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Abstract. This study examines the coupling coordination between artificial in-
telligence and carbon emission reduction across Chinese provinces from 2016 to 
2022. Using a coupling coordination degree model and K-means clustering, the 
research identifies significant spatial heterogeneity, which is characterized by a 
"high in the southeast, low in the northwest" pattern. Temporal analysis revealed 
a path-dependent trend, wherein provinces with high initial coordination levels 
consolidated their advantages, while others struggle with persistent barriers, lead-
ing to a widening of regional disparities. Four distinct provincial clusters are 
identified. The findings underscore the need for differentiated policies to address 
regional bottlenecks and promote synergistic development of artificial intelli-
gence and carbon emission reduction, emphasizing targeted interventions for op-
timal technological empowerment and emission reduction. 

Keywords: Artificial Intelligence; Carbon Emission Reduction; Coupling Co-
ordination; Spatial-Temporal Analysis 

1 Introduction 

The rapid development of artificial intelligence (AI) is reshaping the global economy 
and society, offering unprecedented potential to optimize decisions and enhance effi-
ciency—providing innovative solutions for addressing climate change [1]. However,
AI’s massive computing power demand brings significant energy consumption and car-
bon footprints, exerting continuous pressure on power supplies [2]. This situation places 
us at a critical crossroads: AI can either accelerate global carbon reduction by improv-
ing energy efficiency across industries or become a new source of carbon emissions 
due to its surging energy use [3]. Effectively managing this "double-edged sword"—
maximizing AI’s green benefits while minimizing environmental costs—has emerged 
as a core issue for its sustainable and responsible development, and is crucial to achiev-
ing carbon neutrality, especially against the backdrop of China’s solemn commitment 
to reach peak carbon emissions by 2030 and carbon neutrality by 2060 [4].  

This research is based on the practical demands and the limitations of existing stud-
ies. On the practical level, while AI promotes emission reduction, its own energy
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consumption also poses a challenge. Coordinating the development of the two is urgent 
for achieving the "dual carbon" goals. On the research level, existing achievements 
mostly focus on unidirectional causal relationships, lacking systematic investigations 
into the collaborative relationship, spatio-temporal evolution, and regional differences 
between AI and carbon emission reduction (CER) systems. Therefore, this study con-
structs a coupling coordination degree model, combining spatio-temporal analysis and 
clustering methods, aiming to reveal the coordinated development status and spatial 
differentiation characteristics of the two at the provincial level in China from a collab-
orative perspective, with the expectation of providing theoretical basis and decision-
making references for promoting the positive interaction between technological em-
powerment and emission reduction goals. 

2 Theoretical Analysis and Research Hypotheses 

2.1 Theoretical Analysis 

Two coupled subjects—AI and CER—achieve in-depth coupling of technological em-
powerment and emission reduction practices through the two-way interaction between 
"application scenario-driven" and "technology engine-driven" mechanisms [5]. 

From the perspective of coupled subjects, the AI side takes algorithmic models, com-
puting infrastructure, intelligent perception, and other elements as its core technological 
foundation, while the CER side covers the whole-process emission reduction practices 
including carbon emission monitoring and clean energy development [6]. The factor 
complementarity between the two constitutes the basis for coupling: AI provides data 
processing and intelligent decision-making capabilities, and CER offers application 
scenarios and emission reduction demands, forming a "technology supply-demand re-
sponse" matching relationship. 

From the perspective of the coupling process, the application scenario-driven mech-
anism focuses on the practical value of technology implementation: intelligent predic-
tion improves the accuracy of emission reduction, algorithmic optimization enhances 
energy efficiency, data factors reshape the carbon management ecosystem, and institu-
tional coordination guarantees the direction of transformation—this represents a "de-
mand-pull" path where AI technology adapts to emission reduction scenarios [7]. In con-
trast, the technology engine-driven mechanism reflects the proactive empowerment of 
technological innovation: through scenarios such as intelligent emission reduction in 
energy-intensive industries and collaborative scheduling of energy systems, it trans-
forms the technical characteristics of AI into emission reduction efficiency, serving as 
the core vehicle of the "technology-push" effect [8] (as shown in Figure 1). 

Building on the aforementioned analysis, this study further integrates "technology 
supply-demand matching" with the "dual-driven processes" to establish a two-way in-
teraction analytical framework. It moves beyond one-dimensional causal inference,
systematically uncovering the inherent relational logic of the coupled development of 
AI and CER rather than treating their effects in isolation. 
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Fig. 1. AI-CER Coupling Mechanism Diagram 

2.2 Research Hypotheses 

The coupled coordination development of AI and CER depends on multiple factors 
such as economic foundation and technological endowment [9]. Coastal provinces in 
southeastern China have formed development momentum relying on digital industrial 
clusters, technological advantages, and a relatively light industrial structure. In contrast, 
inland provinces in northwestern China face insufficient empowerment due to con-
straints including low economic development level and scarce technological resources. 
H1: The coupled coordination degree exhibits a spatial differentiation of "high in the 
southeast and low in the northwest" with significant spatial agglomeration characteris-
tics. 

The evolution of coupled coordination degree is affected by initial conditions and 
path choices. Provinces with high initial levels have formed a virtuous cycle of "tech-
nological upgrading - emission reduction efficiency improvement" through technolog-
ical accumulation and industrial synergy. In contrast, provinces with low initial levels 
face slow improvement due to multiple barriers such as insufficient technological R&D 
capabilities and shortage of high-end talents. The Matthew effect further reinforces this 
tiered differentiation [10-11]. H2: The evolution of coupled coordination degree has path 
dependence, and stable convergent regions will be formed in the long run. 

Differences in regional resource endowments and comparative advantages deter-
mine the diversity of coupled coordination driving modes [12]. Coastal provinces in 
southeastern China rely on their first-mover advantage in the digital economy to form 
a "technology-industry driven" mode, which achieves coupled coordination by improv-
ing energy utilization efficiency and optimizing industrial carbon emission manage-
ment. Provinces rich in ecological resources, with a relatively light industrial structure, 
form an "ecological-structure driven" mode focusing on ecological protection, green 
industrial transformation, and clean energy development, realizing benign coordination 
between AI empowerment and CER goals with low technological input intensity. H3: 
There are multiple driving modes for coupled coordination, and differences in these 
modes exacerbate regional differentiation. 
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3 Research Design and Result Analysis 

3.1 Research Design 

Construction of the Indicator System. This AI-CER Coupling Coordination Evalua-
tion Indicator System is constructed energy-dependent provinces like Inner scienti-
ficity, comprehensiveness, and operability, consisting of two core dimensions: the AI 
development dimension (12 positive indicators (+)) covering foundation and input,
R&D and innovation, and benefits and output; and the CER dimension (3 negative in-
dicators (-)) encompassing total emissions, per capita emissions, and emission intensity 
(as shown in Table 1). 

Table 1. AI-CER Coupling Coordination Evaluation Indicator System 

Tier-1 Indicator Tier-2 Indicator Direction 
Network Coverage Density + 
Regional Innovation Index + 
Number of AI Enterprises + 

AI Workforce Size + 
Number of Valid Invention Patents + 

Artificial Intelligence Number of Imported Foreign Patents + 
(AI) Number of University Spin-offs + 

Investment in Technological Upgrading + 
Revenue from New AI Products + 

Total Output Value of AI Industry + 
Output Value of Intelligent Equipment + 

Total Industry Profit + 
Total CO₂ Emissions - 

Carbon Emission Per Capita CO₂ Emissions - 
CO₂ Emissions per Unit GDP - 

Data Source. The data in this article mainly come from "China Statistical Yearbook", 
"China Science and Technology Statistical Yearbook", "China Torch Statistical Year-
book", "China Industrial Statistical Yearbook", "China High-tech Industry Statistical 
Yearbook", "CEADs China Carbon Accounting Database", and local "statistical year-
books" and research reports of each province. 

Research Methods. This study employs the coupling coordination degree model to 
investigate the relationship between the level of AI development and carbon emission 
reduction. The model quantifies the intensity of interdependence between the two sys-
tems (coupling degree) and evaluates whether their interaction constitutes positive mu-
tual promotion or imbalanced constraint (coordination degree). The implementation of 
this model involves the following steps: 
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First, data standardization is performed for positive and negative indicators. 
For positive indicators, the formula is: 

𝑥𝑥𝑖𝑖𝑖𝑖′ =
𝑥𝑥𝑖𝑖𝑖𝑖 −𝑚𝑚𝑚𝑚𝑚𝑚(𝑥𝑥𝑖𝑖)

𝑚𝑚𝑚𝑚𝑥𝑥(𝑥𝑥𝑖𝑖) − 𝑚𝑚𝑚𝑚𝑚𝑚(𝑥𝑥𝑖𝑖)
(1) 

For negative indicators, the formula is: 

𝑥𝑥𝑖𝑖𝑖𝑖′ =
max(𝑥𝑥𝑖𝑖) − 𝑥𝑥𝑖𝑖𝑖𝑖

𝑚𝑚𝑚𝑚𝑥𝑥(𝑥𝑥𝑖𝑖) −min(𝑥𝑥𝑖𝑖)
(2) 

where 𝑥𝑥𝑖𝑖𝑖𝑖  denotes the original value of the 𝑗𝑗 -th indicator for the 𝑚𝑚 -th sample,
and 𝑥𝑥𝑖𝑖𝑖𝑖′  represents the standardized value. 

Next, the comprehensive evaluation score for each system is calculated using the 
weighted sum method based on the standardized data. 

The comprehensive evaluation value for the AI development level (𝑈𝑈1) is given by: 

𝑈𝑈1 = ∑  
𝑚𝑚

𝑖𝑖=1
𝑤𝑤𝑖𝑖 × 𝐴𝐴𝑖𝑖′ (3) 

where 𝑤𝑤𝑖𝑖 is the weight of indicator 𝐴𝐴𝑖𝑖 (with ∑𝑤𝑤𝑖𝑖 = 1), 𝐴𝐴𝑖𝑖′ is the standardized value 
of indicator 𝐴𝐴𝑖𝑖, and the weights 𝑤𝑤𝑖𝑖 are determined using the entropy weight method. 

The comprehensive evaluation value for carbon emission reduction (𝑈𝑈2) is: 

𝑈𝑈2 = ∑  
𝑛𝑛

𝑘𝑘=1
𝑣𝑣𝑘𝑘 × 𝐵𝐵𝑘𝑘′ (4) 

where 𝑣𝑣𝑘𝑘 is the weight of indicator 𝐵𝐵𝑘𝑘 (with ∑𝑣𝑣𝑘𝑘 = 1), and 𝐵𝐵𝑘𝑘′  is the standardized 
value of indicator 𝐵𝐵𝑘𝑘. 

Subsequently, the coupling degree (𝐶𝐶) between the two systems is calculated using 
the formula: 

𝐶𝐶 = |
𝑈𝑈1 × 𝑈𝑈2

(𝑈𝑈1 +𝑈𝑈2
2 )

2|

1
2

(5) 

To obtain the coupling coordination degree, the comprehensive coordination index 
(𝑇𝑇) is first computed as: 

𝑇𝑇 = 𝛼𝛼𝑈𝑈1 + 𝛽𝛽𝑈𝑈2 (6) 

Considering the equal importance of the AI development and carbon emission re-
duction systems, this study adopts 𝛼𝛼 = 𝛽𝛽 = 0.5. The coupling coordination degree (𝐷𝐷) 
is then derived from: 

𝐷𝐷 = √𝐶𝐶 × 𝑇𝑇 (7) 
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Finally, the calculated coupling coordination degree (𝐷𝐷) is classified into levels ac-
cording to the standards presented in Table 2. 

Table 2. Classification Standards for Coupling Coordination Degree 

Coupling Coordination Degree (D) Interval Coordination Level 
0 ≤ D < 0.1 Extreme Imbalance 

0.1 ≤ D < 0.2 Severe Imbalance 
0.2 ≤ D < 0.3 Moderate Imbalance 
0.3 ≤ D < 0.4 Mild Imbalance 
0.4 ≤ D < 0.5 Near Imbalance 
0.5 ≤ D < 0.6 Barely Coordinated 
0.6 ≤ D < 0.7 Primary Coordination 
0.7 ≤ D < 0.8 Intermediate Coordination 
0.8 ≤ D < 0.9 Good Coordination 
0.9 ≤ D < 1.0 High-Quality Coordination 

Additionally, K-means clustering analysis is performed simultaneously on the AI 
development level (𝑈𝑈1), carbon emission reduction level (𝑈𝑈2), and their coupling coor-
dination degree (𝐷𝐷). This approach enables a leap from single-dimensional level eval-
uation to multi-dimensional state identification, which further helps to identify the static 
gaps in technological development and carbon emission reduction across different re-
gions. 

3.2 Result Analysis 

Spatiotemporal Evolution Analysis of Artificial Intelligence and Carbon Emission 
Reduction. From 2016 to 2022, AI development across Chinese provinces showed sig-
nificant growth with widening disparities (as shown in Figure 2). Leading provinces 
like Jiangsu (AI index rising from 0.49 to 0.85) and Guangdong (0.46 to 0.63) achieved 
remarkable progress with growth rates exceeding 50%, while regions such as Inner 
Mongolia (0.14 to 0.13) and Hainan (0.10 to 0.12) saw minimal growth below 10%, 
resulting in expanding technological gaps.CER trends revealed "partial optimization 
amid differentiation." (as shown in Figure 3) While Fujian and Jiangxi maintained rel-
atively stable CER levels, energy-dependent provinces like Inner (CER level: 0.33 to 
0.13) and Ningxia (CER level: 0.61 to 0.46) experienced significant declines in CER 
performance. In contrast, Hainan and Beijing sustained high CER levels above 0.95, 
supported by ecological advantages and effective policies. Spatially, AI distribution 
followed a "higher in southeast, lower in northwest" pattern. Jiangsu and Guangdong 
emerged as technology leaders with AI values of 0.85 and 0.63 respectively, while 
northwestern provinces like Inner Mongolia and Ningxia lagged below 0.16. CER lev-
els showed a different spatial characteristic, with ecologically advantaged provinces 
like Hainan (0.97) and Beijing (0.98) outperforming energy-dependent regions such as 
Shanxi and Inner Mongolia (below 0.40). 
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Fig. 2. Provincial AI Development Levels in China (2016: Left; 2022: Right) 

 
Fig. 3. Provincial CER Development Levels in China (2016: Left; 2022: Right) 

Spatiotemporal Evolution Analysis of Coupling Coordination Degree. From 2016 
to 2022, the coupling coordination degree between AI and CER across China’s prov-
inces showed a trend of "overall stability with local optimization." (as shown in Figure 
4) Core provinces like Beijing, Jiangsu, and Guangdong maintained a high coordination 
degree (consistently above 0.8), demonstrating a mature, positive interaction between 
high-tech development and green transition. Notably, Jiangsu and Guangdong saw 
rapid growth in AI indices while keeping their coordination degree (D-value) stable, 
highlighting the high quality of their development. Meanwhile, most central and west-
ern provinces (e.g., Hubei, Sichuan) saw steady improvements in coordination degree 
alongside rising AI levels, indicating that technology diffusion is boosting regional sus-
tainable development. However, energy-dependent and underdeveloped regions (e.g., 
Inner Mongolia, Ningxia, Xinjiang) remained stuck at a low coordination degree (be-
low 0.4 for years), revealing significant challenges in aligning technological progress 
with environmental protection and lagging transformation. Spatially, the coordination 
degree exhibited a distinct tiered pattern of "higher in the southeast, lower in the north-
west," closely matching economic development levels: the Beijing-Tianjin-Hebei, 
Yangtze River Delta, and Pearl River Delta urban agglomerations formed the high-
value core (Beijing: 0.79 in 2022; Shanghai: 0.72); most central provinces and the Si-
chuan-Chongqing region served as the mid-tier (0.6-0.7), becoming a backbone for na-
tional coordinated development; northeastern and some northwestern provinces
(around 0.5) faced dual pressures of traditional industrial upgrading and new



 

 

Technology-Adapted & 
High-Carbon Synergistic 

Cluster 

Beijing, Tianjin, Shanghai, 
Zhejiang, Anhui, Fujian, Jiangxi, 

Henan, Hubei, Hunan, Chong-
qing, Sichuan, Shaanxi 

0.281 0.811 0.709 
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technology adoption; and regions like Inner Mongolia and Xinjiang remained in the 
low-value tier. This spatial disparity reflects comprehensive gaps in industrial structure, 
technological innovation capacity, and green development policy implementation
across regions. While a basic framework for AI-CER synergistic development has taken 
shape in China, achieving high-level coordination nationwide remains a long-term task. 

 
Fig. 4. China’s AI-CER Coupling Coordination Degree Heatmaps (2016–2022) 

Analysis of K-Means Clustering Results. The K-means clustering identifies four dis-
tinct provincial clusters in China’s AI-CER coupling coordination(as shown in Table 
3): the Technology-Led & Low-Carbon Optimal Matching Cluster (Jiangsu, Guang-
dong) as the national benchmark (Avg. AI=0.605, Avg. CER=0.581, Avg. D=0.811), 
featuring high AI-driven low-carbon development; the largest Technology-Adapted & 
High-Carbon Synergistic Cluster (13 provinces) with medium AI (0.281), high CER 
(0.811), and good coordination (0.709), serving as the core of national strategy imple-
mentation; the Technology-Lagging & Moderate Coordination Cluster (8 provinces) 
with the lowest AI (0.168) but highest CER (0.832), yet moderate coordination (0.543) 
due to ecological endowment dependence; and the Technology-Deficient & High-Car-
bon Imbalanced Cluster (7 provinces) facing triple predicaments of low AI (0.180), 
poor CER (0.429), and extremely low coordination (0.401), as key regions for green 
transition. These results reflect significant regional heterogeneity, offering targeted in-
sights for differentiated development policies. 

Table 3. K-Means Clustering Results of Provincial AI-CER Coupling Coordination 

Cluster Type Provinces Avg. AI Avg. CER Avg. D
Technology-Led & Low-
Carbon Optimal Match-

ing Cluster 
Jiangsu, Guangdong 0.605 0.581 0.811 

Technology-Lagging & 
Moderate Coordination 

Cluster 

Jilin, Heilongjiang, Guangxi, Hai-
nan, Guizhou, Yunnan, Gansu, 

Qinghai 
0.168 0.832 0.543 

Technology-Deficient & 
High-Carbon Imbal-

anced Cluster 

Hebei, Shanxi, Inner Mongolia, 
Liaoning, Shandong, Ningxia, 

Xinjiang 
0.180 0.429 0.401 
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4 Conclusion and Suggestions 

4.1 Conclusion 

The study reveals a distinct "high in the southeast, low in the northwest" spatial pattern 
in the AI-CER coupling coordination across Chinese provinces, closely aligned with 
regional disparities in economic development, technological endowment, and industrial 
structure. The evolution of coordination demonstrates clear path dependence, with
provinces possessing high initial levels consolidating advantages and entering a virtu-
ous cycle, while those with low initial levels face persistent barriers, resulting in wid-
ening regional gaps and stratified development echelons. Cluster analysis identifies 
four distinct provincial types—Technology-Led & Low-Carbon Optimal, Technology-
Adapted & High-Carbon Synergistic, Technology-Lagging & Moderate Coordination, 
and Technology-Deficient & High-Carbon Imbalanced—demonstrating that high coor-
dination can be achieved through different pathways, though these varying modes also 
intensify regional differentiation. 

4.2 Suggestions 

Based on the identified heterogeneous clusters, targeted policy interventions are rec-
ommended: The "Technology-Led" provinces should pioneer breakthrough AI-for-
Green technologies and set national benchmarks. The "Technology-Adapted" cluster 
requires focused AI integration into carbon-intensive industries to deepen emission re-
ductions. For the "Technology-Lagging" regions, policy should foster low-tech AI ap-
plications that leverage their ecological comparative advantage. Conversely, the "Tech-
nology-Deficient" cluster necessitates robust external support for foundational green 
infrastructure and compulsory technological upgrades to break the high-carbon lock-in. 
This typology underscores that effective governance must transition from a uniform 
approach to differentiated strategies that address specific regional bottlenecks. 

Disclosure of Interests 

The authors have no competing interests to declare that are relevant to the content of 
this article.  

References 

1 Xue, F., Liu, J. Q., Fu, Y. M.: The effect of artificial intelligence technology on carbon 
emissions. Science & Technology Progress and Policy 39(24), 1–9 (2022). 

. 

2 Henderson, P., Hu, J., Romoff, J., Brunskill, E., Jurafsky, D., Pineau, J.: Towards the sys-
tematic reporting of the energy and carbon footprints of machine learning. Journal of Ma-
chine Learning Research 21(248), 1–43 (2020). 

. 



 

 

     

3 Wang, Y. F., Liu, J. N., Liu, Z. Y.: Artificial intelligence and corporate carbon emissions: 
Influence mechanism and effect evaluation. Journal of Anhui Normal University (Soc. Sci.) 
53(6), 112–132 (2025). 

. 

4 Hai, M. H., Zhang, Z. R.: Carbon reduction effects of urban digital-intelligent transfor-
mation: Evidence from the synergistic implementation of the “Broadband China” and
“Smart City” pilot policies. Journal of Hunan Agricultural University (Social Sciences) 
26(5), 94–103 (2025). 

. 

5 Wang, S. H.: Dynamic coupling of digital economy and high-quality energy development 
and its emission reduction effect. Journal of Beijing Institute of Technology (Social Sciences 
Edition) 27(1), 75–87 (2025).  

. 

6 Liu, G. H., Yang, N. N., Zang, R. H.: Research on the carbon emission reduction effect of 
the synergy between FinTech and green finance: From the perspective of “Technology Em-
powerment and Institutional Drive”. Modern Finance and Economics-Journal of Tianjin 
University of Finance and Economics 45(10), 77–93 (2025).   

. 

7 Jin, C., Li, Y. J.: Artificial intelligence and natural resource dependence: Influence effect 
and regulatory mechanism. Statistics and Decision 41(17), 48–52 (2025).   

. 

8 Usman, A., Ozturk, I., Hassan, A., Zafar, S. M., Ullah, S.: The effect of ICT on energy 
consumption and economic growth in South Asian economies: An empirical analysis.
Telematics and Informatics (2020). 

. 

9 Zhao, H. X., Meng, Y. J.: Coupling coordination measurement and evaluation of urban dig-
ital economy and green technology innovation in China. China Soft Science (9), 97–107 
(2022). 

. 

10 Lin, B. Q., Jiang, Z. J.: Prediction of the environmental Kuznets curve for carbon dioxide in 
China and analysis of influencing factors. Management World (4), 27–36 (2009). 

. 

11 Xiong, L., Zhang, Q., Yan, Y. L., Jiang, S., Su, L. Y.: Spatiotemporal characteristics and 
driving factors of the coupled coordination between digital intelligence development and 
carbon productivity in urban agglomerations of the middle reaches of Yangtze River. Eco-
nomic Geography 44(10), 46–54 (2024). 

. 

12 Wei, M., Li, S. H.: Study on the measurement of economic high-quality development level 
in China in the new era. Journal of Quantitative & Technological Economics 35(11), 3–20 
(2018). 

. 

  201Research on the Spatiotemporal Evolution of the Coupled and …      

Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.

http://creativecommons.org/licenses/by-nc/4.0/

	Research on the Spatiotemporal Evolution of the Coupled and Coordinated Development of Artificial Intelligence and Carbon Emission Reduction



