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Abstract 

Resource-based cities face persistent challenges in reconciling economic growth with the 
transition to low-carbon development. This tension poses significant obstacles to sustain-
able regional development. Digital intelligence transformation (DIT) refers to the deep 
integration of digitalization and intelligent technologies. It offers a new pathway to en-
hance urban sustainability. Using panel data from 110 Chinese resource-based cities from 
2013 to 2022, this study examines the impact of DIT on carbon emission efficiency (CEE). 
A comprehensive DIT index is constructed, and the SBM-GML approach is applied to 
measure CEE. A two-way fixed-effects model is employed to estimate the impact of DIT 
on CEE. The results show that DIT significantly improves CEE. A one–standard-deviation 
increase in DIT is associated with a 0.033 rise in CEE, which equals 3.96% of the sample 
mean. Mechanism analysis indicates that this effect is closely linked to lower resource 
misallocation and stronger green technological innovation. Heterogeneity analysis further 
suggests that DIT has a stronger impact in cities with advanced green finance, better dig-
ital infrastructure, and those at mature or regenerative development stages. Overall, the 
findings provide robust empirical evidence that digital intelligence technologies can serve 
as an effective driver of sustainable development in resource-based cities. 
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1. Introduction 
Amid the growing frequency of extreme weather events, carbon emissions—the pri-

mary driver of climate change—have emerged as a global challenge with profound im-
plications for human well-being [1,2]. Although low-carbon development has gained 
broad international recognition, achieving Goal 13 (Climate Action) of the UN 2030 
Agenda requires more than policy commitments; it also requires substantial improve-
ments in production efficiency [3]. Carbon emission efficiency (CEE) measures economic 
output per unit of carbon emissions, taking input factors into account. It is widely used to 
assess the decoupling of economic growth from carbon emissions. Under growing re-
source and environmental constraints, improving CEE has become essential for countries 
seeking sustainable development. 
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As the world’s second-largest economy, China faces the dual challenge of maintain-
ing economic growth while meeting its “dual-carbon” targets—namely, peaking carbon 
emissions by 2030 and achieving carbon neutrality by 2060 [4]. China’s rapid growth has 
long depended on non-renewable resource consumption, leading to significant environ-
mental externalities [5]. This challenge is particularly pronounced in resource-based cities, 
which account for 43.6% of all Chinese cities and serve as major energy supply centers [6]. 
Due to their prolonged reliance on resource extraction and factor-intensive industries, 
these cities often face high-carbon lock-in, resource depletion, and low production effi-
ciency. Therefore, improving CEE in resource-based cities is not only an environmental 
necessity but also a critical condition for their long-term economic viability. 

Against this backdrop, digital intelligence transformation (DIT) has become an im-
portant force driving technological change. According to the China Digital Economy Devel-
opment Research Report (2024) published by the China Academy of Information and Com-
munications Technology (CAICT), China’s digital economy reached 53.9 trillion yuan in 
2023, accounting for 42.8% of GDP 
(https://www.caict.ac.cn/kxyj/qwfb/bps/202408/t20240827_491581.htm, accessed on 29 
January 2026). As digitalization becomes a dominant development paradigm, the Chinese 
government has launched a series of urban initiatives centered on DIT [7]. DIT represents 
an advanced stage of digital development characterized by the deep integration of digital 
technologies and intelligent systems [8,9]. By integrating data analytics and algorithmic 
decision-making into production and governance, DIT enhances adaptability and opera-
tional efficiency in complex urban systems [10]. Accordingly, it has been increasingly rec-
ognized as a potential pathway to promoting sustainable development in China [11–13]. 

While the role of DIT in promoting economic growth is widely recognized [14–16], 
its environmental effects are far from conclusive. Some studies suggest that DIT contrib-
utes to green development through mechanisms such as strengthening urban innovation 
capacity [17,18]. In contrast, other studies report that DIT may increase carbon emissions 
by requiring additional energy-intensive infrastructure [9,19]. These mixed findings are 
also evident in research on resource-based cities. Heterogeneity analyses indicate that DIT 
significantly promotes carbon reduction in resource-based cities, but not in non-resource-
based cities [20]. Other studies find that its impact on carbon reduction is significant in 
non-resource-based cities but insignificant in resource-based cities [13]. Despite these con-
tributions, the specific link between DIT and CEE in resource-based cities remains under-
examined. To address this gap, this study focuses on three key questions. First, can DIT 
effectively improve CEE in resource-based cities? Second, through which mechanisms 
does DIT influence CEE in these cities? Third, how does this effect vary under different 
conditions within resource-based cities? 

This study contributes to the literature in three ways. First, it focuses on resource-
based cities and examines how DIT affects CEE. Previous studies have examined DIT’s 
impact on carbon emissions, but its effects on environmental efficiency remain contested. 
Moreover, resource-based cities, where sustainability transitions are especially urgent, 
have received limited attention. To address this gap, we use panel data for 110 Chinese 
resource-based cities over the period 2013–2022 to examine the impact of DIT on CEE. 
This enriches the literature on environmental efficiency in resource-based cities and pro-
vides insights for sustainable development in China and other developing economies. Sec-
ond, the study investigates the mechanisms through which DIT improves CEE, identify-
ing two primary pathways: reducing resource misallocation and promoting green tech-
nological innovation. This examination establishes a theoretical foundation and offers 
practical guidance for designing targeted, DIT-enabled policies to enhance efficiency and 
incentives. Third, we conduct heterogeneity analyses based on green finance develop-
ment, digital infrastructure, and the type of resource-based city. The results show that 
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DIT’s positive effect on CEE is stronger in cities with well-developed green finance, ad-
vanced digital infrastructure, and those at mature or regenerative stages of development. 
These findings offer a nuanced understanding of DIT’s impact and provide empirical sup-
port for tailored local policies to promote sustainable development in resource-based cit-
ies. 

The remainder of this study is organized as follows. Section 2 reviews the relevant 
literature. Section 3 presents the theoretical framework. Section 4 introduces the research 
methodology. Section 5 reports the empirical results. Finally, Section 6 concludes with 
policy implications, limitations, and directions for future research. 

2. Literature Review 
2.1. Carbon Emission Efficiency (CEE) Estimation and Drivers 

CEE evaluates carbon performance from both economic efficiency and low-carbon 
development perspectives and can be measured using different methodological ap-
proaches [21]. It is typically assessed using two approaches: single-factor and total-factor 
methods. Single-factor CEE typically reflects the ratio of carbon emissions to economic 
output, using indicators such as carbon productivity or carbon emission intensity [1]. 
While straightforward and easy to apply, this approach overlooks the multiple input fac-
tors involved in production and fails to account for substitution effects among inputs [22]. 
In contrast, total-factor CEE considers efficiency from a comprehensive input-output per-
spective. It captures the ability to increase economic output while reducing carbon emis-
sions, accounting for three key inputs: capital, labor, and energy consumption [23]. Total-
factor CEE can be estimated using parametric or non-parametric methods. Parametric 
methods, such as Stochastic Frontier Analysis (SFA), require a predefined functional form 
[24,25]. Non-parametric methods, exemplified by Data Envelopment Analysis (DEA), do 
not require specifying a functional form, avoiding subjective parameter weighting [26]. 
Building on DEA, more advanced techniques such as the Directional Distance Function 
(DDF) and the Slacks-Based Measure (SBM) have been developed [8]. Among these meth-
ods, SBM is widely used in empirical CEE studies. This is because it can incorporate un-
desirable outputs and handle non-radial, non-oriented efficiency measurement. Accord-
ingly, this study employs the SBM model and integrates it with the globally benchmarked 
Malmquist–Luenberger index to construct the SBM-GML model. This approach effec-
tively captures the dynamic evolution of CEE in resource-based cities and provides a re-
liable dependent variable for subsequent empirical analysis. 

Numerous studies examine the socio-economic drivers of CEE. Empirical studies 
have focused primarily on regional and industrial scales. At the regional level, investiga-
tions have been conducted at national [27], provincial [1], municipal [28], and enterprise 
scales [29]. At the industry level, research has targeted sectors such as manufacturing [24], 
energy [30], services [31], and transportation [32]. These studies have identified a range of 
factors influencing CEE, including technological innovation [33], resource misallocation 
[34], agriculture [35], and the digital economy [36], among others. Together, this literature 
has advanced the understanding of CEE and established a solid theoretical foundation for 
this study to investigate how DIT affects CEE in resource-based cities. 

2.2. The Evolution of Digital Intelligence Transformation (DIT) 

The concept of “digital intelligence” was first proposed in a 2015 report by the Zhiben 
Foundation at Peking University. It was defined as the integration of digital intellectual-
ization and intelligent digitalization. Subsequent research has broadened its conceptual 
scope. Interpretations of DIT generally fall into two perspectives. The first views DIT as 
the integrated application of various information technologies [37]. For example, Xue and 
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Chen (2024) describe digital intelligence as a framework encompassing artificial intelli-
gence, big data, blockchain, the Internet, and cloud computing [38]. The second perspec-
tive regards DIT as the close integration of digitalization and intelligence [18,39–42]. Stud-
ies adopting this view emphasize that DIT represents a new stage in the evolution of the 
digital economy [8,19,20,43]. Given its widespread adoption in the literature, this study 
adopts the second perspective, which defines DIT as the integration of digitalization and 
intelligence. This perspective serves as the conceptual foundation of this study and pro-
vides a clear basis for constructing a measurable DIT index along two dimensions: digi-
talization and intelligence. 

Three main approaches are used to measure DIT. The first is the questionnaire survey 
method, which assesses DIT levels based on responses to targeted surveys [9,44]. The sec-
ond is the text extraction method, which applies Python 3.9 to extract DIT-related key-
words from corporate annual reports, using keyword frequency as a proxy for DIT [42,45]. 
The third is the comprehensive index method, which develops a DIT index based on dig-
italization and intelligence and computes scores using entropy weighting or principal 
component analysis [19,40,46]. Compared with the first two approaches, the comprehen-
sive index method offers a more systematic and thorough assessment, better capturing 
both the depth and breadth of a city’s DIT. 

2.3. The Nexus of DIT and CEE 

To date, five studies are closely related to the present research. Four of these report 
that DIT contributes to improving CEE. Guo and Xu (2025) find that DIT significantly re-
duces carbon emission intensity overall, although heterogeneity analyses show the effect 
is insignificant in resource-based cities [13]. Cao et al. (2024) demonstrate that DIT lowers 
carbon emissions through improvements in labor productivity and accelerated capital re-
newal [10]. Chen et al. (2025) show that increases in digital intelligence-related patents 
improve CEE by reducing energy consumption, optimizing the energy mix, and lowering 
energy intensity [8]. Li et al. (2024) report that digital intelligence promotes coordination 
between pollution control and carbon reduction, with heterogeneity analyses confirming 
this effect in resource-based cities [20]. In contrast, one study presents a divergent finding, 
indicating a U-shaped relationship between DIT and carbon emission intensity [19]. Over-
all, empirical research on the relationship between DIT and CEE remains limited and in-
conclusive. Accordingly, this study focuses on resource-based cities to provide a more 
rigorous assessment of the impact of DIT on CEE. 

2.4. Literature Gaps 

The studies reviewed above provide important insights into the relationship between 
DIT and CEE. Nevertheless, three major gaps remain. 

First, although some research has examined the heterogeneous effects of DIT on CEE 
between resource-based and non-resource-based cities, findings are still inconsistent. In 
particular, research explicitly focusing on resource-based cities remains scarce. More im-
portantly, most prior research measures the impact of digital intelligence using single-
factor CEE, whereas relatively few studies adopt a total-factor framework that captures 
efficiency changes more comprehensively. To address these limitations, this study focuses 
on resource-based cities, constructs an integrated DIT index, and applies the SBM-GML 
method to calculate total-factor CEE. This allows for a more rigorous assessment of the 
DIT–CEE relationship. 

Second, although several studies have explored selected channels through which DIT 
may affect CEE—such as capital renewal and energy intensity—systematic evidence on 
key structural mechanisms remains limited. In particular, the roles of resource misalloca-
tion and green technological innovation have received insufficient attention, despite their 
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theoretical importance in resource-dependent regions. To address this gap, this study ex-
amines these two pathways to clarify how DIT influences CEE in resource-based cities. 
The analysis provides insights with clear theoretical and policy relevance. 

Third, the heterogeneous impacts of DIT on CEE across different contextual condi-
tions are still underexplored. Limited attention has been paid to how digital infrastruc-
ture, green finance development, and different types of resource-based cities shape the 
effectiveness of DIT. To fill this gap, this study investigates these dimensions to reveal 
how DIT’s efficiency-enhancing effects vary across different scenarios. The empirical evi-
dence provides a scientific basis for differentiated policy design and targeted management 
strategies tailored to resource-based cities. 

3. Theoretical Analysis 
3.1. The Impact of DIT on CEE 

Economic growth in resource-based cities has historically depended on natural re-
source extraction, often resulting in resource-intensive development, high energy con-
sumption, and severe pollution. DIT, driven by data and enabled by intelligent technolo-
gies, provides new opportunities to improve efficiency in these cities. 

First, DIT elevates data to a core production factor. Industrial Internet platforms in-
tegrate end-to-end information on resource extraction, energy use, and carbon emissions, 
creating a real-time “resource-data-value” cycle [4,47]. By leveraging data assets to reduce 
energy inputs [48], DIT accelerates the structural adjustment of production factors [49] 
and mitigates the pollution externalities of resource exploitation. As a result, the carbon 
emission efficiency of resource-based cities is enhanced through both energy savings and 
reduced emissions. 

Second, focusing on intelligent technologies, DIT uses advanced data analytics and 
dynamic algorithms to monitor market changes in real time [50]. This enables accurate 
forecasting and optimization for energy firms and regulators [51–53]. Improved decision-
making accuracy allows resources to be allocated more efficiently, thereby reducing en-
ergy waste and carbon emissions [54–56]. At the same time, AI automates repetitive, low-
skill tasks on production floors. When combined with real-time monitoring and predictive 
diagnostics, AI enables proactive fault detection and resolution, reducing labor costs and 
downtime [57]. These improvements further enhance CEE in resource-based cities. 

Furthermore, DIT encourages public participation in environmental governance. 
Platforms such as “Carbon Achiever” (China’s Tan Daren) convert green behaviors into 
tradable digital assets, while apps like “Eco Snapshot” (China’s Huanbao Suishoupai) use 
AI recognition and geolocation technologies to shorten response times to pollution events 
[58]. Large-scale public oversight creates network effects, prompting governments and 
firms to respond more quickly to environmental issues. In this way, individual green ac-
tions aggregate into a city-wide emission reduction force, further improving CEE. 

Hypothesis 1. DIT can effectively enhance CEE in resource-based cities. 

3.2. The Associational Mechanism of Resource Misallocation 

Resource misallocation in resource-based cities occurs when capital, labor, and other 
inputs remain locked in traditional, high-pollution, and low-efficiency sectors, thereby 
crowding out resources for emerging eco-friendly industries [59]. Such misallocation lim-
its eco-oriented industrial upgrading and increases the economic cost of low-carbon tran-
sitions. Consequently, resource misallocation is generally negatively associated with CEE 
in these cities [60]. 

First, DIT enables intelligent decision-making in resource allocation. Through digital 
monitoring and advanced analysis of production and consumption, governments and 
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firms can design more precise resource-planning and management strategies. This opti-
mizes the allocation of production factors and enhances CEE [61]. Second, DIT improves 
the alignment of supply and demand, reducing resource waste during production. Over-
production is mitigated through big data- and AI-driven demand forecasting. At the same 
time, losses of raw materials, energy, and inventory are minimized through IoT- and AI-
enabled smart scheduling and flexible production [62,63]. These measures enhance re-
source-use efficiency, alleviate misallocation, and further improve CEE. Third, DIT re-
duces information barriers, enabling broader and more efficient resource allocation. Dig-
ital intelligence technologies reduce transaction costs and information asymmetry [64,65]. 
This creates transparent channels that direct capital, talent, and other resources toward 
low-carbon and high-efficiency projects. This accelerates the phase-out of outdated capac-
ity. Moreover, digital platforms transcend geographical boundaries, facilitate the rede-
ployment of idle resources, and improve the utilization of existing assets [59]. These ef-
fects further enhance CEE. 

Hypothesis 2. DIT is associated with higher CEE in resource-based cities through reduced re-
source misallocation. 

3.3. The Associational Mechanism of Green Technological Innovation 

Green technological innovation is a key driver for reducing carbon emissions and 
improving efficiency [66,67]. By promoting the green upgrading of industries and enhanc-
ing energy efficiency, it supports sustained improvements in CEE in resource-based cities 
[68]. 

First, DIT strengthens green innovation through virtualized R&D. Virtual experi-
ments substitute for physical testing and reshape traditional R&D models. They also ena-
ble intelligent screening and support data-driven innovation. This reduces trial-and-error 
costs and development time [69], accelerates green technological breakthroughs [70,71], 
and consequently enhances CEE in resource-based cities. Second, DIT integrates green 
innovation systems across multiple levels. At the inter-firm level, supply chain collabora-
tion platforms break down data silos between upstream and downstream firms, facilitat-
ing joint green R&D [72,73]. At the government–firm level, digital government platforms 
dynamically aggregate corporate demands and policy resources, while AI algorithms 
match subsidies to recipients in real time [74]. These processes improve the effectiveness 
of green technological innovation, further boosting CEE. Third, DIT fosters an open inno-
vation ecosystem by integrating cross-boundary knowledge. Digital platforms connect 
firms, universities, and research institutes into an integrated “industry-academia-re-
search-application” network [75]. Tacit knowledge is codified and widely disseminated, 
creating a co-creating and co-sharing innovation community [76]. Rapid circulation of 
green innovation knowledge facilitates technology diffusion, enhances green innovation, 
and improves CEE in resource-based cities. 

Hypothesis 3. DIT is positively associated with CEE in resource-based cities through enhanced 
green technological innovation. 

To synthesize the theoretical mechanisms discussed above into an integrated concep-
tual framework, we propose a mechanism framework depicted in Figure 1. This frame-
work posits that DIT enhances CEE in resource-based cities primarily through two paral-
lel mediating channels. Path 1 (The Upper Route in Figure 1): DIT facilitates intelligent 
decision-making, improves supply-demand matching, and reduces information barriers. 
These functionalities collectively contribute to reducing resource misallocation, thereby 
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leading to improved CEE. This path corresponds to the theoretical foundation of Hypoth-
esis 2. Path 2 (The Lower Route in Figure 1): DIT enables virtualized R&D, integrates 
multi-level innovation systems, and fosters open innovation ecosystems. These capabili-
ties work in concert to improve green technological innovation, which in turn promotes 
CEE. This path formalizes the logic underlying Hypothesis 3. The framework integrates 
these two complementary pathways and illustrates how DIT advances CEE in resource-
based cities. 

 

Figure 1. Mechanism framework. (Arrows indicate the direction of influence. The pink boxes repre-
sent core variables, the blue boxes denote mediating mechanisms, and the green boxes indicate spe-
cific functional channels. The dashed boxes illustrate grouped mechanisms.). 

4. Methodology 
4.1. Model 

4.1.1. Baseline Regression Model 

We employ a two-way fixed-effects model to examine the effect of DIT on CEE in 
resource-based cities. Urban-level controls are used to capture city-specific characteristics. 
In addition, city and year fixed effects are incorporated to control for unobserved hetero-
geneity and time-varying shocks. Following Zeng and Zhang (2024), the baseline model 
is given by [77] 

Ceeit= β0+β1Ditit+θXit+µi+φt+εit (1)

where Ceeit represents the carbon emission efficiency of resource-based city i in year t; 
Ditit stands for the degree of digital intelligence transformation; and Xit is a group of 
control variables. µi and φt represent city and year fixed effects, correspondingly. εit is 
the stochastic error term, and β0 is the constant term. β1 and θ are the regression coef-
ficients to be estimated. The coefficient of primary interest is β1; a significantly positive 
estimate of β1 would indicate that DIT enhances CEE in resource-based cities. 
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4.1.2. Associational Mechanism Model 

Our prior theoretical discussion implies that DIT can boost CEE in resource-based 
cities by alleviating resource misallocation and fostering green technological innovation. 
Following He et al. (2020), we employ the below model to examine the underlying mech-
anisms [78]: 

Mit = β0+β1Ditit+θXit+µi+φt+εit (2)

where Mit  denotes the mechanism variables, namely resource misallocation (Rm) and 
green technological innovation (Gti). All remaining variables are defined consistently with 
Equation (1). 

4.2. Variables 

4.2.1. Dependent Variable 

Carbon emission efficiency (Cee). Following Ding et al. (2025), the CEE of resource-
based cities is quantified by combining the SBM model with the global Malmquist–Luen-
berger (GML) productivity index [1]. The non-radial, non-oriented SBM model accounts 
for undesirable outputs and evaluates the relative efficiency of decision-making units 
(DMUs) along the production frontier [79,80]. Compared with traditional radial DEA 
models, SBM performs better, especially under variable returns to scale (VRS) conditions 
[81]. The GML index is constructed using global benchmark technology [82]. This im-
proves the comparability of technical efficiency across DMUs relative to the conventional 
Malmquist–Luenberger index. As the GML index captures productivity changes between 
consecutive periods, CEE is computed as the cumulative product of sequential GML indi-
ces. Detailed derivations and calculation procedures are reported in Appendix A. 

To ensure intertemporal comparability of efficiency levels, the empirical panel covers 
the period 2013–2022, while the CEE series is anchored to 2011 as the base year. The year 
2011 marks the beginning of China’s 12th Five-Year Plan, during which carbon intensity 
reduction was formally incorporated as a mandatory national target, making it a theoret-
ically and institutionally relevant benchmark for evaluating subsequent efficiency im-
provements. Using 2011 as a unified base year helps avoid distortions associated with 
normalizing efficiency at the sample start year and prevents efficiency changes from being 
mechanically driven by this choice. Consequently, the CEE value observed in 2013 reflects 
the cumulative productivity change from 2011 to 2013. This initialization strategy implies 
that cities entering the 2013 panel already embody efficiency trajectories accumulated over 
the pre-sample period (2011–2013). This is econometrically advantageous because it al-
lows the analysis to account for heterogeneous initial efficiency levels rather than impos-
ing a homogeneous starting point in 2013. 

The SBM model uses three categories of variables: inputs, desirable outputs, and un-
desirable outputs [80]. Inputs include labor, capital, and energy. The outputs consist of 
GDP (desirable output) and carbon emissions (undesirable output) [30]. Labor is repre-
sented by the year-end number of employees. Capital is measured using the capital stock 
calculated via the perpetual inventory method, with 2011 as the base year [83]. Energy 
input is measured using electricity consumption, which is widely adopted in city-level 
studies due to its high data availability, consistent statistical definition across cities, and 
strong correlation with total final energy use, particularly in China’s industrial-oriented 
resource-based cities. In these cities, electricity-intensive sectors—such as mining, metal-
lurgy, and heavy manufacturing—account for a substantial share of overall energy de-
mand, making electricity consumption a reasonable proxy for aggregate energy input. The 
desirable output is real GDP, while the undesirable output is carbon emissions. Carbon 
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emissions data are obtained from the Emissions Database for Global Atmospheric Re-
search (EDGAR), which provides spatially disaggregated and methodologically con-
sistent estimates of emissions from energy combustion, industrial processes, and other 
anthropogenic sources [84]. Although energy input and carbon emissions are sourced 
from different datasets, they are conceptually consistent within the production frame-
work: electricity consumption reflects the scale of energy services used in production, 
while EDGAR emissions capture the resulting carbon externalities. Using EDGAR data 
also helps mitigate underreporting and cross-city incomparability commonly associated 
with locally reported emission statistics. 

We acknowledge that electricity consumption does not fully capture non-electric fos-
sil energy use, which may introduce measurement error in the energy input variable. 
However, such measurement error is likely to be systematic rather than city-specific and 
therefore unlikely to bias relative efficiency comparisons across cities. If anything, the 
omission of non-electric energy inputs may lead to a conservative estimate of inefficiency, 
implying that the estimated positive effect of digital intelligence transformation on CEE 
is more likely to be understated than overstated. 

4.2.2. Independent Variable 

Digital intelligence transformation (Dit). DIT represents the deep integration of digi-
talization and intelligence. Digitalization provides the data foundation by converting 
physical and economic activities into standardized data that can be stored, processed, and 
transmitted at low cost. Intelligence further realizes the value of these data through ad-
vanced technologies such as perception, learning, reasoning, and decision-making, 
thereby enabling automated, adaptive, and continuously optimized production and gov-
ernance processes. Together, digitalization and intelligence form a real-time closed-loop 
system that characterizes digital intelligence transformation. Following Jia et al. (2025) 
and Chen et al. (2025), a composite DIT index is constructed along two core dimensions: 
digitalization and intelligence [40,46]. 

Specifically, the digitalization dimension captures the extent to which data are gen-
erated, applied, and diffused within cities along four aspects. First, digital popularization, 
measured by internet users and mobile-phone users per 100 people, reflects the availabil-
ity of basic digital infrastructure and residents’ readiness for digital engagement. Second, 
digital application, proxied by the Peking University Digital Inclusive Finance Index, tel-
ecom revenue per capita, and e-commerce transaction volume, reflects the depth of digital 
technology adoption in economic and financial activities. Third, digital innovation, meas-
ured by the number of digital technology patent applications, captures cities’ capacity to 
develop new digital solutions and technologies. Fourth, digital talent, proxied by the 
share of employees in computer services and software industries, reflects the human cap-
ital foundation necessary for developing, operating, and upgrading digital systems. 

The intelligence dimension reflects cities’ capacity to transform data into intelligent 
decision-making and technological upgrading and is assessed from two complementary 
aspects. First, intelligent foundation, measured by the number of AI enterprises and robot 
installation density, captures the physical and organizational infrastructure supporting 
artificial intelligence. Specifically, AI enterprises indicate the scale and maturity of the lo-
cal intelligent technology ecosystem, while robot density directly reflects the deployment 
of automated and intelligent systems in production processes. Second, intelligent innova-
tion, measured by the number of AI patent applications, captures cities’ capabilities in 
advanced algorithms, such as machine learning and autonomous decision-making, 
thereby distinguishing genuine intelligent transformation from basic digitization. 

Detailed indicators are provided in Table 1 and Appendix B. To reduce subjective 
bias in weighting and accurately capture the relative contribution of each indicator, the 
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entropy weight method is applied to measure the DIT level of China’s resource-based 
cities [85]. The specific calculation steps are outlined in Appendix C. 

Given the relatively higher weights assigned to certain indicators—such as the num-
ber of AI enterprises and e-commerce transaction volume—we further examine whether 
the composite DIT index is dominated by a small subset of high-weight indicators, which 
could mechanically drive the baseline results and undermine the interpretability of the 
composite measure. Specifically, we calculate the correlations between each individual 
indicator and the overall DIT index to assess their respective contributions. As reported 
in Appendix Table A1, all indicators exhibit positive and statistically significant correla-
tions with the overall index, with correlation coefficients ranging from 0.419 to 0.765. Im-
portantly, no single indicator exhibits an excessively dominant correlation. These findings 
confirm that the constructed DIT index captures a broad-based process of digital intelli-
gence transformation rather than reflecting the influence of any specific indicator. 

Table 1. Measurement index system of DIT. 

First-Level Indicator Second-Level Indicator Third-Level Indicator Indicator Type Weights 

Digitalization 

Digital popularization 
Internet users per 100 people + 0.026 

Mobile-phone users per 100 people + 0.026 

Digital application 
Peking University Digital Inclusive Finance Index + 0.031 

Telecom revenue per capita + 0.028 
E-commerce transaction volume + 0.197 

Digital innovation Number of digital technology patent applications + 0.180 
Digital talent Share of computer services and software employees + 0.028 

Intelligence 
Intelligent foundation 

Number of AI enterprises + 0.277 
Robot installation density + 0.066 

Intelligent innovation Number of AI patent applications + 0.140 
Note: “+” indicates a positive indicator (i.e., a higher value contributes positively to DIT). 

4.2.3. Associational Mechanism Variables 

Building on the framework of Hsieh and Klenow (2009), resource misallocation (Rm) 
is constructed based on distortions in capital and labor allocation [86]. In this framework, 
a higher Rm value indicates greater deviation of factor allocation from the efficient bench-
mark, implying that capital and labor are not allocated to their most productive uses. In 
the context of resource-based cities, elevated Rm values typically reflect structural rigidi-
ties, factor market frictions, and path dependence associated with resource extraction in-
dustries. These factors hinder the reallocation of resources toward more productive and 
cleaner sectors. Conversely, lower Rm values suggest more efficient factor allocation and 
smoother resource reallocation across firms and industries. The detailed calculation steps 
are provided in Appendix D. 

Following Luo et al. (2024), green technological innovation (Gti) is measured by the 
number of green patent applications [87]. Green patents are identified based on the Inter-
national Patent Classification (IPC) Green List released by the World Intellectual Property 
Organization (WIPO) in 2010 [73]. Patent applications include both invention and utility-
model categories. To reduce skewness in the data, the natural logarithm of one plus the 
total number of green patents is used. 

4.2.4. Control Variables 

To address omitted-variable bias, five controls commonly linked to CEE are included 
[88]. Government intervention (Gov) is measured as the ratio of total fiscal spending to 
regional GDP. Population size (Pop) is represented by the year-end registered resident 
count. R&D input (Rd) is captured by government spending on science and technology. 
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Industrialization level (Ind) is defined as the share of industrial value added in GDP. Ur-
banization level (Urb) is calculated as the share of urban residents in the total population. 

4.3. Data 

The National Plan for Sustainable Development of Resource-Based Cities (2013–2020), is-
sued by the State Council of China, identifies 126 resource-based cities, autonomous pre-
fectures, and regions. Due to data limitations, 16 jurisdictions with insufficient observa-
tions were excluded, including Yangquan, Laiwu, Guang’an, Bijie, Pu’er, Karamay, Dax-
ing’anling Prefecture, Altay Prefecture, Yanbian Korean Autonomous Prefecture, Aba Ti-
betan and Qiang Autonomous Prefecture, Liangshan Yi Autonomous Prefecture, Qiannan 
Buyei and Miao Autonomous Prefecture, Qianxinan Buyei and Miao Autonomous Prefec-
ture, Chuxiong Yi Autonomous Prefecture, Haixi Mongol and Tibetan Autonomous Pre-
fecture, and Bayingolin Mongol Autonomous Prefecture. The final sample is a panel of 
110 resource-based cities in China from 2013 to 2022. Data were mainly obtained from the 
China Energy Statistical Yearbook, China City Statistical Yearbook, and China Statistical Year-
book. Table 2 reports the descriptive statistics. 

With respect to data completeness, missing values are extremely limited. Specifically, 
only the urbanization level (Urb) contains missing observations, involving seven city–year 
cells: Liaoyuan (2022); Sanmenxia (2017); Luoyang (2017); Hebi (2017); Huainan (2022); 
Fuxin (2022); and Qitaihe (2022). These missing observations account for a negligible share 
of the total sample and are not concentrated in any particular period or region. As Urb is 
a control variable rather than a core explanatory variable, the impact of missing observa-
tions on the main estimation results is expected to be minimal. 

Table 2. Descriptive statistics. 

Variables Obs Mean Std.Dev Min Max 
Cee 1100 0.830 0.213 0.133 1.891 
Dit 1100 0.140 0.084 0.009 0.767 
Rm 1100 0.283 0.143 0.003 0.9998 
Gti 1100 4.633 1.227 0.000 7.883 
Gov 1100 0.230 0.107 0.044 0.741 
Pop 1100 3.660 2.470 0.440 12.390 
Rd 1100 3.705 4.691 0.075 36.213 
Urb 1100 0.557 0.131 0.181 0.960 
Ind 1100 0.377 0.130 0.081 0.845 

5. Results 
5.1. Baseline Regression Results 

The empirical analysis begins with pooled OLS and then sequentially adds year fixed 
effects, city fixed effects, and control variables to examine the relationship between DIT 
and CEE. Table 3 reports the baseline results. The coefficient on DIT is positive and statis-
tically significant across all specifications, indicating that DIT improves CEE. In particular, 
column (4), which includes fixed effects and control variables, reports a coefficient of 
0.391. This indicates that a one-unit increase in DIT is associated with a 0.391-unit increase 
in CEE. In standardized terms, a one-standard-deviation increase in DIT raises CEE by 
approximately 0.033, equivalent to 3.96% of the sample mean. The magnitude suggests 
that improvements in digital intelligence transformation are economically meaningful, 
thereby supporting Hypothesis 1. 
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Table 3. Baseline results. 

Variables (1) Cee (2) Cee (3) Cee (4) Cee 

Dit 
0.325 *** 0.615 *** 0.465 *** 0.391 ** 
(0.088) (0.086) (0.167) (0.167) 

Gov 
   −0.005 
   (0.114) 

Pop 
   0.081 *** 
   (0.030) 

Rd 
   0.001 
   (0.001) 

Urb 
   −0.055 
   (0.132) 

Ind 
   0.196 *** 
   (0.072) 

Constant 
0.784 *** 0.744 *** 0.765 *** 0.433 *** 
(0.014) (0.014) (0.023) (0.150) 

City FE No No Yes Yes 
Year FE No Yes Yes Yes 

Observations 1100 1100 1100 1100 
R2 0.016 0.126 0.718 0.722 

Note: Standard errors in (); *** and ** indicate significance at the 1% and 5% levels, respectively. 

5.2. Robustness Tests 

5.2.1. Instrument Variable Approach 

To address potential endogeneity caused by omitted variables, the relationship be-
tween DIT and CEE is re-examined using an instrumental variable (IV) approach. Follow-
ing Huang et al. (2025), the IV is constructed by multiplying the city’s topographic undu-
lation by the one-period lag of the logarithm of nationwide internet users [89]. This instru-
ment meets the two key requirements for validity: relevance and exogeneity. Regarding 
relevance, topographic relief plays an important role in shaping the cost and feasibility of 
deploying DIT-related infrastructure. Cities with rugged terrain face higher construction 
costs and greater engineering complexity when building digital infrastructure—such as 
fiber-optic networks, 5G base stations, and data centers—due to natural constraints like 
mountains and unstable geological conditions. When combined with the nationwide ex-
pansion of internet usage, these geographic constraints become increasingly binding, lim-
iting the extent to which cities can translate national digital trends into local DIT develop-
ment. Regarding exogeneity, topographic relief is a predetermined and largely random 
geographic characteristic that is orthogonal to contemporaneous economic activities and 
environmental outcomes. Interacting this time-invariant geographic feature with lagged 
nationwide internet users further introduces exogenous temporal variation while mitigat-
ing concerns about reverse causality at the city level. 

The two-stage least squares (2SLS) estimation results are presented in Table 4. The 
first-stage regression yields a negative and statistically significant coefficient on the IV, 
confirming its relevance. This negative sign is economically intuitive: cities with more 
complex terrain experience greater physical and economic barriers to digital infrastruc-
ture deployment, and these disadvantages are amplified during periods of rapid nation-
wide internet expansion, resulting in a slower pace of DIT adoption relative to flatter re-
gions. Thus, the instrument effectively captures the suppressing effect of geographic bar-
riers on DIT development in the context of a national digital wave. In the second stage, 
DIT exhibits a statistically significant positive effect on CEE in resource-based cities. The 
Kleibergen–Paap rk LM statistic rejects the null hypothesis of underidentification at the 
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1% significance level. The Kleibergen–Paap rk Wald F statistic equals 21.248, which ex-
ceeds the Stock–Yogo weak identification test’s critical value of 16.38 at the 10% maximal 
IV relative bias level [90]. These results suggest that the instrument is not weak. Overall, 
the IV estimates provide robust support for Hypothesis 1. 

Table 4. Instrumental variable (IV) estimation results. 

Variables 
2SLS First 2SLS Second 

(1) Dit (2) Cee 

IV 
−0.060 ***  

−0.007  

Dit 
 2.658 *** 
 −0.893 

Controls Yes Yes 
City FE Yes Yes 
Year FE Yes Yes 

Kleibergen–Paap rk LM  15.753 *** 
Kleibergen–Paap rk Wald F  21.248 

Observations 1100 1100 
R2 0.892 −0.300 

Note: Standard errors in (); *** indicates significance at the 1% level. 

A potential concern is that topographic conditions may influence CEE through chan-
nels other than DIT, such as transportation costs, industrial structure, or urbanization pat-
terns. Several features of the empirical design substantially mitigate this concern. First, 
city fixed effects absorb all time-invariant geographic characteristics, including any direct 
effects of terrain on long-run economic structure or production efficiency. Second, year 
fixed effects control for common shocks related to energy prices, technological progress, 
and macroeconomic fluctuations that may jointly affect CEE across cities. Third, key time-
varying confounders—such as urbanization level and economic development—are ex-
plicitly controlled for in the baseline specification, thereby limiting alternative transmis-
sion channels. Importantly, identification does not rely on topographic conditions per se, 
but on the interaction between topographic undulation and lagged national internet users. 
Although terrain may influence long-term urban and industrial development, identifica-
tion relies on cities’ differential ability to translate nationwide internet expansion into local 
DIT, conditional on geographic constraints. 

5.2.2. Alternative Measures of Core Variables 

To address potential measurement errors, alternative measures are adopted for the 
key variables [91]. First, CEE (Cee_g) is recalculated by including carbon, SO2, industrial 
wastewater, and dust emissions as undesirable outputs. The regression models are then 
re-estimated. As shown in column (1) of Table 5, the coefficient of DIT remains signifi-
cantly positive. Second, DIT (Dit_p) is recalculated using Principal Component Analysis 
(PCA). Column (2) of Table 5 reports that DIT remains positively and significantly associ-
ated with CEE. Finally, both CEE and DIT are replaced simultaneously. The results in 
column (3) of Table 5 confirm that DIT consistently enhances CEE in resource-based cities. 
Overall, these robustness checks provide strong empirical support for Hypothesis 1. 

To test whether the DIT index is driven by high-weight indicators—specifically AI 
enterprises and e-commerce transaction volume—we construct two leave-one-out indices 
by separately excluding each of these two indicators and reapplying the entropy-weight 
method. As reported in columns (4) and (5) of Table 5, the estimated effects of DIT remain 
positive and statistically significant. Taken together with the PCA-based alternative 
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weighting scheme reported above, these results indicate that the baseline estimates are 
not driven by any single high-weight indicator and are robust to alternative weighting 
schemes and index constructions. 

Table 5. Other robustness tests results. 

Variables (1) Cee_g (2) Cee (3) Cee_g (4) Cee (5) Cee (6) Cee (7) Cee (8) Cee (9) Cee 

Dit 
0.501 *     0.259 * 0.519 *** 0.414 * 0.411 ** 
(0.257)     (0.139) (0.156) (0.226) (0.166) 

Dit_p 
 0.047 ** 0.062 **       
 (0.020) (0.030)       

Dit_noAI 
   0.521 ***      
   (0.158)      

Dit_noEcom 
    0.333 **     
    (0.166)     

Controls Yes Yes Yes Yes Yes Yes Yes Yes Yes 
City FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Observations 1100 1100 1100 1100 1100 1100 900 770 1093 
R2 0.687 0.722 0.687 0.723 0.721 0.726 0.743 0.777 0.721 

Note: Standard errors in (); ***, **, and * indicate significance at the 1%, 5%, and 10% levels, respec-
tively. 

5.2.3. Winsorization 

To mitigate the influence of outliers, all continuous variables are winsorized at the 
0.5% level on both tails [92]. Column (6) of Table 5 reveals that the coefficient on DIT re-
mains positive and statistically significant, confirming the robustness of the baseline re-
sults. 

5.2.4. One-Period Lag of DIT 

To address potential reverse causality, the model is re-estimated using a one-period 
lag of DIT [93]. As shown in column (7) of Table 5, the coefficient of DIT remains positive 
and statistically significant, consistent with the baseline results. 

5.2.5. Controlling for COVID-19 Effects 

The COVID-19 pandemic disrupted social and economic activities on a large scale, 
potentially affecting the estimation results [85]. To address this, data from 2020 to 2022 are 
excluded, and the model is re-estimated. The results in column (8) of Table 5 show that 
the DIT coefficient remains significantly positive, further supporting the reliability of the 
benchmark findings. 

5.2.6. Excluding Observations with Missing Values 

As a robustness check, we re-estimate the baseline model after excluding all observa-
tions with missing values, without applying any interpolation or imputation procedures. 
As documented in Section 4.3, only seven city–year observations are affected by missing 
data. The estimation results, reported in column (9) of Table 5, show that the coefficient of 
DIT remains positive and statistically significant, with a magnitude comparable to the 
baseline estimates. This indicates that the main findings are not sensitive to the treatment 
of the limited missing data. 

5.2.7. Accounting for Potential Spatial Dependence 

Given potential spatial dependence across cities—arising from technology diffusion, 
supply chains, and policy spillovers—we estimate a spatial panel model as a robustness 
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check. Specifically, we employ a Spatial Durbin Model (SDM) with an inverse geographic 
distance matrix. The estimation results are reported in Appendix Table A2. The coefficient 
on DIT remains positive and statistically significant after accounting for spatial depend-
ence, and the long-run direct effect of DIT is also significantly positive, consistent with the 
baseline results. In contrast, the estimated spatial spillover effects are statistically insignif-
icant. These findings indicate that the main conclusions are not driven by unaccounted 
spatial dependence and that the impact of digital intelligence transformation on carbon 
emission efficiency operates primarily through local channels. 

5.3. Associational Mechanism Analysis 

5.3.1. Effect of Reducing Resource Misallocation 

Resource misallocation refers to the suboptimal distribution of production factors, 
including capital and labor, across sectors [94]. China’s resource-based cities have long 
relied on resource extraction, with factors flowing toward high-return but energy-inten-
sive sectors rather than emerging technology industries. This leads to widespread ineffi-
ciencies in resource allocation [95]. Resource misallocation represents a key bottleneck 
limiting improvements in CEE. This associational mechanism reflects a key constraint in 
the low-carbon transition of resource-based cities. 

As shown in Table 6, the coefficient on DIT is negative and statistically significant, 
implying that higher levels of DIT are associated with lower resource misallocation. DIT 
achieves this by enabling intelligent decision-making, improving supply–demand align-
ment, and lowering information barriers. Reducing resource misallocation shifts produc-
tion resources from low-efficiency, high-energy-use sectors to eco-friendly, high-effi-
ciency industries. This shift lowers energy consumption and, in turn, enhances CEE. These 
findings provide empirical evidence consistent with Hypothesis 2, indicating that reduc-
tions in resource misallocation constitute an important associational channel linking DIT 
and CEE in resource-based cities. 

Importantly, this channel reflects a structural efficiency effect of DIT. By correcting 
existing distortions rather than relying on technological breakthroughs, the reduction in 
resource misallocation can generate relatively rapid and broad-based improvements in 
CEE. From a policy perspective, this finding underscores the importance of using DIT as 
a governance tool to improve market coordination—such as through digital platforms for 
factor markets, smart regulation, and data-sharing mechanisms—especially in cities 
where legacy industrial structures remain dominant. 

Table 6. Mechanism results: resource misallocation. 

Variables (1) Rm (2) Rm 

Dit 
−0.293 *** −0.264 *** 

(0.081) (0.081) 
Controls No Yes 
City FE Yes Yes 
Year FE Yes Yes 

Observations 1100 1100 
R2 0.520 0.522 

Note: Standard errors in (); *** indicates significance at the 1% level. 

5.3.2. Effect of Improving Green Technological Innovation 

Green technological innovation encompasses technological advancements that re-
duce environmental pollution and energy consumption [96]. It is crucial for decreasing 
dependence on natural resources, mitigating environmental risks in resource-based cities 
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[97], and supporting the transition from resource-driven to innovation-driven growth. By 
doing so, it unlocks the long-term potential for improving CEE. 

As reported in Table 7, the coefficient on DIT is positive and statistically significant, 
indicating that DIT promotes green technological innovation. DIT contributes by virtual-
izing R&D, promoting multi-level collaboration between firms and governments, and in-
tegrating cross-boundary knowledge. These mechanisms shorten development cycles and 
enhance green technological innovation. In turn, green technological innovation drives 
the development and diffusion of low-carbon and energy-efficient technologies, improv-
ing energy efficiency and enhancing CEE. These findings are consistent with Hypothesis 
3, suggesting that green technological innovation serves as an important associational 
pathway through which DIT is linked to improvements in CEE. 

While this channel may operate more gradually than resource reallocation, it plays a 
critical role in sustaining long-term carbon efficiency improvements. Accordingly, the pol-
icy implication is that DIT should be complemented by innovation-oriented measures—
such as green R&D subsidies, digital platforms for collaborative innovation, and intellec-
tual property protection—to fully unlock its potential in driving green technological pro-
gress. 

Table 7. Mechanism results: green technological innovation. 

Variables (1) Gti (2) Gti 

Dit 
0.615 *** 0.617 *** 
(0.095) (0.095) 

Controls No Yes 
City FE Yes Yes 
Year FE Yes Yes 

Observations 1100 1100 
R2 0.929 0.929 

Note: Standard errors in (); *** indicates significance at the 1% level. 

5.4. Heterogeneity Analysis 

5.4.1. Heterogeneity Across Green Finance 

Green finance serves as a critical financial channel for directing capital toward envi-
ronmentally sustainable activities and thus plays a pivotal role in amplifying the effi-
ciency-enhancing effects of DIT in resource-based cities. As a capital-intensive transfor-
mation, DIT requires substantial upfront investment in digital infrastructure, intelligent 
equipment, and data platforms. In cities with well-developed green finance systems, tar-
geted credit and preferential financing alleviate firms’ constraints and enable investment 
in both digital technologies and low-carbon production [77,98]. This complementarity al-
lows DIT to be more effectively translated into improvements in CEE. By contrast, in cities 
with underdeveloped green finance, limited access to long-term and low-cost green capi-
tal constrains firms’ ability to undertake large-scale and integrated DIT projects. Digital 
investments in such contexts tend to be fragmented or short-term, reducing their capacity 
to generate sustained improvements in energy efficiency and emissions performance. To 
examine this heterogeneity, green finance is measured as the share of environmental-pro-
ject loans in total credit. The sample is categorized into high- and low-green-finance sub-
groups based on the annual median across resource-based cities. Regressions are then es-
timated separately for each subgroup. 

As shown in Table 8, DIT has a substantial positive effect on CEE in cities with 
stronger green finance, whereas the effect is statistically insignificant in cities with weaker 
green finance. The coefficient difference between the two subgroups is significant at the 
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1% level, confirming pronounced heterogeneity. This divergence reflects a financing-con-
straint mechanism. In high green-finance cities, ample capital supports investment in in-
tegrated DIT-low-carbon solutions—such as AI-optimized energy management systems 
and smart grid infrastructure—thereby generating synergies between digitalization and 
emission reduction. In contrast, credit-constrained cities face binding investment trade-
offs, whereby limited funds must be allocated between basic digital infrastructure and 
emission-reduction technologies, weakening the effectiveness of both. Overall, these find-
ings underscore that green finance functions as a key enabling condition for DIT to realize 
its carbon-efficiency potential, suggesting that strengthening green financial systems is 
essential for maximizing the low-carbon returns to digital investment. 

Table 8. Results of heterogeneity across green finance. 

Variables 
Low High 

(1) Cee (2) Cee 

Dit 
0.040 0.437 ** 

(0.259) (0.197) 
Controls Yes Yes 
City FE Yes Yes 
Year FE Yes Yes 

Observations 528 535 
R2 0.709 0.766 

Chow test 0.544 *** 
Note: Standard errors in (); *** and ** indicate significance at the 1% and 5% levels, respectively. 

5.4.2. Heterogeneity Across Digital Infrastructure 

Digital infrastructure constitutes the physical and technological foundation for im-
plementing DIT in resource-based cities [99]. The effectiveness of DIT depends on the 
availability and quality of digital infrastructure—such as broadband networks and data 
centers—which determine whether digital technologies can be fully embedded in produc-
tion and energy management. In cities with advanced digital infrastructure, DIT facilitates 
real-time data collection, cross-sector information sharing, and intelligent optimization of 
energy use and emissions control, thereby enhancing marginal efficiency gains from dig-
ital intelligence adoption. By contrast, in cities with weaker infrastructure, limited net-
work coverage and inadequate digital facilities constrain firms’ ability to absorb and uti-
lize advanced digital technologies, resulting in diminished returns to DIT investment. To 
examine this heterogeneity, digital infrastructure is proxied by the internet penetration 
rate. The sample is divided into high- and low-infrastructure subgroups based on the an-
nual median, and regressions are estimated for each subset. The results are presented in 
Table 9. 

Table 9. Results of heterogeneity across digital infrastructure. 

Variables 
Low High 

(1) Cee (2) Cee 

Dit 
−0.018 0.360 * 
(0.268) (0.197) 

Controls Yes Yes 
City FE Yes Yes 
Year FE Yes Yes 

Observations 536 550 
R2 0.711 0.749 

Chow test 0.841 *** 
Note: Standard errors in (); *** and * indicate significance at the 1% and 10% levels, respectively. 
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The findings show that DIT significantly improves CEE in cities with advanced dig-
ital infrastructure, while its effect is not statistically significant in areas with less-devel-
oped infrastructure. The coefficient difference test, significant at the 1% level, confirms the 
presence of heterogeneous effects. This heterogeneity is consistent with infrastructure-
technology complementarity theory. In high-infrastructure cities, governments and firms 
can deploy integrated digital intelligence platforms that consolidate energy, emissions, 
and production data in real time, enabling system-wide optimization of carbon perfor-
mance. For instance, smart manufacturing systems can dynamically adjust production pa-
rameters in response to energy price signals and emission constraints. In contrast, in low-
infrastructure cities, fragmented digital capabilities hinder such integration: incomplete 
data collection, transmission delays, and insufficient computational capacity prevent ad-
vanced analytics and real-time optimization. Consequently, DIT is often confined to iso-
lated or partial applications rather than generating transformative efficiency gains. These 
findings suggest that investment in digital infrastructure should precede or accompany 
DIT initiatives, particularly in lagging regions, to ensure that digital intelligence can effec-
tively translate into carbon efficiency improvements. 

5.4.3. Heterogeneity Across Types of Resource-Based Cities 

The National Plan for Sustainable Development of Resource-Based Cities (2013–2020) 
classifies resource-based cities into four types: growing, mature, declining, and regenera-
tive. Differences in resource stability and sustainable development capacity across these 
types suggest that the effects of DIT on CEE may be heterogeneous [97]. To explore this, 
the sample is divided by city type, and separate regressions are conducted for each sub-
group. 

As shown in Table 10, DIT does not have a statistically significant effect on CEE in 
growing resource-based cities. These cities are still expanding their resource extraction 
capacity, and DIT investments are primarily directed toward managing incremental pro-
duction rather than optimizing existing energy-intensive processes. Consequently, the 
scope for efficiency gains through DIT remains limited at this stage. In contrast, DIT sig-
nificantly improves CEE in mature and regenerative cities. These cities typically possess 
more complete industrial systems and stronger institutional capacity, which allows DIT 
to be integrated into industrial upgrading, energy substitution, and emissions manage-
ment. In such contexts, digital intelligence technologies complement ongoing structural 
transformation, enabling firms to reduce energy intensity and improve carbon efficiency. 

Table 10. Results of heterogeneity across types of resource-based cities. 

Variables 
Growing Mature Declining Regenerative 

(1) Cee (2) Cee (3) Cee (4) Cee 

Dit 
−0.173 0.611 *** −2.304 *** 0.757 *** 
(0.252) (0.233) (0.549) (0.141) 

Controls Yes Yes Yes Yes 
City FE Yes Yes Yes Yes 
Year FE Yes Yes Yes Yes 

Observations 140 580 230 150 
R2 0.766 0.767 0.779 0.795 

Chow test −1.029 ** −1.561 *** 
Note: Standard errors in (); *** and ** indicate significance at the 1% and 5% levels, respectively. 

Notably, DIT is found to exert a negative effect on CEE in declining resource-based 
cities. This result suggests that the carbon-efficiency implications of digital intelligence 
transformation are highly context-dependent and may differ substantially across stages 
of resource development. Several factors may help rationalize this finding. Declining cities 
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often exhibit strong resource lock-in and outdated industrial structures, limiting the po-
tential for digital technologies to support green transformation. In such settings, early-
stage DIT investments may be used primarily to sustain existing production systems ra-
ther than to facilitate energy substitution or capacity reduction. In addition, transitional 
adjustment costs may arise if scarce fiscal and financial resources are reallocated toward 
digital projects at the expense of environmental remediation or clean-energy investment. 
Moreover, weak absorptive capacity—stemming from shortages of skilled labor, manage-
rial expertise, and complementary institutions—may further constrain the efficiency gains 
from DIT, leading to short-term deterioration in carbon emission efficiency. 

Chow tests further indicate that coefficient differences between growing and mature 
cities, as well as between declining and regenerative cities, are statistically significant, con-
firming the robustness of these heterogeneous effects. Overall, these findings suggest that 
the carbon efficiency impacts of DIT are highly context-dependent. For declining resource-
based cities in particular, priority should be given to resolving structural rigidities and 
phasing out obsolete capacity before scaling up DIT, in order to avoid transitional ineffi-
ciencies and unlock its long-term low-carbon potential. 

To further examine whether the observed heterogeneity—particularly the pro-
nounced negative coefficient for declining cities—is driven by differential underlying time 
dynamics rather than the effect of digital intelligence transformation itself, we conduct an 
additional robustness check by allowing for city-type-specific linear time trends. Specifi-
cally, we interact city-type indicators with a linear time trend to capture systematic differ-
ences in temporal dynamics across city types. The results, reported in Appendix Table A3, 
show that after accounting for such differential trends, the estimated coefficient on DIT in 
the full sample remains positive and statistically significant. This finding indicates that 
the baseline effect of DIT on carbon emission efficiency is not driven by pre-existing di-
vergent time paths across different types of resource-based cities. Importantly, this exer-
cise does not negate the heterogeneous effects documented in Table 10, but rather suggests 
that the pronounced negative coefficient observed for declining cities reflects structural 
and transitional characteristics specific to that group, rather than spurious trend differ-
ences. 

6. Conclusions and Policy Recommendations 
6.1. Conclusions 

Using panel data from 110 Chinese resource-based cities from 2013 to 2022, this study 
measures DIT using the entropy weight method and CEE using the SBM-GML frame-
work. It then examines the impact of DIT on CEE performance. First, DIT significantly 
enhances CEE in resource-based cities. This positive effect remains robust across multiple 
robustness checks. Second, associational mechanism analysis indicates that higher levels 
of DIT are systematically associated with lower resource misallocation and stronger green 
technological innovation, both of which are in turn linked to higher CEE in resource-based 
cities. Third, heterogeneity tests indicate that the effect of DIT on CEE is stronger in cities 
with well-developed green finance, robust digital infrastructure, and at mature or regen-
erative stages of development. 

6.2. Policy Recommendations 

To maximize DIT’s beneficial impact on CEE in resource-based cities and leverage 
this impact in advancing SDG 13, three policy recommendations are proposed. 

First, DIT should be positioned as a core driver of deep decarbonization in resource-
based cities. Policymakers should develop strategies that leverage DIT to enhance effi-
ciency, with a focus on systematically applying digital intelligence in high-carbon sectors 
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such as coal, metallurgy, and chemicals. Complementary measures, including tax incen-
tives, pilot demonstration projects, and targeted financial subsidies, should be imple-
mented to reduce barriers to technology adoption and accelerate the large-scale deploy-
ment of digital intelligence in efficiency-enhancing initiatives. Moreover, collaboration 
among public agencies, universities, research institutions, industry stakeholders, and civil 
society is essential to cultivate practical digital intelligence talent. Such talent can help 
resource-based cities address environmental challenges and more effectively integrate 
DIT into their sustainable development strategies. 

Second, resource misallocation and green technological innovation are the key asso-
ciational channels through which DIT influences CEE in resource-based cities. Ensuring 
the smooth functioning of these mechanisms is therefore essential for achieving targeted 
efficiency improvements. Local governments should take the lead in establishing a digital 
intelligence platform for factor allocation, coordinated across multiple stakeholders. This 
platform should identify areas of resource misallocation and recycling potential, facilitate 
resource reuse, and prioritize directing factors toward low-energy, green industries, 
thereby promoting efficiency gains. 

At the same time, a digital platform for green technologies should be developed to 
guide R&D through a data-driven “challenge and reward” system. The platform can link 
innovation outcomes to efficiency improvements through “green patents–carbon bene-
fits” incentives. It can also use data analytics to develop tailored green technology strate-
gies that address the specific emission reduction and efficiency needs of each city. 

Third, given the substantial heterogeneity in DIT’s efficiency-enhancing effects across 
resource-based cities, policy interventions should be tailored to the specific local context, 
including green finance, digital infrastructure, and development stage. In cities with un-
derdeveloped green finance systems, governments can deploy risk-sharing instruments—
such as green credit guarantee schemes, public–private co-investment funds, and trans-
parent project evaluation platforms—to reduce financing barriers for DIT-enabled emis-
sion reduction projects. Cities with advanced green finance can leverage their capacity to 
develop market-oriented “green finance-DIT efficiency gains” ecosystems, fostering long-
term sustainable growth. Regarding digital infrastructure, cities with weaker networks 
should prioritize expanding digital connectivity and computational capacity to support 
DIT deployment. Cities with advanced infrastructure should implement next-generation 
digital intelligence applications across diverse emission scenarios, including smart grids, 
intelligent manufacturing, and real-time emissions monitoring systems. Finally, policies 
should reflect the city’s development stage. Growing cities should integrate DIT into the 
management of new projects to prevent carbon lock-in. Mature cities should embed DIT 
in production optimization and energy management. Declining cities must first address 
legacy inefficiencies before systematically applying DIT. Regenerative cities should fully 
implement DIT to establish low-carbon, efficiency-enhancing models that serve as bench-
marks for broader sustainable transformation. 

Although this study is situated in the Chinese context, its policy implications extend 
to other resource-dependent regions worldwide. Many resource-based cities in develop-
ing and transition economies face similar challenges, including industrial lock-in, financ-
ing constraints, and uneven digital infrastructure. Emphasizing mechanism-oriented pol-
icy design, differentiated governance tools, and the complementarity between digital in-
telligence, finance, and structural reform can therefore inform low-carbon transition strat-
egies beyond China, particularly for regions seeking to reconcile economic restructuring 
with climate mitigation objectives. 
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6.3. Limitations and Discussion 

Although this study offers valuable insights into the effect of DIT on CEE in resource-
based cities, several limitations remain, highlighting areas for future research. 

First, this study relies on panel data from Chinese resource-based cities covering 
2013–2022, which may limit the ability to capture long-term dynamics. Future research 
could extend the time horizon to better capture the long-term dynamics of DIT’s effects 
on CEE. Incorporating firm-level microdata would also help to deepen understanding of 
carbon reduction mechanisms at the level of individual decision-making. In addition, due 
to substantial cross-country differences in environmental conditions and development 
stages, the findings are primarily applicable to the Chinese context. Cross-country studies 
could examine whether DIT’s efficiency-enhancing effects generalize to other countries 
and explore country-specific heterogeneity. 

Second, while city-level data reflect macro trends, they may obscure industry-specific 
variations in DIT’s impact on efficiency. Future studies should focus on high-emission 
sectors, including energy, transportation, and manufacturing, to uncover heterogeneous 
pathways through which DIT influences efficiency at the sectoral level. Understanding 
the distinct challenges and opportunities within each industry during decarbonization 
transitions would provide a strong empirical foundation for targeted, industry-specific 
sustainability strategies. 

Third, although this study examines resource misallocation and green technological 
innovation as primary channels, other mechanisms such as the green transformation of 
household consumption warrant further investigation. In addition, this research does not 
fully account for the dynamic moderating effects of external institutional factors, such as 
environmental policy stringency. Future research could incorporate a broader set of ex-
ternal variables, including regulatory intensity and public participation in environmental 
governance, to improve model explanatory power. This would provide a more compre-
hensive understanding of sustainable development and generate broader insights for pro-
moting high-quality economic growth. 
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Appendix A. Calculation Procedure of CEE 
Building on the analytical approach developed by Ding et al. (2025), CEE is quanti-

fied using the SBM–GML method. The calculation proceeds in three steps [1]: 

Appendix A.1. The Slacks-Based Measure (SBM) Analytical Framework 

Drawing on the formulation proposed by Tone (2001), the slacks-based measure 
(SBM) model that accounts for undesirable outputs is defined as follows [79]: 
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with the constraints of 

x=Xλ+s-, yg=Ygλ-s+, yb=Ybλ+sb, λ≥0, s-,s+,sb≥0 (A2)

where x denotes inputs, yg desirable outputs, yb undesirable outputs, s-,s+, and sb are 
slack variables, and λ is the intensity vector. An efficiency score of ρ*=1 indicates full 
efficiency. 

Appendix A.2. The GML Index 

Drawing on the framework of Oh (2010), the global Malmquist–Luenberger (GML) 
metric across period t and t + 1 is defined as follows [82]: 

GMLt→t+1(xt,yt
g,yt
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where DG(·) refers to the directional distance function corresponding to the global tech-
nology portfolio. 

Appendix A.3. Calculation of CEE 

As the GML index captures productivity changes between consecutive periods, CEE 
is computed as the cumulative multiplication of sequential GML index figures, with 2011 
set as the base year: 

Ceeit=∏ GMLi
τ→τ+1t-1

τ=2011   (A4)

Appendix B. Third-Level Indicators of DIT 
Digitalization serves as the “data foundation” of DIT and is treated as a first-level 

indicator. Following the classification framework of Liu and Lin (2025), it is further sub-
divided into seven third-level indicators, measured as follows [100]: 

(1) Internet users per 100 people (Dig1): Computed as the proportion of broadband In-
ternet registered users to the permanent resident population. 

(2) Mobile-phone users per 100 people (Dig2): Calculated as the ratio of year-end mobile-
phone service holders to the city’s permanent resident population. 

(3) Peking University Digital Inclusive Finance Index (Dig3): Data are retrieved from the 
Digital Financial Inclusion Index compiled by the Peking University Digital Finance 
Research Center and Ant Group. 

(4) Telecom revenue per capita (Dig4): Computed as total telecom revenue split by the 
city’s permanent resident population size. 

(5) E-commerce transaction volume (Dig5): Measured as the gross merchandise value 
(GMV) on trading platforms, including both paid and confirmed but unpaid orders. 
Since city-level data are unavailable, each city’s transaction volume is estimated by 
multiplying national GMV by the city’s share of the national express-delivery busi-
ness. 

(6) Number of digital technology patent applications (Dig6): Core digital technology in-
dustries, as defined in the Zhejiang Digital Economy Statistical Classification, are 
mapped to IPC codes using the 2018 mapping table published by China’s National 
Bureau of Statistics. City-level patent filings are then retrieved from the Dawei Patent 
Database. 
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(7) Share of computer services and software employees (Dig7): Determined as employ-
ment in computer services and software as a percentage of the overall urban-unit 
employees. 

Intelligence, serving as the “intelligent core” of DIT, is treated as a first-level indica-
tor. Following Xia et al. (2024), it is further disaggregated into three third-level indicators, 
with the following measurement methods [101]: 

(1) Number of AI enterprises (Int1): Business-scope texts from Tianyancha’s corporate 
registry are analyzed to identify firms containing predefined AI-related keywords; 
city-level counts are aggregated by registered address. 

(2) Robot installation density (Int2): Industrial-robot installation data by sector are ob-
tained from the IFR. Sectoral employment at the city level is derived from China’s 
2008 Economic Census. Robot densities are calculated at the city-sector level, 
weighted by employment shares, and aggregated to produce city-level installation 
density. 

(3) Number of AI patent applications (Int3): City-level AI patent datasets are retrieved 
from the database of the China National Intellectual Property Administration 
(CNIPA), alongside the Derwent Innovations platform. AI-related patents are iden-
tified using a combination of relevant IPC codes and AI-specific keywords in the pa-
tent title and abstract. 

To examine the contribution of individual indicators, we compute the correlation 
coefficients between each third-level indicator and the overall DIT index. This analysis 
also helps assess potential concerns regarding weight dominance in the composite index. 
As reported in Table A1, all indicators are positively correlated with the composite in-
dex. Importantly, the correlation magnitudes are relatively balanced, with no single in-
dicator exhibiting an excessively strong association with the overall DIT measure. This 
evidence suggests that the constructed DIT index captures a broad-based process of dig-
ital intelligence transformation rather than being mechanically driven by any single in-
dicator or dimension. 

Table A1. Correlations between individual indicators and the composite DIT index. 

Indicators (1) Dig1 (2) Dig2 (3) Dig3 (4) Dig4 (5) Dig5 (6) Dig6 (7) Dig7 (8) Int1 (9) Int2 (10) Int3 
Correlation with DIT  0.506 0.503 0.569 0.520 0.746 0.765 0.487 0.734 0.419 0.697 

Appendix C. Calculation Procedure of DIT 
The level of DIT is assessed via the entropy weight approach, which allocates weights 

to metrics according to their information content, thus reflecting the respective contribu-
tion of individual metrics. Metrics with greater entropy—indicating lower information 
content—are given smaller weights, whereas those with lower entropy obtain larger 
weights. This computation is carried out in three phases: 

Appendix C.1. Data Standardization 
For each indicator xij, data are normalized as follows: 
For positively directional metrics: 

zij=
xij-min(xj)

max(xj)-min(xj)
 (A5)

For negatively directional metrics: 
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zij=
max(xj)-xij

max(xj)-min(xj)
 (A6)

where zij denotes the standardized value. 

Appendix C.2. Entropy Value of Each Indicator 

The share of city i corresponding to indicator j is defined as 

pij=
zij∑ zij
n
i=1

 (A7)

The information entropy associated with indicator j is subsequently computed as 

ej=-k∑ pijln(pij)
n
i=1 , k= 1

ln(n)
  (A8)

where n represents the total count of cities. 

Appendix C.3. Indicator Weights and Composite Index 

The redundancy (information utility) of indicator j is 

dj=1-ej (A9)

The weight of indicator 𝑗 is 

ωj=
dj∑ dj

m
j=1

 (A10)

Finally, for city i, its DIT score is computed as 

Diti=∑ ωj×zij
m
j=1    (A11)

where m represents the overall quantity of indicators. 

Appendix D. Computation Procedure for Resource Misallocation 
Building upon the analytical framework proposed by Hsieh and Klenow (2009), re-

source misallocation is measured by jointly capturing capital and labor misallocation. The 
calculation proceeds in three steps [86]: 

Appendix D.1. Cobb–Douglas Production Function 

We assume a Cobb–Douglas (C-D) production function and take its logarithm, yield-
ing 

lnYit=lnA+αlnkit+βlnLit (A12)

where Yit denotes gross output, proxied by real GDP; A represents technological pro-
gress; kit represents capital input, assessed using the capital stock derived through the 
perpetual inventory approach (with 2011 set as the benchmark year); while Lit denotes 
labor input, gauged by year-end employment figures. α and β are the output elasticities 
corresponding to capital and labor (in that order), estimated via regression on the C-D 
production function. The marginal products of capital and labor are derived by compu-
ting the partial derivatives of Yit  with regard to kit  and Lit—this yields  αYit/Kit   and 
βYit/Lit, in sequence. 
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Appendix D.2. Capital and Labor Misallocation 

Let the price of capital be rit while the labor input’s price be wit. The extent pertain-
ing to capital and labor misallocation is measured by the divergence between their mar-
ginal products from their respective prices: 

distKit=หαYit/ritKit-1ห (A13)

distLit=หβYit/witLit-1ห (A14)

where distKit  represents capital misallocation and distLit  denotes labor misallocation. 
Larger absolute values indicate more severe misallocation. Here, rit is set at 10% (5% de-
preciation plus 5% real interest rate, and wit is represented by the mean wage per em-
ployee. Other variables are consistent with Equation (A12). 

Appendix D.3. Computation of Resource Misallocation 

Integrate capital and labor misallocation, and then obtain the overall degree of mar-
ket distortion. 

distit=distKit

α
α+βdistLit

β
α+β (A15)

where distit represents degree of market distortion. Finally, each city’s degree of resource 
misallocation (Rm) is calculated as the ratio of its distit relative to the highest distit value 
across all resource-dependent cities in the identical year. 

Appendix E. Spatial Robustness Check 
To further account for potential spatial interactions across cities, we estimate a Spatial 

Durbin Model (SDM), which allows for both endogenous interaction effects and exoge-
nous spillovers from neighboring cities. The spatial weight matrix is specified as an in-
verse geographic distance matrix, capturing proximity-based interactions while avoiding 
arbitrary contiguity assumptions. Table A2 reports the estimation results. The estimated 
coefficient and long-run direct effect of DIT remain positive and statistically significant 
after accounting for spatial dependence, confirming the robustness of the baseline find-
ings. By contrast, neither the spatially lagged DIT term nor the long-run indirect effect is 
statistically significant. This result suggests limited inter-city spillovers of digital intelli-
gence transformation during the sample period. 

The absence of significant spatial spillovers may be attributed to two structural char-
acteristics of China’s resource-based city system. First, resource-based cities are geograph-
ically dispersed rather than spatially clustered at the national level. Second, many of these 
cities are located far from major innovation hubs and high-density economic centers, and 
their industrial systems are relatively self-contained. These features constrain knowledge 
diffusion and economic interactions based on geographic proximity, thereby weakening 
the scope for geographically mediated spillover effects. 

Table A2. Regression results of the spatial econometric model. 

Variables Cee 

Dit 
0.388 *** 
(0.116) 

WDit 
−0.467 
(1.127) 

LR_Direct Dit 0.400 *** 
(0.121) 
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LR_Indirect Dit −0.440 
(0.676) 

Controls Yes 
City FE Yes 
Year FE Yes 

sigma2_e 0.012 *** 
(0.001) 

Observations 1100 
R2 0.024 

Note: Standard errors in (); *** indicates significance at the 1% level. 

Appendix F. Robustness Check with City-Type-Specific Linear  
Time Trends 

To assess whether heterogeneous effects across different types of resource-based cit-
ies—particularly the negative coefficient for declining cities—are driven by underlying 
time dynamics rather than digital intelligence transformation itself, we conduct an addi-
tional robustness check. Specifically, we allow for city-type-specific linear time trends. 
Specifically, we interact city-type indicators (growing, mature, declining, and regenera-
tive) with a common linear time trend, thereby flexibly capturing systematic differences 
in temporal evolution across city types. Table A3 reports the estimation results. After ac-
counting for city-type-specific time trends, the coefficient on DIT in the full sample re-
mains positive and statistically significant. This result suggests that the baseline relation-
ship between digital intelligence transformation and carbon emission efficiency is robust 
to heterogeneous time dynamics across city types and is not driven by unmodeled pre-
existing trends. 

Table A3. Robustness check results with city-type-specific time. 

Variables Cee 

Dit 
0.367 ** 
(0.144) 

Controls Yes 
City FE Yes 
Year FE Yes 

City-type × Time Trend Yes 
Observations 1100 

R2 0.752 
Note: Standard errors in (); ** indicates significance at the 5% level. 
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