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Abstract 
This paper explores the long-term ripple effects of Artificial Intelligence Computing Power (AICP) 
on corporate Environmental, Social, and Governance (ESG) performance. Quantitative analysis 
reveals a complex interplay between China's AICP and corporate ESG performance. Moreover, 
the integration of AI computing power and ESG has generated widespread and profound "ripple 
effects" on global sustainable transformation and economic development. By delving into the 
dynamic interaction mechanisms between the two, this study unveils the mysteries behind these 
ripple effects. Finally, the findings offer meaningful policy recommendations for the synergistic 
development of digital intelligence and sustainability.  

Keywords: Artificial Intelligence Computing Power; corporate ESG; sustainable development; 
time-varying interactions; China.  

JEL Classification: C32, Q56, O33, M14. 

1. Introduction 
This paper aims to explore the complex interrelationship between artificial intelligence computing 
power and corporate ESG (Environmental, Social, and Governance) performance. In recent 
years, climate change, social inequality, and corporate governance issues have increasingly 
become global focal points, driving the widespread adoption of the ESG framework (Escrig-
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Olmedo et al., 2019; Qin et al., 2024). ESG servers as a key tool for measuring the non-financial 
performance of listed companies and guides businesses in integrating environmental, social, and 
governance considerations into their business models (Li et al., 2024). However, with the growing 
global demand for sustainable development, accurately assessing and improving ESG 
performance remains a challenge (Clément et al., 2022). Traditional ESG assessments rely on 
manual data collection, which suffers from inefficiency, data inconsistencies, and vague 
evaluation standards (Avramov et al., 2022; Liu et al., 2024). These issues make it difficult for 
companies to accurately measure and forecast long-term risks and opportunities, thus lowering 
ESG performance (Berg et al., 2022). AI, with its powerful computing capabilities, enables efficient 
data analysis, predictive simulations, and automated reporting, helping to establish more 
consistent and transparent ESG standards (Zhang & Zhang, 2024). AI computing power also 
assists companies in optimizing resource allocation, thereby enhancing ESG performance 
(Khoruzhy et al., 2022; Qin et al., 2024a). For example, Alibaba has utilized AI computing power 
to optimize logistics and warehousing, significantly reducing carbon emissions during 
transportation and improving the company’s environmental ESG performance (Zhang & 
Ravishankar, 2019). Additionally, the integration of AI computing power with ESG has 
strengthened economic forecasting capabilities, helping companies to identify complex 
environmental and social risks earlier, enabling them to make innovative decisions in dynamic 
markets. Therefore, AI computing power not only improves the accuracy of ESG assessments 
but has also become a core engine driving low-carbon transformation, creating a significant "ripple 
effect" on global sustainable change and economic development. This "ripple effect" refers to the 
widespread, long-term consequences that extend beyond the immediate impacts on individual 
companies. As AI technologies optimize resource allocation, reduce emissions, and enhance 
operational efficiency, their positive outcomes reverberate throughout industries, influencing 
related sectors and even encouraging the adoption of sustainable practices across regions and 
economies. These cascading effects amplify the overall sustainability agenda, fostering greater 
systemic alignment between AI, clean energy, and global economic development. This paper, by 
exploring the ripple effects of AI computing power on corporate ESG performance, aims to provide 
comprehensive insights for companies and policymakers to assess and improve ESG 
governance, thereby assisting companies in achieving long-term alignment between economic 
growth and sustainable development goals. 

In recent years, China has achieved a leading position in the global AI computing power field and 
has played a significant role in promoting sustainable development and improving ESG 
performance (Wu et al., 2020; Qin et al., 2024). Therefore, It is crucial to delve deeper into the 
distinctive aspects of China’s AI and ESG. China’s rapidly growing AI industry is uniquely 
positioned due to strong government support through initiatives such as the New Generation 
Artificial Intelligence Development Plan, which aims to establish China as a global leader in AI by 
2030. These government-backed programs provide substantial funding and regulatory 
frameworks in AI’s applications (Su et al., 2024). In contrast, developed nations like the U.S. and 
EU rely more heavily on private sector innovation and market competition to drive AI development, 

resulting in a more decentralized AI ecosystem (Alfalih，2023). Similarly, China’s ESG practices 

are deeply shaped by policy-driven sustainability goals and the dominance of state-owned 
enterprises (SOEs). For example, Chinese ESG initiatives are often aligned with national 
objectives, such as carbon neutrality by 2060 and the "dual carbon" goals outlined in the 14th 
Five-Year Plan (Dadao, 2019; Cao et al., 2024). This alignment ensures that ESG practices are 
integrated into corporate strategies of SOEs, which play a critical role in sectors such as energy, 
infrastructure, and manufacturing. With strong policy support, China’s AI computing power has 
been widely applied (Yang & Huang, 2022). By 2023, the AI computing power market size had 
exceeded 400 billion yuan, becoming an essential part of the global AI market. Additionally, the 
Chinese government has recognized the ripple effect of AI computing power in enhancing 
corporate ESG performance and actively promoted projects like the "East Data, West Computing" 
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initiative and the "Green Belt and Road" project. These projects reduce carbon emissions through 
intelligent solutions and improve corporate resource management transparency, promoting 
regional economic coordination and sustainable development (Zhang et al., 2024). In comparison, 
this centralized approach differs from the fragmented regulatory environments in the U.S. and 
EU, where diverse stakeholders and regional policies often delay ESG implementation (Burnaev 
et al., 2023). Therefore, by analyzing these distinctions, we recognize that China provides a 
compelling case and China’s AI computing power is closely related to corporate ESG 
performance. However, there has been no systematic research on this issue to date. This study 
will fill these gaps. 

The marginal contributions of this paper are as follows: First, most previous research has treated 
technology as a static and singular variable, but they overlook the complex and far-reaching 
effects that technological advancements evolve over time. Therefore, we decided to explore the 
long-term dynamic impact of the two. Through experiments, we revealed that AI computing power 
not only helps companies improve ESG performance but also generates ripple effects on a 
broader scale over time. Second, We chose the China Securities ESG 300 Index (ESG), which 
includes 300 representative companies, to provide a more comprehensive and accurate 
description of corporate ESG performance. Additionally, this paper selected the AI Computing 
Power Concept Index (AICP) from the Wind database to represent advancements in AI computing 
power. This not only enriches the theoretical foundation of AI computing power's impact on ESG 
performance but also offers new avenues for future research in related fields. Finally, this paper 
applies a novel sub-sampling technique to track the time-varying transmission mechanism 
between AICP and ESG. The relationship between AICP and ESG evolves over time, and 
traditional full-sample tests are prone to errors due to time-varying parameters. Therefore, this 
paper employs a modified LR causality test with RB bootstrap to address this issue, revealing the 
long-term relationship between AICP and ESG. The results show that while AI computing power 
promotes corporate ESG performance, the energy consumption and governance instability 
brought about by AI computing power centers cannot be ignored. Moreover, the pressing need 
for businesses to develop new business models and set environmental goals has further 
accelerated the progress of AI computing power. 

2. Literature review 
The impact of AICP on ESG performance has been widely discussed, but the academic 
community has not yet reached a consensus. Some scholars argue that AICP can help 
companies assess and improve ESG performance more accurately (Su et al., 2024). AI 
technology enables companies to intelligently manage carbon emissions and resource use, thus 
promoting the realization of low-carbon economy and social responsibility goals (Li et al., 2024). 
Additionally, AICP can significantly enhance the accuracy of ESG data analysis, predictive 
modeling, and decision-making processes, thereby helping companies assess and improve ESG 
performance (Su et al., 2024). However, another group of scholars points out that the rapid 
development of AICP is also accompanied by the risks of high energy consumption, social 
instability and data privacy exposure, which undoubtedly pose a challenge for companies to 
improve their ESG performance (Stahl & Wright, 2018; Burnaev et al., 2023). 

AICP positively influences corporate ESG performance across multiple dimensions. From an 
environmental perspective, AICP-driven intelligent models facilitate technological innovation and 
encourage investment in emissions reduction, thereby supporting corporate pollution control 
efforts (Su et al., 2024; Lee et al., 2024). Additionally, AICP leverages machine learning (ML) to 
optimize resource management within supply chains, enhancing resource efficiency and 
contributing to sustainability objectives (Pappaterra, 2022). They also emphasize AI-driven green 
finance initiatives, where AICP supports sustainability-linked investments and carbon trading 
mechanisms, further promoting environmentally responsible corporate practices.From a social 
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perspective: On one hand, AICP enhances employee training in AI applications, thereby 
improving their human capital (Su et al., 2024). On the other hand, AICP can use intelligent 
algorithms to detect inequalities in the labor market, helping companies develop fair 
compensation structures and diversity policies, which in turn improve ESG social performance 
(De Stefano; 2019). From a governance perspective, Hilb (2020) argues that AICP strengthens 
corporate oversight by enabling real-time data monitoring and predictive analytics, allowing 
boards and management to identify and mitigate potential risks. AI-driven regulatory compliance 
systems help companies navigate evolving ESG disclosure requirements by dynamically adapting 
to changes in policies and industry standards (Alfalih, 2023). As ESG reporting regulations 
become more stringent, AI-based compliance solutions are increasingly being integrated into 
corporate governance frameworks to ensure regulatory adherence and ethical risk management. 

However, there are differing views in the academic community regarding whether AICP can 
enhance ESG performance. Some studies highlight that AI-driven computing requires substantial 
investment in infrastructure and energy resources, leading to heightened carbon emissions from 
large-scale GPU and server operations (Dayarathna et al., 2015; Su et al., 2024). Additionally, 
while AI enhances data analysis capabilities, it also introduces ethical and security risks. 
Concerns over data privacy breaches and regulatory non-compliance pose reputational and legal 
challenges for firms deploying AI at scale (Stahl & Wright, 2018; Su et al., 2024). The affordability 
and accessibility of AI computing power also play a critical role in determining ESG outcomes. 
High implementation costs may limit the widespread adoption of AI-driven ESG solutions, 
particularly among small and medium-sized enterprises (SMEs). Without adequate financial 
support, such as government subsidies or cost-sharing initiatives, many businesses may struggle 
to integrate AI into their ESG frameworks effectively. Moreover, inconsistencies in AI and ESG 
regulatory frameworks across industries hinder the seamless integration of AI computing power, 
limiting its broader scalability in corporate sustainability efforts (Qin et al., 2024). 

Therefore, AICP plays a dual role in enhancing corporate ESG performance. By deeply identifying 
the time-dependent interactions between AICP and ESG, we reveal the sustained impact of AICP 
on ESG performance across different time dimensions, as well as the feedback mechanism of 
ESG indicators on AICP. AICP enhances corporate environmental management, resource 
optimization, and governance levels, while standardized ESG frameworks also drive the 
development of AI computing power. This synergistic effect supports sustainable development 
and strengthens the forward-looking nature of economic forecasts, enabling businesses and 
policymakers to more effectively address future environmental and social risks. 

3. Methodology 

3.1. Full sample technique 

Generally, the Granger causality test can yield unbiased and consistent estimators. However, 
since the assumption of asymptotic normal distribution is often challenging to satisfy, Shukur and 
Mantalos (2004) proposed the Residual Bootstrap (RB) method as an effective solution to this 
issue. Additionally, with smaller sample sizes, the Monte Carlo Simulation (MCS) method may 
introduce some errors in improving the Wald test. In view of this, we employ the RB-adjusted LR 
test to explore the causal relationship between AICP and ESG. The specific form is shown in the 
following formula: 

Xt = β0 + β1Xt−1 + ⋯ … + βpXt−p + εt, t = 1、2 … … T   (1) 

Subsequently, we determine the optimal lag order according to the SIC criterion and denote X as 
Xt = (AICPt + ESG2t)′ , Then we obtain equation (2) : 
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[
AICPt

ESG2t
] = [

β10

β20

] + [
β11 β12

β21 β22

] [
ALCPt

ESG2t
] + [

ε1t
ε2t

]   (2) 

εt = (ε1t , ε2t) is a white noise process; βij(L) = ∑ βij,kLk; i, j = 1,2
p
k=1 ； L is a lag operator. We 

establish the original hypothesis that there is no causal relationship between AICP and 
ESG:β12,K = 0,   k = 1,2, . . . . . . , p. On the contrary, β21,K = 0,   k = 1,2, . . . . . . , p. 

3.2. Stability test of parameters 

We typically assume in full-sample causality tests that the parameters used in vector auto-
regression models exhibit stable changes over time (Su et al., 2020). Considering that parameters 
in real-world scenarios may display non-stationary behavior, we refer to the studies by Andrews 
(1993) , applying the Sup-F test for structural change in the model and using the AVE-F and Exp-
F tests to examine whether the model varies over time. Additionally, based on Nyblom (1989), we 
utilize the LC test to determine if there is a random walk process between variables. Since time-
varying parameters may cause instability in the relationship between AICP and ESG, potentially 
introducing bias into the full-sample estimation results. We further employ a sub-sample technique 
to more accurately estimate the mutual relationship between them. 

3.3. Sub sample technique 

The rolling window test divides a time series into discrete intervals by setting a window width 
(Balcilar et al., 2010). However, determining an optimal window width is challenging, as both 
excessively large or small widths may lead to biased estimation results. Following the approach 
of Pesaran and Timmermann (2005), we assume a time series length of T and a window width w. 

Each segment spans from w、w + 1, … …, up to T, resulting in T − w + 1 time series segments. 

We then apply the RB-adjusted LR test within each sub-sample to examine their causality. Finally, 

we aggregate the LR statistics and p-values sequentially over time. Nb
−1 ∑ β̂21,k

∗p
k=1  and 

Nb
−1 ∑ β̂21,k

∗p
k=1 Nbrepresent the effects of AICP on ESG and ESG on AICP across all bootstrap 

estimations. β̂21,k
∗  and β̂21,k

∗  are the parameters from equation (2), and we set the confidence 

interval at 90%, with the upper and lower bounds at 5% and 95%. 

4. Data  
This paper utilizes monthly data from January 2016 to December 2023 to explore the interaction 
between the development of China's AI computing power and corporate ESG performance. The 
chosen period stems from 2016, known as the year AI began its commercial application in China 
(Roberts et al., 2021). During the "13th Five-Year Plan," China designated AI as a major project, 
providing policy support for its commercialization. By 2023, significant advancements in AI 
computing power were achieved. Breakthroughs in AI large language models, represented by 
ChatGPT, spurred a global surge in intelligent computing development (Rai, 2024; Su et al., 
2024).  Furthermore, as China shifts towards a high-quality, sustainable economic development 
model, the government increasingly requires corporations to prioritize environmental, social, and 
governance (ESG) issues (Meng et al., 2023). In June 2016, the government released the 
"Guiding Opinions on State-owned Enterprises Better Fulfilling Social Responsibilities," marking 
widespread attention to corporate social responsibility. By 2023, the International Sustainability 
Standards Board (ISSB) released its first set of global standards for sustainability disclosure, 
significantly enhancing the transparency, accountability, and efficiency of global sustainability 
information disclosure. In view of this, this paper chooses the A-share AI Computing Power 
Concept Index from the Wind database (code: 8841678.WI) to measure AI computing power 
development trends, and the CSI ESG300 Index (code: 399378.SZ) to represent corporate ESG 
performance in China. These indices were chosen for their comprehensiveness, reliability, and 
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alignment with the key dimensions of AI development and ESG practices. The A-share AI 
Computing Power Concept Index reflects trends in the commercialization and technological 
advancements of AI computing power in China, providing a robust measure of AI's growth across 
industries. Similarly, the CSI ESG300 Index offers a comprehensive evaluation of corporate ESG 
performance, as it includes 300 representative companies across various sectors, making it a 
reliable indicator for analyzing ESG trends in the Chinese context. Compared to alternative 
measures, these indices provide unique insights. Both indices are positive indicators, meaning 
higher values signify better development or performance, which facilitates a clear and consistent 
analysis of trends and interactions between AI and ESG. 

Figure 1. The trends of AICP and ESG 

 

Source: own graph in EViews 12. 

As shown in Figure 1, the trends in AICP and ESG development are not entirely aligned 
throughout the sample period. The full-sample analysis may not adequately capture their causal 
relationship. Therefore, we employ sub-sample testing to capture their connection more 
accurately. 

Table 1. Descriptive statistics for AICP and EST 

 AICP ESG 

Observations 96 96 

Mean 822.072 2406.815 

Median 790.946 2376.079 

Maximum 1351.809 3318.856 

Minimum 505.437 1564.164 

Standard Deviation 189.421 403.181 

Skewness 1.0171 0.3316 

Kurtosis  3.7189 2.7069 

Jarque-Bera  18.621*** 7.103** 

Probability 0.000 0.035 

Source: own calculations in EViews 12; Notes: ***is the significance at a 1% level. 
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Table 1 presents the descriptive statistics for AICP and ESG. The Jarque-Bera test results show 
that the assumption of normal distribution for both AICP and ESG series is strongly rejected at 
least the 5% level. This implies that results derived from Granger causality testing within the VAR 
model framework may lack accuracy. To address this issue, we employ the RB-based revised-
LR technique and use sub-sample analysis to explore the evolving transmission mechanism 
between AICP and ESG. 

5. Quantitative Analyses and Discussions 
After applying the first-order difference to AICP and ESG, we conducted ADF, PP, and DF-GLS 
tests to assess their stationarity. As shown in Table 2, the coefficients of AICP and ESG in each 
test are significant at the 1% level, indicating that both variables are stationary. Therefore, we 
constructed a bivariate VAR model to examine the Granger causality relationship between AICP 
and ESG across the full sample. 

Table 2. The results of unit root tests 

Variables  ADF  PP DF-GLS 

AICP -9.216 (0)*** -9.223 [1]*** -7.375(0)*** 

ESG -9.610 (0)*** -9.611 [3]*** -7.917(0)*** 

Source: own calculations in EViews 12. 

We determined the optimal lag order as 2 based on the SIC value, using Bootstrap with 1000 
repetitions. As shown in Table 3, the Granger causality test between AICP and ESG did not yield 
significant results, indicating that AICP does not impact ESG, nor does ESG impact AICP. This 
finding is inconsistent with existing studies 

Table 3. The outcomes of bootstrap full-sample method 

H0: AICP is not the Granger cause of ESG H0: ESG is not the Granger cause of AICP 

Statistic p-value Statistic p-value 

4.009 0.200 5.523 0.110 

Source: own calculations in EViews 12. 

Table 4. The outcomes of parameter stability techniques 

Tests 
AICP ESG VAR (s) process 

Statistics p-values Statistics p-values Statistics p-values 

Sup-F 39.108*** 0.000 27.092*** 0.001 19.032*** 0.000 

Ave-F 8.509*** 0.000 8.346* 0.07 9.725* 0.054 

Exp-F 15.344*** 0.000 10.016*** 0.001 7.127** 0.026 

Lc     1.499** 0.031 

Source: own calculations in R. 

Further, we found that many studies analyze time series data based on the assumption that no 
structural change occurs due to a single causal relationship. However, in full-sample tests, 
structural shifts in VAR estimates can lead to changes in the relationships among parameters 
over time (Balcilar et al., 2010). This suggests that the Granger causality relationship between 
AICP and ESG may be unstable. To address this issue, we applied the following four tests to 
examine the stability of the two parameters and determine whether random walks may occur 

(Nyblom, 1989；Andrews, 1993). The results are presented in Table 4. 
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The test results indicate that the Sup-F, Ave-F, Exp-F, and VAR tests are all significant at least at 
the 10% level, and the Lc test is significant at the 1% level. This strongly rejects the null 
hypothesis, indicating that the parameters do not follow a random walk. These tests also confirm 
that a time-varying relationship exists between AICP and ESG, which would not be captured 
through constant causality assessment methods, making a full-sample test inappropriate. 
Therefore, we employed a rolling-window sub-sample approach to capture the dynamic 
relationship between AICP and ESG. To ensure accuracy, we set the rolling window width to 24 
months, with an observation period from January 2016 to December 2023. The rolling test results 
are shown in Figures 2 through 5 below, illustrating whether the hypothesis that AICP is a Granger 
cause of ESG (or vice versa) can be rejected and indicating the specific direction of influence 
between the two variables. 

Figure 2 and figure 3 show the direction of the p-value and the direction of the impact of AICP on 
ESG, respectively. Hence, it can be concluded that from June 2021 to November 2021, June 
2022 to December 2022, and May 2023 to November 2023, the initial hypothesis—that AICP 
does not Granger-cause ESG—is rejected at the 10% significance level. Moreover, AICP exhibits 
a similar growth trend to ESG during June 2022 to December 2022 and May 2023 to November 
2023. In contrast, AICP has a negative effect on ESG from June to November 2021. This 
highlights the existence of periods where AICP significantly influences ESG performance, with 
variations in both the strength and direction of the impact, driven by underlying dynamic 
mechanisms. 
From June to November 2021, AICP exhibited an upward trend, while ESG experienced a decline. 
The negative impact of AICP on ESG during this period can be primarily attributed to the dual 
influence of policy direction and energy structure. During this time, the Chinese government 
formulated the "14th Five-Year Plan for the Development of the Information and Communications 
Industry," which emphasized the expansion of computing power in data centers. Driven by this 
policy, China's AICP experienced rapid growth. By the end of 2021, China's computing power had 
reached 140 EFlops (FP32), ranking second globally, with 36% of the capacity attributed to 
intelligent and supercomputing resources. However, as AICP increased, the construction of AI 
data centers also expanded, leading to a notable rise in traditional high-carbon energy 
consumption (Li et al., 2023). For instance, in response to the power shortages of 2021, 
manufacturing-intensive provinces such as Guangdong and Zhejiang resumed coal-fired power 
generation. This increased energy consumption, directly conflicting with carbon neutrality targets, 
which led to a decline in the ESG performance of corporations. Therefore, AICP's impact on ESG 
exhibited a negative relationship. 

From June to December 2022, AICP had a positive impact on ESG, with both  showing a rapid 
upward trend.This positive relationship was driven by technological advancements and regulatory 
measures that improved energy efficiency and reduced carbon emissions. Firstly, China 
continues to advance the "Eastern Data, Western Computing" project launched in 2022, 
optimizing the national computing power layout to reduce energy consumption and costs (Zhang 
et al., 2024). Companies leveraged advanced AICP for ESG management, including carbon 
emissions monitoring and supply chain optimization, which directly improved their environmental 
performance. What’s more, the "Three-Year Action Plan for New Data Center Development 
(2021-2023)" issued by the Ministry of Industry and Information Technology played an important 
role during this period. This policy required the green and intelligent construction of new data 
centers, reducing dependency on fossil fuels and minimizing environmental impacts (Li et al., 
2023). Therefore, major technology companies such as Baidu, Alibaba, and Tencent (BAT) 
increased their investments in green computing technologies. For example, they all adopted liquid 
cooling technology and edge computing architectures, significantly enhancing server cooling 
efficiency. The adoption of these green computing technologies effectively reduced energy 
consumption and carbon emissions from centralized computing. This enabled Chinese tech 
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corporations to pursue high computing power while achieving sustainable development, ultimately 
enhancing overall ESG performance. 

Figure 2. Examining the null hypothesis that AICP is not  
a Granger cause of ESG 

 

Source: own graph in EViews 12; Notes: The research counts p-values by using 1000 bootstrap 
repetitions. The solid line means the bootstrap p-values, and the dashed line means p-value=0.1.  

Figure 3. The coefficients of the influence from AICP to ESG 

 

Source: own graph in EViews 12; Notes: The shadow represents the interval where AICP has significant 
Granger causality to ESG.  

In contrast to the previous period, from May to November 2023, both AICP and ESG exhibited a 
significant downward trend, highlighting how a decline in AICP may limit the effectiveness of ESG 
strategies in key areas. According to a report by “China Energy Network” in July 2023, progress 
in the construction of some green intelligent data centers fell behind schedule, and the anticipated 
improvements in energy efficiency following retrofitting were not fully achieved (Yin et al., 2023). 
Consequently, the reduced availability of AICP hindered carbon emissions monitoring by lowering 
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the efficiency of AI-driven environmental data analytics, impairing companies’ ability to track and 
mitigate emissions in real-time. Additionally, the “China Computing Power Development Index 
White Paper (2023)”noted that the market for general-purpose servers and CPUs supporting AI 
technology contracted in 2023. This decline in AICP also affected supply chain optimization, as 
AI-driven logistics and resource allocation require substantial computing power to enhance 
sustainability performance. Furthermore, the slowdown in AI investment disrupted corporate 
sustainable practices, particularly AI-powered automation and intelligent decision-making, which 
contribute to ESG goal-setting, compliance tracking, and energy efficiency improvements (Yin et 
al., 2024). In summary, AI technology plays a crucial role in enhancing supply chain management 
and reducing environmental impacts, and thus, a decline in AICP investment disrupts ESG 
outcomes across multiple dimensions. 

Figure 4 and 5 present the P-values and the direction of ESG's impact on AICP. From October 
2018 to January 2019, from April to August 2019, and from February to November 2023, at a 10% 
significance level, the hypothesis that ESG does not Granger cause AICP is rejected. During the 
periods from October 2018 to January 2019 and from April to August 2019, ESG's impact on AICP 
was positive. However, from February to November 2023, ESG exhibited a declining trend, 
whereas AICP first increased and then declined. 

Figure 4. Examining the null hypothesis that ESG is not a Granger cause of 
AICP 

 

Source: own graph in EViews 12; Notes: The research counts p-values by using 1000 bootstrap 
repetitions. The solid line means the bootstrap p-values, and the dashed line means p-value=0.1. 

From October 2018 to January 2019, both ESG and AICP exhibited an upward trend, with ESG 
having a significant positive impact on AICP. During this period, the China Securities Regulatory 
Commission mandated enhanced ESG disclosure for listed companies and introduced the CSI 
180 ESG index as the first ESG development index, highlighting ESG's growing importance in 
China's capital markets (Wang & Li, 2023). To meet ESG standards and pursue high ESG ratings, 
companies became more inclined to utilize AICP to optimize resource allocation (Zhou & Liu, 
2023). Consequently, the improvement in ESG spurred companies to accelerate the development 
and application of AICP, aligning with their sustainability objectives (Annesi et al., 2024). 
Additionally, in 2018, the Chinese government issued the "Guiding Opinions on Promoting Green 
and Intelligent Technology Innovation"(Guo et al., 2020). Under this policy, several companies 
adopted AI and big data for energy management and built green computing centers, enhancing 
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public perception of the green economy's role in AICP development. These actions enhanced the 
influence of the green economy and ESG in AICP growth, leading to a positive impact of ESG on 
AICP. 

Figure 5. The coefficients of the influence from ESG to AICP 

 

Source: own graph in EViews 12; Notes: The shadow represents the interval where ESG has significant 
Granger causality to AICP 

From April to August 2019, both ESG and AICP demonstrated the same upward trend, which can 
be attributed to policy support and synergetic development within the AICP sector. Firstly, the 
development of green finance significantly supported AICP growth. For instance, the "China ESG 
Development White Paper" revealed that by 2019, 12% of public funds in China had established 
their own ESG evaluation systems, and 40% of surveyed institutions showed significant interest 
in ESG investments (Zhu, 2023). The heightened emphasis on ESG reduced the financing costs 
for green projects, thereby encouraging firms to increase investment in low-energy, high-
computing power equipment to meet ESG requirements. Moreover, rising ESG demand directly 
facilitated the application and advancement of AICP (Rane et al., 2024). In July 2019, Alibaba's 
cloud division collaborated with environmental initiatives, using AI to optimize energy 
management and scheduling, which improved data center energy efficiency (Yun et al., 2020). 
This not only aligned with ESG objectives but also propelled the advancement of AICP, laying the 
foundation for technological optimization and cost reduction. These actions and examples 
illustrate the positive synergy between ESG and AICP, leading to a concurrent rise in both during 
this period. Moreover, Between January and March 2020, the COVID-19 pandemic erupted 
globally, prompting Chinese companies to accelerate their digital transformation in response to 
economic downturn pressures (Abdusattorov, 2022). During this period, AI technology became a 
critical tool for businesses to tackle challenges, optimize operations, and mitigate risks (Agarwal 
et al., 2024). Many companies began leveraging AI to enhance production efficiency, implement 
targeted marketing, and improve supply chain management, directly driving the demand for AI 
computing power. Furthermore, during the pandemic, there was an increased demand from the 
government for health, safety, and environmental monitoring. The application of AI and big data 
in epidemic monitoring, prediction, and control rapidly expanded, further boosting the demand for 
computational power and fostering the development of AI technologies. 
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From February to November 2023, ESG exhibited an upward trend, while AICP initially increased 
and then declined, highlighting the dynamic relationship between corporate sustainability efforts 
and AI computing power investment. At the start of this period, the pursuit of ESG goals 
encouraged firms to increase investment in AI-driven solutions, such as carbon footprint tracking, 
energy efficiency optimization, and compliance monitoring, contributing to the initial rise in AICP. 
However, as these AI systems became integrated and operational, companies faced diminishing 
returns on additional AI investments, leading to a slowdown in AICP growth. Several economic 
and policy factors further contributed to this trend. First, the emergence of green credit risks 
created financial uncertainty, prompting companies to re-evaluate their ESG investment 
strategies. "Progress and Risk Prevention of Green Financing in China" indicated that concerns 
over green credit risk led banks to tighten funding support for ESG projects, impacting corporate 
ESG investment decisions (Zhang et al., 2024). Second, while major Chinese asset management 
firms initially increased funding for sustainable projects, they later diverted capital back to 
traditional fossil fuel sectors, reducing momentum in ESG-related financial flows (Meng et al., 
2023). At the same time, the surge in AICP during the first half of 2023 was driven by government-
backed initiatives, such as the "Overall Layout Plan for Digital China," which promoted digital 
transformation and intelligent infrastructure development (Guo & Zhang, 2024). However, in the 
second half of 2023, as firms reached a saturation point in AI-related ESG investments and 
operating costs remained high, AICP growth slowed. Additionally, global fintech risks prompted 
Chinese regulatory authorities to tighten IPO activities, which restricted tech sector financing and 
further reduced AICP expansion. 

6. Conclusions and  

Policy Recommendations 
This study investigated the complex relationship between China's AICP and corporate ESG 
performance. Initially, we conducted a full-sample Granger causality test to observe the 
relationship between the two. Then we used a parameter stability test and found that the 
relationship between AICP and ESG is unstable. To ensure the precision of our results, we 
applied a rolling-window subsample estimation for causality, which confirmed the existence of 
bidirectional causality. AICP has both positive and negative effects on ESG. Proponents argue 
that AICP can promote ESG development, while critics counter that intelligent computing centers 
are energy-intensive, which diminishes ESG's environmental benefits. Conversely, ESG also has 
both positive and negative effects on AICP.  

Based on the ripple effects observed in the influence of AICP on corporate ESG, this study 
proposes meaningful policy recommendations. First, the government should provide targeted 
subsidies and tax incentives to encourage companies to establish AICP for optimizing ESG 
performance, especially with policy support for carbon emission monitoring and energy 
optimization. These policies should also focus on sector-specific strategies, such as incentivizing 
AI-driven ESG applications in renewable energy for monitoring grid efficiency, in financial services 
for sustainable investment analysis, and in manufacturing for optimizing resource utilization and 
waste reduction. Second, functional departments should develop energy efficiency standards for 
green data centers and standards for AI applications in ESG to ensure the sustainability of AICP 
and minimize AI computing's environmental impact. Furthermore, the government should promote 
inter-company collaboration by encouraging the shared use of AICP centers and establishing 
open data-sharing mechanisms. This could support broader social governance goals by fostering 
transparency and enabling smaller firms to access advanced AI-driven ESG tools, thus leveling 
the playing field across industries.Finally, integrating green finance incentives with AICP 
innovation is critical for driving corporate transformation. Financial institutions should be 
encouraged to issue green bonds and provide financing options tailored to AICP projects, such 



 Yan CHEN, Jiayi LYU, Zixuan GAO & Yanfeng LI  

 Institute for Economic Forecasting 116 

as those focused on energy management, pollution monitoring, or sustainable supply chain 
optimization. By aligning financial innovation with AI-enabled ESG practices, businesses can not 
only enhance their environmental performance but also build competitive advantages, such as 
improved sustainability reporting, streamlined decision-making processes, and greater appeal to 
environmentally conscious investors. These measures can significantly enhance the widespread 
adoption of AI computing capabilities in corporate ESG management, amplifying its positive 
"ripple effects" across industries while creating value for global managers and stakeholders. 

7.  Limitations and Further Research 

While this study provides valuable insights into the relationship between AI computing power and 
corporate ESG performance, there are several limitations that should be addressed in future 
research. First, the analysis is primarily based on case data from China, which may limit the 
generalizability of the findings to other countries with different AI ecosystems and ESG regulatory 
environments. Future studies could benefit from incorporating cross-country comparative analysis 
to determine whether the observed trends are consistent across different regions. Second, the 
study does not account for potential mediating variables or external factors that may influence the 
relationship between AICP and ESG performance. For example, market conditions, technological 
developments, or the influence of corporate culture may play a role in shaping this interaction. 
Future research could expand the framework by including these factors to better understand the 
underlying mechanisms. Third, this study focused on the interaction between AICP and ESG 
performance in the context of large, publicly listed companies. It would be interesting to explore 
how smaller companies or different industry sectors engage with AI and ESG, as they may face 
distinct challenges and opportunities. Finally, although this study has contributed to the literature 
on AI and ESG, more research is needed to explore the long-term impacts of AI adoption on 
sustainability goals. This includes examining how AI can further optimize resource allocation, 
improve environmental governance, and enhance corporate social responsibility practices over 
extended periods. Future research could explore these themes through longitudinal studies and 
the integration of real-time data analytics 
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