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Introduction: Energy conservation and emission reduction, as a major policy of
China for a long time, has been put on the key strategic position. Based on the
panel data of 30 provinces, cities and districts in China from 2006 to 2019.

Methods: This paper uses fixed effect model and spatial Durbin model to explore
the effect and mechanism of artificial intelligence (Al) on regional carbon emission
intensity (CEI).

Results: The results show that: (1) there is a significant inverted U-shaped between Al
and CEl, that is, with the deepening of the development of Al, CEl first increases and
then decreases. (2) There is a significant spatial correlation between the development
of Al and CEl in China. (3) Al has a significant spatial spillover effect on CEl of adjacent
regions, and it shows an inverted U-shaped track-from promoting to restraining.

Discussion: The conclusion provides policy implications for the formulation of Al
development strategy and so on during the specific period.

Al, carbon-emission, spatial spillover effect, spatial Durbin model, energy conservation

1. Introduction

In view of the world energy statistical yearbook 2021, from 2011 to 2020, Chinese total
carbon-emission has increased by nearly 1 billion tons, which is one of the few in the world. This
also means that China’s emission reduction situation is extremely severe under the situation of
global warming and continuous large-scale greenhouse gas emissions. This is not only related
to the current social and economic development, but also closely related to the survival of future
generations (Liu et al., 2022). In 2020, President Xi promised to achieve carbon peaking and
carbon neutralization by 2030 and 2060, respectively, at the UN General Assembly (Zhang et al.,
2020). Since then, carbon reduction and emission reduction has been listed as a priority and
become one of the core policies to promote China’s high-quality development (Xu et al., 2021).

At the same time, with the wide application and continuous innovation of big data, Internet
of things, and large machine production, Al has become a direct response to the great changes
of internal endowments and external environment in China’s high-quality development stage
by virtue of its technology effect, scale effect, and network effect (Jia et al., 2021). According to
the data released by International Federation of Robotics (IFR), it can be seen that the application
scale of robots is on the rise, with an installed capacity of 140,000 units in 2019, ranking the first
in the world. With the strong support of the state, it has penetrated into all walks of life. With
the continuous improvement of the contribution of Al to the national economy, the rapid
development of Al has been widely and continuously concerned by the academic community,
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especially the environmental improvement effect of the development
of AL Those effects can be divided into the following three views. The
first is Acemoglu and Restrepo (2018), who believed that relying on
the extensive application of Al, the industry production and carbon-
emission reduction technology can be integrated with each other, and
then change the production and consumption mode, so as to improve
energy utilization efficiency. Meanwhile, the use of in-depth learning
network and sensor equipment of Al for effective monitoring of
carbon-emission can also optimize the carbon reduction decisions of
government and enterprises, making the environmental improvement
effect of Al more prominent (Batty, 2018; Henderson et al., 2020). The
second is that the rise, maturity and wide application of AI will
inevitably bring about changes in energy use types and utilization
methods, leading to a large increase in power demand and a significant
increase in CEI (Salahuddin and Alam, 2015). The third is that the
development of Al has a complex and uncertain impact on Carbon-
emission due to the degree of technological progress, regional
development differences, depth of mechanization, and environmental
policies (Bhujabal et al., 2021; Guo et al,, 2021). In short, different
from the policy level and the vigorous development of practice level,
there is still no unified scientific cognition on whether the
development of AI can reduce CEI (Milojevic-Dupont and Creutzig,
2021; Lu et al., 2022).

This study systematically investigates the effect and mechanism of
the development of AT on CEL. The literature related to this study is how
the development of digital technology affects carbon-emission. This kind
of literature focuses more on the impact of informatization and
digitization on carbon-emission through industrial change under the
effect of technological progress. Some studies found that the Internet
industry leads to the rapid growth of power consumption, which will
enhance the total and intensity of carbon-emission (Hamdi et al., 2014).
Other studies have proved that the information technology can reduce
greenhouse gas emissions (de Bézenac et al., 2019; Haseeb et al,, 2019),
especially in the long term, increasing Internet penetration (Shobande,
2021) have significant effects on reducing CEL

To sum up, it can be found that the existing studies have carried out
detailed exploration, intensity, and AI development, but there are still
some deficiencies. First of all, most of the existing studies focus on
qualitative research, lack of empirical research support of Al on carbon
reduction effect, and there is no scientific cognition of the impact of Al
development on CEI (Yang, 2021). Secondly, the existing research on the
spatial correlation of Al on carbon reduction effect is lack of detailed
mechanism discussion and empirical proof. Finally, China is a vast
country with unbalanced development among regions and large
differences in industrial structure, which will bring regional heterogeneity
to the application of artificial intelligence and regional carbon reduction
and emission reduction (Li et al., 2019; Liu and Chen, 2021).

Based on this, the main contributions of this paper are as follows:

1. The inhibitory effect of artificial intelligence on regional carbon
emission intensity is studied.

2. The regional differences of the impact of artificial intelligence
development on carbon emission intensity are discussed.

3. The spatial spillover effect of artificial intelligence development
on regional carbon emissions is clarified.

Therefore, based on the long panel data of 30 provinces,
municipalities, and regions in China, this paper establishes a
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theoretical analysis framework for artificial intelligence and regional
carbon emission intensity, explores the influence and mechanism of
artificial intelligence on regional carbon emission intensity, enriches
relevant studies, and provides theoretical inspiration for the
development of artificial intelligence and the implementation and
promotion of emission reduction policies in China.

2. Theoretical analysis and research
hypothesis

The development of Al has entered the stage of technology
explosion and large-scale application along with the breakthrough of
basic technologies such as big data algorithm. Under this trend, the
modes and means also present diversified changes. This paper analyzes
the influence mechanism of AI on CEI from two aspects of direct
mechanism and spatial effect transmission path, and puts forward
corresponding research hypotheses (Lee and Lee, 2014).

Artificial intelligence has been in the process of dynamic
evolution from low to high, so there will be dynamic differences in
the impact on CEI (Yu et al., 2020). In the initial period, the wide
application of Al and the large-scale construction of big data network
center will aggravate the regional power consumption and energy
consumption. With the popularization of machine learning system,
Al language processing system will produce a lot of carbon-emission.
Although it promotes the improvement of energy utilization
efficiency, but it also intensifies more energy consumption, thus
offsetting the effect of carbon-emission reduction and even increasing
the CEI (Strubell et al., 2019). Meanwhile, the progress of Al
technology will also promote the development of communication
technology and related industries, as well as the development of
Internet industry increases the demand for energy consumption,
which leads to the growth of regional carbon-emission (Amiri et al.,
2021). In the mature development stage, first of all, the rapid
development of AI has led to the vigorous development of
e-commerce industry and Internet industry, where a large number of
intelligent machines replace programmed labor. As an environment-
friendly industry, they can squeeze the development space of high
energy consumption through crowding out effect. So that can
accelerate the transformation and sustainable development of
regional structure. Secondly, the technological progress brought
about by the breakthrough development of AI can be developed and
explored through intelligent devices to replace alternative energy
sources, so as to reduce the use of traditional carbon-emission energy
and achieve the goal of reducing CEI. Finally, the progress of Al can
be used for fine management. Through the informal environmental
regulation generated by the amount of pollution search data in the
network platform, the environmental quality of the city can
be improved. Moreover, the digital media communication can
maximize the guidance of the public to form green environmental
protection concept. It also provides new solutions for solving
environmental governance problems such as dynamic supervision of
environmental pollution and cross regional environmental
management, avoids the negative impact of Al in the early stage of
large-scale application (Xu et al., 2019; Pan et al., 2020). Based on this,
the following assumptions are proposed:

H,: the impact of AI development on CEI is inverted U-shaped.
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The economic activities of different regions in China show more
and more strong correlation, and many scholars have confirmed that
Al technology has obvious positive spatial agglomeration effect (Xu
etal,, 2022). Therefore, Al may also have spatial spillover effect. In the
initial stage, due to the differences of natural endowment and social
development among different regions in China, the allocation and
utilization efficiency of industrial resources in different regions are
uneven, which provides space for the release of polarization effect.
Under the guidance of market-oriented profit, the scarcity and profit-
making characteristics of economic resources will automatically
concentrate from backward regions to high marginal yield regions. At
the same time, the application of intelligent large machines and the
continuous innovation of digital technology have broken the
traditional regional restrictions. They can spread through the channels
of factor flow and economic cooperation with neighboring regions,
and have scale effects on economic growth. They not only drive a new
generation of information industry, but also can drive the growth of
related industries through the industry spillover effect. In the mature
development stage, the application scenarios of Al are becoming more
and more abundant. Each production department will produce strong
low-carbon technology spillover effect through intelligent upgrading
and transformation. In this process, a large number of highly polluting
industries were replaced by service industries, and the industrial
structure was gradually advanced. The structure dominated by fossil
energy has also been greatly improved (Al-Ghandoor, 2010). Through
the demonstration effect and industrial correlation effect, the regional
carbon-emission and intensity were reduced. Based on this, this paper
proposes hypothesis 2:

H,: the spatial spillover effect of AI on regional carbon-emission
has an inverted U-shaped trajectory.

3. Research design
3.1. Model design

3.1.1. Panel benchmark model

In order to verify hypothesis 1, that is, the effect and mechanism
of Al on CEI this paper constructs the following panel
benchmark model:

co2=a + foroby + Pirobi + o Xy + ui+py +ey (1)

In the Formula (1), co2;; is the CEI, rob; is the development
level of Al robiz, is the square term of Al, i represents the region, ¢
represents the year, X represents a series of control variables, og
means individual effect, p;, means time effect, &;; as a random
disturbance term, this paper focuses on the coefficients Sy and f;
of the development level on A, which is the core explanatory variable.

3.1.2. Spatial Durbin model

Spatial metrology models mainly include spatial autoregressive
model, spatial error model, spatial autocorrelation model and spatial
Dubin model. The spatial Dubin model attributes the generation of
spatial effects to explained variables and explanatory variables, and
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includes the spatial lag term of explanatory variables, which helps to
reduce the bias caused by missing variables in the empirical analysis.
Therefore, in order to further explore the spatial spillover effect of
artificial intelligence development on regional carbon emission
intensity, the following model is constructed in this study based on the
practice of Yu and Su (2022):

€02 = Po + pWeoj s + Porobi 1 + B Xiy
+ 91Wr0b,~’,_1 + ejﬁin,t + U +5, tE&it (2)

In Formula (2), p is the spatial lag coefficient, W - rob represents
the spatial lag variable of AI, W represents the spatial weight matrix.
Formula (2) contains both the explained variables and the spatial
terms of the explanatory variables. The spatial Durbin model can
improve the robustness of the estimation results and be more
comprehensive. At the same time, this paper uses geographic distance
matrix and economic geography matrix to represent the spatial weight
matrix, wherein the geographic distance matrix (1) is constructed
by calculating the distance ( dj; ) between the city i and the city j
according to the longitude and latitude of the city, the specific Formula
(3) is as follows:

0,i=1
wij= Lo ®)
2',1?&]
l’.]

The economic geography matrix can better reflect the spatial
relationship of adjacent areas from two aspects of geographical
distance and economic distance. Referring to the practice of Lin et al.
(2005), this paper uses the difference of real GDP per capita between
cities to measure the economic distance between regions. The
economic distance measures the closeness of economic ties between
cities, and introduces it into the spatial weight matrix to construct the
economic geography matrix W2=WIE , E is the economic
distance matrix, and the calculation Formula (4) is as follows:

0,i=1

Wi j = . (4)
2y) 7|Yi_Yj|’l¢]

Y; is the average of per capita real GDP for city i in the
sample period.

3.2. Variable selection

3.2.1. Explanatory variable: Al

There are many measurement methods of A, and the common
methods are to use Al patents, investment amount of related industries
and multi-index comprehensive method to measure, but these
methods have some limitations and cannot truly reflect the actual
application of Al Therefore, this paper follows the practice widely
used in academic circles (Cheng et al., 2019; Acemoglu and Restrepo,
2020), and indirectly reflects the practical application of AI by
measuring the installation density of robot. The original data are from
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the national industry level robot stock data provided by IFR. Because
the industry classification standard adopted by IFR is different from
that in China, the practice of Yan et al. (2020) is used to unify the
industry classification, and the development level of AI at the
provincial level is calculated by the following Formula (5):

Lij; rob;
jt , To0bjt
Li Ly

roby = Zl:

J=1

In Formula (5), Ly, represents the number of employees in
industry j of region i during period ¢, L;; represents the number of
employees in area i during period ¢, robj; represents the stock of
industrial robots in the period ¢ of industry j, and L, is the number
of employees in j industry in China.

3.2.2. Explained variables: CEI

Based on the practice of Liu et al. (2022), this paper uses the
carbon-emission coefficient method to calculate the CEI, which is
expressed as per 10,000 yuan of carbon-emission, the specific
calculation method is as follows:

co2; = Zeij X0 (6)
J

In Formula (6), co2; is the total carbon-emission of area i, & s
the carbon-emission coefficient of the j energy, and ¢; is the
consumption of the j energy in area i. Six energy sources including
coal, oil, natural gas, coke, gasoline, and diesel are selected to calculate
carbon-emission. The emission factors refer to the greenhouse gas
emission list provided by IPCC.

3.2.3. Control variables

In order to reduce the impact of missing variables, based on the
existing literature, the level of economic development, industrial
structure, and the level of opening up are set as control variables.®
GDP: take the logarithm of regional GDP to measure. @ UNE:
expressed by registered urban unemployment rate; ® Indust: measured
by the proportion of industrial added value in GDP. @ Open: expressed
by the proportion of total import and export to GDP; ® urb: expressed
by the ratio of urban population to regional total population; and ®
es: expressed by energy consumption elasticity coefficient.

The research data are the panel data of 30 provinces, cities, and
districts in China from 2006 to 2019. The original data are from
China’s provincial statistical yearbook, China’s energy statistical
yearbook, and IFR. The details of the main variables are as shown in
Table 1.

4. Empirical analysis
4.1. Regression analysis benchmark

Table 2 shows the benchmark regression results of the CEI affected
by the development of AL Through the Hausmann test, the benchmark

regression adopts the spatiotemporal double fixed model. Column (1)
is the regression result of only adding AI; column (2) is the regression
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result of economic development level, urbanization level, and
industrial structure; column (3) is the regression result of
comprehensive consideration of Al, industrial structure, economic
development level, urbanization level, regional unemployment rate,
level of opening to the outside world, and energy structure. The
purpose of adding control variables step by step is to observe whether
the regression coefficient of AI changes. According to the regression
results in column (1) of Table 2, when only considering the influence
of Al on CEI, the first and second estimation coefficients are 0.0519
and — 0.0252 respectively, which are significant at 1 and 5% statistical
levels. From column (2) and (3), after adding some and all control
variables successively, the estimation coefficients of the first and
second terms of Al are still positive and negative, and both pass the
5% confidence level test. It can be seen that there is an inverted
U-shaped relationship between AI and CEI, that is, the CEI first
increases and then decreases with the improvement of AI development
level, and hypothesis 1 is proved. In addition, in the control variables,
the improvement of opening-up level and economic development
level can provide sufficient space for the optimal utilization of AI
technology, and promote the reduction of CEI. However, the
improvement of energy structure and the adjustment of industrial
structure have increased the CEI at this stage, which shows that the
current production and living are divorced from the traditional fossil
energy, and the demand for electric power is greatly increased.

4.2. Spatial regression analysis

4.2.1. Spatial autocorrelation analysis

Before the spatial analysis, the global Moran’T index is selected to
measure the spatial autocorrelation between the development of AI
and regional carbon-emission. As can be seen the Table 3, there has
been a significant positive correlation between AI and CEI in the
geographical distance matrix. Therefore, it is necessary to further
explore the relationship between the two.

4.2.2. Spatial econometric regression

In order to determine the specific form of the spatial metrology
model, LM test, LR test, and Hausman test were carried out
successively in this paper, and the results showed that the explained
variable co passed the LM test. The LR test was continued, and the null
hypothesis was significantly rejected, indicating that the spatial error
model and the spatial lag model could be used only to investigate the
spatial spillover effect of regional carbon emission intensity, so the
spatial Dubin model was chosen. At the same time, in order to
determine the specific form of the spatial Dubin model, the Hausman
test is carried out, showing that the spatial and temporal dual fixed
space Dubin model under fixed effects should be selected. In order to
verify hypothesis 2, this paper conducts spatial Durbin regression on
regional carbon-emission, and the regression results are shown in
Table 4. As can be seen from Table 4, the estimated coefficients of both
the primary term and the secondary term of artificial intelligence pass
the significance test of 5% regardless of whether it is based on the
geographical distance matrix or the economic geographical distance
matrix, indicating that the development of artificial intelligence will
significantly affect regional CEI on the basis of considering the spatial
correlation [see column (1) of Table 4] or the economic geographic
distance matrix [see column (2) of Table 4]. The coeflicient of the
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TABLE 1 Descriptive statistics of variables.

10.3389/fevo.2023.1058505

Variable symbol Observations Mean value Standard Minimum value Maximum
deviation
co2 420 2.7867 1.9764 0.326 12.754
rob 420 0.6196 1.3436 0.0014 14.3562
gdp 420 9.5001 0.9586 6.4747 11.5868
urb 420 0.5503 0.1381 0275 0.938
indust 420 0.3811 0.0866 0.1109 0.5304
open 420 0.3086 0.355 0.0128 1.7117
une 420 3.4207 0.6799 1 5.1
es 420 ~3.9907 24722 ~10.69 10.86
TABLE 2 Benchmark regression results.
general, Chinas developed cities have entered the downward period
(1) (2) (3) of regional CEI caused by AI development, but most cities are still in
rob 0.0519%## 0.2373%#% 0.2066%* the first half of the inverted “U” shaped curve and the AI development
(5.85) (423) (3.68) level is also low. Therefore, China’s AI development level should
be further deepened.
rob? —0.0252%* —0.012%% —0.0112%*
(-2.37) (—2.60) (-2.47)
gdp —1.4896% % —1.7308%% 4.3. Robustness test
(-11.58) (-11.27)
wh s Lo 4.3.1. Marginal effect test
Considering the sustainability of the development of Al this
(=219) (-114) paper makes a benchmark regression on the development level of Al
indust 0.4955 1.2001* after two periods of lag (Yang and Lu, 2023). The results are shown in
(0.76) (1.78) columns (1) to (2) of Table 5. There is no significant difference in
open —0.6502%* absolute value and significance between lag regression result and
benchmark regression result, which indicates that the conclusion of
(-2.39) oo .
benchmark regression is robust and reliable.
une —0.2493%%*
(-2.91) 4.3.2. Replace the explained variable
es 0.0437%%% In order to avoid the deviation of the regression results caused by
(391 the measurement method of CEI mentioned above, and ensure the
. reliability of the benchmark regression results, the CEI is expressed by
N 420 420 420 logarithm of the total carbon-emission of each province by referring
R 0.081 0.731 0.747 to the practice of Xue et al. (2022). According to column (3) of Table 5,

ik ek and * represent significant levels of 1%, 5% and 10% respectively.

primary term is positive, and the coefficient of the secondary term is
negative, indicating that there is a significant inverted U-shaped
relationship between the two, that is, with the deepening of the
development of artificial intelligence, the spatial spillover effect of
regional CEI presents a feature of first rising and then declining. There
may be the main reasons for this phenomenon, in the early, has been
heavily promoted by the development of artificial intelligence the
expansion of related industries, so as to make the regional carbon
emissions intensity ascend, technological progress although produce
certain economic benefits, but has paid a huge price, so as to make the
development of regional carbon emissions intensity of artificial
intelligence in terms of space to promote the role; With the continuous
deepening and skilled application of artificial intelligence technology,
the diffusion effect and demonstration effect become prominent, and
the environmental cost between different regions is minimized or
even improved by the benefits brought by AI technology. Thus, the
development of Al inhibits the spillover of CEI in the region. In
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the estimated coeflicient of AI changes from positive to negative at the
level of 1% when the explained variables are replaced, which indicates
that the impact of the development of AI on CEI has changed from
promoting to restraining.

4.3.3. Replace regression method

In order to prevent the measurement error of regression methods,
random effect maximum likelihood estimation (MLE) is used for
re-regression. From the regression results, the estimation coefficient
of Al and its quadratic term is still from positive to negative, and it is
significant at the level of 1%. Compared with the benchmark
regression result, only the size of the coefficient is slightly different.

4.3.4. Tail shrinking treatment

In order to eliminate the influence of extreme values, all variables
were subjected to 1% tailing and then fixed effect regression was
performed again. The positive and negative sign of AI (0.0938) and its
quadratic term (—0.0321) did not change and was still significant at
1% level.
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TABLE 3 Moran index.

rob
Moran’l Moran’l
0.052 0.010 2006 0.051 0.012
0.061 0.006 2007 0.058 0.007
0.083 0.001 2008 0.059 0.007
0.078 0.002 2009 0.049 0.012
0.079 0.001 2010 0.054 0.009
0.077 0.001 2011 0.068 0.003
0.085 0.001 2012 0.079 0.001
0.081 0.001 2013 0.023 0.049
0.080 0.001 2014 0.020 0.054
0.072 0.002 2015 0.021 0.051
0.075 0.002 2016 0.018 0.057
0.079 0.001 2017 0.020 0.051
0.078 0.001 2018 0.020 0.045
0.086 0.001 2019 0.022 0.038
TABLE 4 Regression of spatial Durbin model.
(1) (2)
rob 0.2175%% 0.1579%#*
(3.09) (2.74)
rob? —0.012%* —0.0114%%
(=2.35) (—2.54)
gdp —0.0491 %% —0.0403%%
(=2.73) (—2.34)
urb —4.2061 %% —5.3138%#*
(—3.40) (—4.48)
indust —0.7304 —0.7997
(-0.89) (—0.97)
open —0.5794%% —0.8783%
(=2.10) (-3.21)
une -0.1032 —0.1532%
(=1.21) (~1.88)
es 0.05427#% 0.0403%*
(4.41) (3.31)
wx rob 0.5166% %% 0.3849%
(2.70) (1.93)
Wx rob —0.0368%* —0.0709%%
(-2.38) (—2.05)
p 0.01448% 0.8791 7%
(1.66) (3.66)
N 420 420
R 0.244 0.110

##k % and * represent significant levels of 1%, 5% and 10% respectively.
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4.3.5. Endogeneity

In the benchmark regression, variables affecting regional carbon
emission intensity have been added to the model as much as possible,
but omitted variables may still be unavoidable, resulting in
endogeneity problems. Severe endogeneity will lead to biased and
inconsistent estimated coefficients, so it is necessary to deal with the
endogeneity problem that may exist in the benchmark regression
results. Considering that the development of Al is sustainable, the
application level of artificial intelligence in the previous period will
have an impact on the current period, but will not have an impact on
the disturbance term, so the lag phase of Al is taken as an
instrumental variable in this paper. The specific methods of
endogeneity test are as follows: first, instrumental variables are added
to carry out two-stage least squares (2SLS) regression; The results of
the Hausman test rejected the null hypothesis of “all explanatory
variables are endogenous” at the significance level of 1%, indicating
that the core explanatory variable artificial intelligence has
endogeneity and meets the prerequisite of using the least squares
method (2SLS). Third, the validity of instrumental variables is tested.
The results show that the null hypothesis of “weak instrumental
variables” is strongly rejected. According to the endogeneity test
results in column (6) of Table 5, which takes the lag of one stage of
artificial intelligence as an instrumental variable, the sign and
significance level of the estimated coefficients between the regression
results of the instrumental variable and the benchmark regression
results have not changed, indicating that the benchmark regression
results have strong robustness.

4.4, Heterogeneity analysis

China has the problem of unbalanced regional development
during a long time. Although all regions attach great importance to
the development of digital technology, there are still great differences
in the development level of Al among different regions due to factors
such as factor endowment, location factors and development
foundation, which will cause regional heterogeneity of the impact of
Al on regional carbon-emission. According to Table 6, this differential
effect does exist, that is, in the eastern region, AI promotes and then
suppresses the CEI, followed by the western region, but has no obvious
effect in the central region. This situation can be considered from the
following aspects: first, as the most developed region of China’s
economy, various emerging technologies and products originate and
spread here, with strong inclusiveness, high level of regional openness,
government services and supervision, far ahead of the development
and application of AL Therefore, Al has the most significant effect on
carbon reduction in eastern China. Second, in recent years, although
the central region has a high latecomer potential, policy support and
continuous transformation and upgrading of industrial structure have
laid a solid foundation in the central region, the digital elements
siphon seriously among the central regions, and a large number of
manufacturing industries are still dominant, and the CEI is still large.
Third, the western region is remote and sparsely populated. For many
years, affected by geographical factors, industrial upgrading has not
achieved significant results. However, Al has a great penetration in the
region by virtue of its digital network foundation, and has a greater
role in promoting the regional industrial upgrading, which makes the
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TABLE 5 Results of robustness test.
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()] (2) (3) (4) (5)
rob 0.18477% 0.1112%% 0.000577+% 0.0057%#% 0.0928%
(3.08) (2.40) (4.92) (4.92) (3.05)
rob? —0.0073% —0.0021%% —0.0841 %% —0.0835% —0.0321%5%
(-1.93) (2.39) (=5.79) (-5.81) (3.75)
gdp —1.5233%% —1.2873%%% —0.27067% % 0.0013 —1.6246%
(~11.00) (~10.19) (6.65) (0.07) (~12.30)
urb -1.7916% —2.1238%% 1.200027%% —12.4453 %% —0.7129
(~1.65) (-2.21) (3.59) (~14.10) (~0.66)
indust 0.7614 0.1334 0.6665%%* -12112 0.8594
(1.30) (0.27) (3.81) (~1.59) (1.51)
open —0.5254%% —0.4349* ~0.0509 0.88247%% —0.678%%%
(-2.15) (~1.89) (~0.70) (3.29) (-2.79)
une —0.1409* —-0.057 —0.0199 0.1659% —0.1327%*
(-1.93) (-0.92) (—0.87) (1.86) (-1.75)
es 0.0305%*%* 0.0273%** 0.0153%** 0.0511%%* 0.0471%*%*
(3.37) (3.66) (5.17) (4.03) (4.48)
N 390 360 420 420 420
R’ 0.764 0.767 0.695 - 0.778
k% and * represent significant levels of 1%, 5% and 10% respectively.
carbon-emission reduction of human intelligence achieve  TABLEG6 Heterogeneity analysis.
certain results. East Central West
rob 2.0669%** 0.4059 0.0724%*
5. Conclusion and countermeasures (291) (112) (169)
] rob? —0.7755%*% —0.0873 —0.00247%%
5.1. Conclusion C219) Cos0) C275)
Under the background of Al and carbon-emission in China, based gdp —20949% —20571 —0864T
on the benchmark of the impact and the panel data from 2006 to 2019, (=5.16) (=5.77) (=6.05)
this paper analyzes the effect and mechanism of AI on CEI. Dynamic urb ~5.1696 0.1991 —1.9834%*
and marginal effect analysis, substitution variable, and regression (—1.40) 0.06) (—2.04)
method were used to test the robustness. The results show that: (1) there
is a significant inverted U-shaped between AI and CEL that is, with the indust —0-8569 17687 L8071
deepening of the development of Al, CEI first increases and then (-048) (132) (241)
decreases. (2) There is a significant spatial correlation between the open —1.2993 5.3651% %% —0.0057
development of Al and CEI in China. (3) AI has a significant spatial (—1.08) (2.77) (=0.03)
spillover effect on CEI of adjacent regions, and it shows an inverted
U-shaped track—from promoting to restraining. (4) There are significant e moeoss 02681 o121
regional differences in the impact of AI on CEL This series of studies (=2.80) (-1.49) (141
helps the government to formulate more targeted Al development es 0.0601 %+ 00747+ 0.027*
policies in sub-regions and periods, and effectively promote the G.17) (2.96) (1.75)
implementation of low-carbon emission reduction strategies. And N L68 16 6
studying the spatial spillover effect of AI on carbon emission intensity
can help localities pay attention to the coordination of related policies K 0-800 0.773 0-802

and promote coordinated and sustainable regional development.

5.2. Policy implications

So far, the development of AT has penetrated into all aspects
of social life. Intelligence in the field of economic life and
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#ik % and * represent significant levels of 1%, 5% and 10% respectively.

industrial mechanization have become the main development
direction in the future, and the new technology has played a
significant role in energy utilization. Based on the empirical
research  results, this paper draws the following
theoretical implications:
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1. Strengthen the foundation of AI and improve the emission
reduction effect of AI. Promote a new generation for
information infrastructure, accelerate the realization of higher-
quality interconnection. Provide solid information technology
infrastructure support for the development of AJ, release and
enlarge the dividend of the machine age in a broader range, and
combine with the governance mode to realize the coverage
penetration of intelligent equipment and communication
platform. So that can promote efficiency change and reduce the
consumption of manufacturing resources (Zhang and
Zhou, 2019).

2. Give full play to the carbon reduction effect of AI in China.
In the early stage of the development of AJ, the popularization
is not only difficult to inhibit carbon-emission, but also may
cause the intensity of carbon-emission to increase. Therefore,
on the one hand, it is necessary to strengthen the research
and development of key technologies of Al, especially in the
field of green and low-carbon R&D, to promote the deep
integration of AI and green low-carbon industry (Wang
et al., 2021). On the other hand, we should improve the
energy consumption assessment system of new infrastructure
such as AI and digital center, carry out the evaluation and
construction of green data center, strengthen the research
and development of key technologies of zero-carbon data
center, and optimize the energy efficiency scheme of
low-carbon data center.

3. Break the space barrier, pay attention to the spillover effect of
AT development. We should give full play to the structural
optimization effect, technological innovation, and resource
allocation of Al on social production and life, seize the positive
spatial correlation, and reduce CEL

4. We should face up to the differences in regional development
and implement heterogeneous governance strategies (Zhuang,
2021). In the central region, we should accelerate the
transformation of energy consumption structure. For the
eastern region, Al should be used to carry out low-carbon,
digital and intelligent transformation of modern industrial
chain to improve the level of green industrial development.
After crossing the turning point of carbon-emission reduction,
the low-carbon technology should be combined with regional
development. In the western region, it is necessary to maximize
the use of Al to modernize traditional industries.

5.3. Deficiencies and prospects

This paper has the following shortcomings: ® Due to the lack of
micro-enterprise level for Al application data, it is not able to
comprehensively and multi-perspective study the impact of Al
development on CEI; @ Due to the limitation of data availability and
utilization, this paper only uses the data of provincial level in China
for empirical analysis, and the research conclusion may have some
limitations; ® The influence of population aging, government
behavior, and other variables on Al and carbon-emission behavior is
not comprehensively considered. Therefore, in the future, both micro
and international aspects should be taken into account to explore the
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carbon-emission reduction effect, and refine the combined research
of energy structure and industrial structure.
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