test II.

22 23 24 25 26
High Sales Growth Low Sales Growth =~ High Sales Growth Low Sales Growth
Variables Sales CEI CEI CE CE
I 0.001 ** —0.006 *** —0.003 *** —0.001 ** —0.002 ***
(—2.37) (—6.78) (—3.64) (—2.04) (—11.09)
Sales
IC —0.001 —0.007 *** 0.006 *** —0.002 *** 0.001
(—0.81) (—5.40) (—5.08) (—5.38) (—1.41)
FS 0.076 *** —0.055 *** —0.056 *** 0.080 *** 0.057 ***
(—60.2) (—5.22) (—4.72) (—26.51) (—25.95)
FA 0.012 **+ —0.748 *** —0.986 *** —0.097 *** —0.148 ***
(—5.08) (—31.51) (—37.83) (—12.16) (—36.48)
FDI 0.018 *** 0.043 0.023 0.066 *** 0.007
(=3.1) (—1.03) (—0.42) (—4.18) (—0.94)
ER 0.001 —0.137 ** —0.140 ** —0.055 *** —0.018 *
(—0.02) (—2.49) (—2.31) (—3.02) (—1.93)
RDI 0.068 *** —0.211 *** —0.335 *** 0.024 0.012
(—11.32) (—4.60) (—6.71) (—1.57) (—1.55)
Constant 2.136 *** —0.055 0.138 *** —0.001 0.001
(=8.7) (—1.51) (—3.88) (—0.02) (—0.08)
Observations 10,463 5024 4439 5024 4439
R-squared 0.63 0.69 0.7 0.45 0.53
Firm FE NO NO NO NO NO
Year FE NO NO NO NO NO
Industry FE NO NO NO NO NO

Robust t-statistics in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

In the subgroups based on the growth rate of the total factor productivity (TFP), the
results of the coefficient difference test between groups in Table 8 and the regression results
in Table 9 show that in the high TFP growth part, the coefficient of the impact of industrial
intelligence on carbon intensity was —0.006, and the coefficient of the impact on carbon
emissions was —0.002, which both passed the 1% significance test. In the low TFP growth
part, the coefficient of the impact of industrial intelligence on carbon intensity was —0.003,
and the coefficient of the impact on carbon emissions was —0.001, both of which also
passed the 1% significance test. The test for differences in coefficients between groups
showed that the impact of industrial intelligence on carbon intensity and carbon emissions
was significantly different between the high-growth and low-growth groups, passing the
1% and 5% significance tests, respectively. It is noteworthy that industrial intelligence
significantly reduced the carbon intensity and carbon emissions of firms in both the high-
and low-growth total factor productivity groups. In particular, industrial intelligence was
more effective in reducing the carbon intensity and carbon emissions in the high-growth
group, which further verifies that industrial intelligence effectively reduces the carbon
footprint of enterprises by improving the production efficiency.

In the grouping based on the sales growth rate, according to the results of the coefficient
difference test between groups in Table 8 and the regression results in Table 10, it was found
that in the high sales growth part, the impact coefficient of industrial intelligence on carbon
emissions was —0.001, which passed the significance test of 5%. In the low sales growth part,
the impact coefficient was —0.002, which also passed the 1% significance test. The test for
the difference in coefficients between groups showed that the effect of industrial intelligence
on carbon intensity and carbon emissions was also significantly different between the high-
growth and low-growth groups, passing the 1% significance test. The carbon abatement
effect was slightly stronger in the low-growth part of the sales volume than in the high-
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growth part, suggesting that the increase in production leads to more productive activities,
which in turn leads to higher energy consumption and carbon emissions. However, even in
this case, industrial intelligence still drives down the total carbon emissions. This suggests
that productivity improvements play a more dominant role in the carbon reduction effect,
a result that highlights the central role of efficiency optimization in achieving a balance
between industrial growth and environmental sustainability, which is more far-reaching
than the output increase effect.

The impact of industrial intelligence on carbon intensity showed a more pronounced
reduction in carbon intensity in the higher growth segments under both efficiency optimiza-
tion and the output increase effects. This suggests that although an increase in output may
lead to a rise in the total carbon emissions, this does not directly lead to a rise in carbon
intensity per unit of output. The impact of industrial intelligence in terms of increased
productivity is sufficient to offset, or at least partially offset, the increase in carbon emis-
sions from increased production, resulting in a decrease rather than an increase in carbon
intensity per unit of output.

In summary, although the increase in output may lead to an increase in the total carbon
emissions, the optimization effect of production efficiency brought about by industrial
intelligence has a more far-reaching impact and is able to effectively reduce carbon intensity
and carbon emissions per unit of output. Therefore, it can be concluded that industrial
intelligence has a significant impact on reducing the carbon intensity and carbon emissions
of firms, in general, by improving the production efficiency and optimizing production
processes. This finding underscores the important role of industrial intelligence in promot-
ing environmental sustainability while also providing practical guidance on how firms can
increase their output while reducing their carbon footprint.

6. Conclusions and Implications
6.1. Conclusions

As a strategic technology leading a new round of technological change and industrial
transformation, industrial intelligence is injecting new vitality into the pursuit of sustain-
able development and the goal of “achieving emission peak and carbon neutrality”. Its
importance in the field of carbon emission reduction is gradually becoming more and
more prominent. However, despite the fact that the widespread application of industrial
intelligence has brought new paths to the economic model and provided a strong impetus
to the carbon emission reduction goal, there is a relative scarcity of research and technol-
ogy on its environmental impacts, especially in terms of carbon emissions. To address
this situation, this study focused on the micro-enterprise level and utilized a fixed-effects
panel regression model that integrated multiple factors such as enterprise, industry, and
time, aiming to deeply explore the relationship between industrial intelligence and carbon
emission intensity.

The main findings of the study are as follows. First, the application of industrial
intelligence significantly reduced the carbon intensity and carbon emissions of enterprises
and improved their carbon performance. This conclusion was further consolidated after
being verified by several robustness tests. This conclusion is consistent with the results of
previous studies by [9,32]. Second, the study further conducted mechanism tests to reveal
two key mechanisms of the impact of industrial intelligence on corporate carbon emission
reduction: the productivity improvement effect and the output increase effect.

Through in-depth analysis, the study found that industrial intelligence significantly
increased the total factor productivity of enterprises, which not only enhanced productivity,
but also effectively reduced their carbon emissions and carbon intensity per unit of output.
This finding highlights the important role of intelligent technologies in optimizing resource
utilization and improving energy efficiency. On the other hand, although industrial in-
telligence did increase the firms’ carbon emissions by leading to an increase in the firms’
output, it did not significantly increase the carbon intensity per unit of output, suggest-
ing that although an increase in the scale of production may be accompanied by higher
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energy consumption and overall carbon emissions, the impacts of industrial intelligence
in terms of improved productivity are sufficient to offset or minimize the potential neg-
ative impacts on the carbon intensity per unit of output. The carbon abatement effect of
productivity improvements is more dominant than the carbon increase effect of the output
effect. Third, through further heterogeneity tests, we found that industrial intelligence
significantly contributes to corporate carbon emission reduction among firms in heavy- and
medium-carbon emitting industries; however, in light-carbon emitting industries, industrial
intelligence has a carbon increasing phenomenon. Regional differences are also beginning
to emerge, with industrial intelligence applications in the Jiangsu-Zhejiang-Shanghai region
and the Pearl River Delta having a better effect on carbon emission reduction than in the
Beijing-Tianjin-Hebei region.

6.2. Implications

In summary, this study provides a detailed examination of the relationship between
industrial intelligence and carbon emission reduction at the micro-level. By employing
a fixed-effects panel regression model that integrates multiple factors such as enterprise,
industry, and time, this research offers robust evidence for understanding the mechanisms
through which industrial intelligence affects carbon emission reduction. The findings high-
light that industrial intelligence significantly enhances the corporate carbon performance
by reducing both the carbon intensity and total carbon emissions. This is achieved through
productivity improvements and efficient resource utilization, validating the critical role
of advanced technologies in environmental sustainability. The results of this study also
provide valuable insights for policymakers, suggesting that targeted policies can effec-
tively harness the potential of industrial intelligence to achieve the dual goals of economic
development and environmental sustainability. The empirical evidence underscores the
necessity of encouraging the development and application of industrial intelligence across
various types of enterprises and regions to better meet the environmental goals of “carbon
peak” and “carbon neutrality”.

Based on the empirical results of this study, we proposed several policy recommen-
dations to maximize the potential of industrial intelligence in reducing carbon emissions
in China. Given the significant potential of industrial intelligence in reducing carbon
emissions, China should focus on expanding the application of big data and industrial
intelligence technologies across various stages of the production process including prod-
uct design, manufacturing, and supply chain management. By doing so, the production
processes can be optimized, resource use efficiency can be improved, and the green de-
velopment process can be accelerated. This approach not only addresses environmental
concerns, but also enhances the competitiveness and sustainability of Chinese manufac-
turing firms. Recognizing that different industries have varying responses and needs
regarding industrial intelligence, it is essential for the government to develop and im-
plement industry-specific policies. These policies should provide financial support, tax
incentives, and intellectual property protection, particularly for high-carbon emission in-
dustries. Such measures will promote technological innovation and the application of
industrial intelligence technologies in reducing carbon emissions within these sectors. By
tailoring policies to the specific needs of each industry, the government can ensure the more
effective and efficient adoption of industrial intelligence.

The effectiveness of industrial intelligence applications varies across regions, with
some regions exhibiting more significant impacts on carbon emission reduction than oth-
ers. For instance, the Jiangsu-Zhejiang-Shanghai region and the Pearl River Delta have
demonstrated better results compared to the Beijing-Tianjin-Hebei region. To address these
disparities, the government should provide a more favorable investment environment
and formulate attractive policies to encourage the adoption of industrial intelligence tech-
nologies in less advanced regions. Additionally, establishing innovation platforms and
fostering regional cooperation can help promote the widespread application of industrial
intelligence technologies in carbon emission reduction. To further enhance the impact of
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industrial intelligence on carbon emission reduction, the government should promote cross-
field cooperation between industrial intelligence enterprises, environmental protection
departments, and research institutions. Such collaborations can lead to the exploration
of innovative applications of industrial intelligence in the environmental field, thereby
improving the scientific research and technological capabilities related to carbon emission
reduction and environmental protection. By fostering partnerships and joint ventures, the
government can facilitate the development of cutting-edge solutions that address both
economic and environmental challenges.

These policy recommendations aim to create a supportive ecosystem for the adop-
tion and implementation of industrial intelligence technologies, ensuring that China can
achieve its ambitious carbon reduction targets while maintaining economic growth and
competitiveness. By integrating advanced technologies into the manufacturing processes
and aligning policies with industry-specific and regional needs, China can pave the way for
a sustainable and prosperous future. Through these comprehensive policy measures, China
can effectively leverage the potential of industrial intelligence to drive both economic and
environmental benefits. This study’s findings not only contribute to the academic discourse
on industrial intelligence and carbon emissions, but also provide actionable insights for
policymakers and industry leaders seeking to enhance their sustainability performance.

While this study has made significant strides in understanding the impact of industrial
intelligence on carbon emissions, it is not without its limitations. First, due to the relatively
nascent and incomplete ESG carbon disclosure regulations in China, obtaining precise
corporate carbon emission data remains challenging. To address this, the study estimated
firm-level carbon emissions using industry-level data, which may have introduced some
estimation errors and affected the accuracy of the results. Second, the focus of this research
was confined to listed manufacturing companies in China, which limits the external validity
and generalizability of the findings. Consequently, the conclusions drawn may not be fully
applicable to other countries or industries.

Future research can build upon this study in several ways. With the progressive
standardization and improvement of ESG disclosure practices, future studies can leverage
more detailed and accurate corporate disclosure data, thereby enhancing the precision
and reliability of the results. Additionally, extending the research to the supply chain
level could provide insights into the synergistic effects of industrial intelligence across
upstream and downstream firms, offering a comprehensive assessment of its impact on the
entire value chain. Finally, cross-industry comparative studies are crucial; by analyzing the
application and effectiveness of industrial intelligence in various industries, future research
can identify best practices and facilitate more efficient carbon reduction strategies across
different sectors.
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