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Abstract

Investigating the relationship between digital innovation and carbon productivity, along
with its underlying mechanisms, is important for advancing regional low-carbon, sustain-
able development. In this study, panel data spanning 2012 to 2022 from 30 provincial-level
regions in China are analyzed utilizing mediation analysis and spatial Durbin models to
systematically examine the transmission pathways, heterogeneous characteristics, and
impact of digital innovation on carbon productivity. The findings reveal the following: (1)
Digital innovation significantly enhances carbon productivity, exhibiting robust spatial
spillover effects. (2) Spatial mediation analysis reveals that digital innovation enhances
carbon productivity through three pathways—industrial structure upgrading, energy
consumption efficiency, and technological progress—each exhibiting both local transmis-
sion and cross-regional spillover characteristics. (3) Regional heterogeneity analysis indi-
cates that digital innovation exerts more substantial cross-regional spillover effects on car-
bon productivity in central and western regions than in eastern regions. Temporal heter-
ogeneity analysis indicates that the effect of digital innovation on enhancing carbon
productivity increased significantly after 2018. This study reveals the intrinsic logic and
constraints governing digital innovation’s impact on carbon productivity, providing pol-
icymakers with a reference for formulating strategies to coordinate the development of
digital and green economies.

Keywords: carbon productivity; digital innovation; spatial Durbin model; spatial
mediation model

1. Introduction

The ecological and environmental crisis precipitated by global warming is an increas-
ingly serious bottleneck constraining humanity’s sustainable development. Promoting
low-carbon transformation and enhancing resource utilization efficiency have become
global strategic imperatives for all nations, which need to balance environmental protec-
tion and economic growth dynamically as they cut carbon emissions [1]. Against this
backdrop, ‘carbon productivity’ has emerged as a crucial metric for global low-carbon
development, with digital technologies serving as key drivers [2]. As the world’s largest
developing nation, China has achieved incremental progress in its low-carbon transition
while sustaining robust economic growth. Since 2016, China’s carbon productivity has
significantly improved, contributing to a global reduction of approximately 25% in carbon
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emissions per unit of GDP [3]. However, the nation continues to face substantial chal-
lenges: its carbon emissions remain at extremely high levels, regional disparities in low-
carbon development persist, and the pressure to transform traditional energy-intensive
industries remains immense. The tension between economic growth and carbon emission
control endures, making the enhancement of carbon productivity and the promotion of
sustainable development long-term challenges for China [4].

To address these challenges, China has established a multi-tiered strategic frame-
work for low-carbon development. From the formal introduction of the dual carbon goals
to promoting the extensive integration of the digital and real economies, accelerating the
coordinated transition towards digitalization and greening, and implementing special-
ized policies across regions, focus is gradually shifting from traditional energy conserva-
tion and emission reduction strategies towards full-chain optimization of low-carbon de-
velopment through digital empowerment. These institutional plans not only provide safe-
guards for the widespread application of digital technologies but also inject sustainable
policy momentum into strategies for enhancing carbon productivity [5]. Confronted with
formidable environmental governance challenges and an urgent need to transform eco-
nomic development models, digital innovation—bolstered by the information technology
revolution—has emerged as a pivotal driving force in solving these predicaments [6].
China has achieved significant progress in digital innovation. To date, the added value of
China’s core digital industries accounts for 10.4% of its GDP, while its digital infrastruc-
ture, such as 5G base stations and computing power, is among the best in the world. Dig-
ital technologies have been comprehensively integrated into 49 major sectors of the na-
tional economy and are accelerating the green transformation.

In the context of the ‘dual carbon’ goals and the burgeoning digital economy, digital
innovation has emerged as the core pathway for nations to overcome the ‘strong lock-in
between economic growth and carbon emissions” and drive the ‘decoupling transition’
between carbon productivity enhancement and economic development [7]. Theoretically,
the essence of carbon productivity lies in maximizing economic output per unit of carbon
emissions. Its enhancement fundamentally requires dual optimization: improving factor
allocation efficiency and advancing production technology levels [8]. Digital innovation
influences carbon productivity through two pathways: direct driving effects and indirect
diffusion effects. Technological innovations enabled by digital technologies can optimize
the allocation structure of production factors, pushing industries to adopt green techno-
logical models and thereby effectively enhancing carbon productivity. This process neces-
sitates precise monitoring and standardized management across the entire industrial
chain. Concurrently, digital innovation has pronounced spatial-geographical diffusion ef-
fects. Its adaptability and scalability transcend geographical boundaries, enabling neigh-
boring regions to absorb and transform digital innovations through technological imita-
tion, digital platform sharing, and industrial chain collaboration. Promoting the cross-re-
gional application of green digital technologies ultimately extends the enhanced carbon
productivity of core areas to surrounding regions, thereby establishing a collaborative
low-carbon development framework. Existing research predominantly focuses on the re-
ducing effects of digital technologies on ‘absolute carbon emissions’ and overlooks the
dual significance of carbon productivity, which encompasses both efficiency gains and
emission reductions. Carbon productivity has dual economic and environmental implica-
tions. Its enhancement relies not only on the application of emission reduction technolo-
gies but also on the optimization of production efficiency and the upgrading of financial
structures. In contrast, approaches to reduce absolute emissions focus on a single environ-
mental dimension and are constrained by rigid factors such as the regional industrial scale
and the energy mix, resulting in significantly less cross-regional transmission potential.
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Furthermore, carbon productivity has stronger spatial correlations, with its core drivers
exhibiting greater spatial mobility.

In contrast, locally determined factors constrain the spatial distribution of absolute
carbon emissions. These factors are difficult to adjust in the short term, resulting in rela-
tively narrow spatial pathways. It is precisely due to the neglect of these differences that
existing research has failed to systematically reveal the intrinsic theoretical logic of how
digital innovation influences carbon productivity from the core perspective of ‘input-out-
put efficiency optimization’. Furthermore, there remains a lack of in-depth argumentation
and interpretation regarding the significant spatial spillover effects of carbon productivity.

Research on the relationship between digital innovation and carbon productivity has
yielded substantial findings, yet significant gaps remain. First, the methods of measuring
digital innovation suffer from fundamental flaws. Existing studies predominantly rely on
the number of digital patents as a single metric [9,10], focusing solely on technological
output. This approach fails to align with the systemic characteristics of digital innova-
tion—which encompasses infrastructure, factor inputs, outcome transformation, and
value diffusion—making it difficult to comprehensively and accurately reflect the actual
level of development. Second, spatial spillover effects remain inadequately substantiated.
While the positive environmental impacts of digital innovation are widely discussed in
the existing literature [11-13], in-depth explanations of its spatial transmission mecha-
nisms, spillover effects, and impact intensity are lacking, hindering the identification of
spatial interregional correlations. Third, the spatial dimension of its intermediary mecha-
nisms has not been analyzed. Existing research confirms that digital innovation improves
environmental quality through mechanisms such as enhancing green innovation [8,14],
optimizing resource utilization [15], refining energy mixes, reducing energy consumption
costs, and driving industrial upgrading [16]. However, most studies examine mediation
effects at the local level only and do not analyze spatial coordination. Consequently, the
spatial transmission logic through which digital innovation influences carbon productiv-
ity via mediating variables remains unclear. Fourth, heterogeneity analyses have been
conducted with static and one-sided approaches. Existing studies focus on either the tem-
poral or spatial dimension [17], failing to reveal the regional spatiotemporal heterogeneity
and spatial manifestations of digital innovation’s impact on carbon productivity. Conse-
quently, their conclusions cannot effectively support the formulation of differentiated,
precision-targeted low-carbon development policies for diverse regions.

Consequently, in this study, a spatial econometric framework is employed to system-
atically deconstruct the impact and mechanisms of digital innovation on provincial carbon
productivity. The core objectives of this study include constructing a multidimensional
digital innovation evaluation system to overcome the limitations of single indicators; ex-
amining the spatial mediating effects of industrial structure upgrading, energy consump-
tion efficiency, and technological progress, thereby revealing pathways through which
digital innovation influences carbon productivity; and investigating the temporal and
spatial heterogeneity of this impact, clarifying the differentiated characteristics of digital
innovation’s spatial spillover effects across different developmental stages and regions.

This study’s marginal contributions manifest in three key areas. First, from a theoret-
ical perspective, this study develops an integrated analytical framework. It assesses how
digital innovation shapes carbon productivity by evaluating its effects, spatial spillover
effects, and mediating mechanisms within a unified framework. This approach moves be-
yond fragmented analyses, clarifies the theoretical logic and pathways of influence, and
enhances the analytical paradigm at the intersection of the digital economy and green de-
velopment. Second, from a research perspective, this study advances the literature on the
environmental impacts of digital innovation. Most existing research examines only its ef-
fects on economic growth, with limited systematic analysis of environmental performance
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metrics such as carbon productivity. By combining fixed-effects models with spatial Dur-
bin models, this study provides robust empirical evidence of the green effects of digital
innovation. It addresses gaps in the literature and broadens the research perspective and
content on environmental impacts. Finally, regarding mediation mechanisms, this study
substantiates three core pathways: industrial structure upgrading, energy efficiency, and
technological progress. It further demonstrates that each pathway features both local
transmission and cross-regional spillover effects. These findings overcome a limitation of
existing research, which has considered only local mediating effects. Regarding heteroge-
neity analysis, this study distinguishes itself by probing heterogeneity in spatial spillover
effects. It deepens our understanding of such heterogeneity and offers guidance for dif-
ferentiated approaches in future research. This study also provides targeted empirical
support for tailored low-carbon policies.

This paper is structured as follows: Section 2 reviews the related literature. Section 3
builds the theoretical framework and develops hypotheses. Section 4 introduces the re-
search design, while Section 5 presents the empirical model. Section 6 reports and dis-
cusses the empirical results. Finally, Section 7 concludes this study and puts forward pol-
icy implications.

2. Literature Review

Extensive research confirms that digital technologies can significantly enhance car-
bon productivity. From a global perspective, digital innovation has substantially boosted
carbon productivity, providing crucial support for resolving the dilemma between eco-
nomic expansion and carbon emission reduction [18]. Specifically, energy digitalization
markedly elevates regional carbon productivity by maximizing energy efficiency and ac-
celerating the iteration of green technologies. This effect is particularly pronounced in re-
gions with well-developed market mechanisms and comprehensive digital infrastructure
[19]. Investment in information and communications technology (ICT), meanwhile, effec-
tively enhances carbon emission efficiency and ultimately drives carbon productivity
growth through pathways such as incentivizing technological innovation, correcting in-
dustrial structural distortions, and optimizing resource allocation efficiency. Central
China has benefited significantly from this effect [20]. In the industrial sector, digital trans-
formation markedly enhances provincial export carbon emission efficiency by optimizing
product quality, adjusting industrial structures, and boosting total factor productivity.
This effect is more pronounced in provinces with higher levels of infrastructure, human
capital, and economic development [21]. The positive impact of digital technologies is un-
equivocal at both the micro-enterprise and macro-policy levels: pilot e-commerce policies
and the ‘Broadband China’ strategy indirectly enhance carbon productivity by optimizing
resource allocation and promoting green technological progress, a conclusion upheld in
multiple robustness tests [22,23]. Digital technological progress can also reduce carbon
emission intensity by improving operational efficiency and promoting cleaner production
models, thereby indirectly driving increases in carbon productivity [24].

Notably, some scholars offer alternative perspectives, arguing that digital innovation
and carbon productivity do not exhibit a simple positive correlation but rather a complex,
non-linear relationship with potential risks. The inherent characteristics of digital technol-
ogies and issues arising from their long-term application are the core reasons for their
potential negative impact on carbon productivity. The implications of such research war-
rant attention. Should technological innovation channels prove narrow and fail to gener-
ate cross-sectoral spillovers, carbon productivity may actually decline. Net growth in car-
bon productivity can only be achieved when the emission-reducing effects of innovation
outweigh the emission-promoting effects of technological spillover [25]. From a long-term
perspective, corporate digital transformation may trigger a ‘carbon rebound effect’
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through technology diffusion. While digital technology patents may reduce emissions and
enhance carbon productivity in the short term, this effect may ultimately diminish or even
offset earlier gains as breakthroughs in core technologies stagnate or the potential for ef-
ficiency improvements is exhausted [24,26].

Furthermore, key characteristics of green technological innovation influence this re-
lationship. Insufficient technology adoption can stifle green innovation processes, impede
the effective enhancement of carbon productivity in the digital economy, and potentially
lead to resource misallocation. Conversely, once green technological innovation crosses
critical thresholds, the positive impact of the digital economy on carbon productivity ex-
hibits a markedly amplified trajectory [27]. From an evolutionary development perspec-
tive, the early stages of digitalization are often constrained by the high energy consump-
tion of infrastructure construction and the immaturity of technological applications, lead-
ing to slow growth or even temporary declines in carbon productivity. However, once the
digitalization index surpasses a critical threshold, the synergistic effects of technological
efficiency gains and green transformation are fully unleashed, propelling carbon produc-
tivity into a phase of rapid growth [28,29]. The relationship between digital technological
innovation levels, technology transfer scale, and emission reduction coordination follows
an inverted U-shaped pattern. Beyond a specific threshold, their marginal effect in im-
proving carbon productivity gradually diminishes [30]. The impact of novel digital tech-
nologies on carbon dioxide intensity also displays non-linear characteristics, forming a
bidirectional regulatory mechanism with urban digitalization levels, thereby further en-
riching the manifestations of their non-linear relationship [31].

Concurrently, digital technologies exert significant spatial spillover effects on carbon
productivity. Existing research indicates that digital technologies enhance energy effi-
ciency in neighboring regions through channels such as knowledge diffusion and cross-
regional resource flows, thereby indirectly driving carbon productivity growth [32]. The
non-linear spillover effects of the digital economy on neighboring cities’ carbon intensity
also establish a ‘core—periphery’ coordinated growth model, providing an external impe-
tus to enhance carbon productivity in surrounding regions [29]. The spatial spillover ef-
fects of novel digital technologies on carbon dioxide intensity offer further empirical sup-
port for the coordinated improvement of regional carbon productivity [31]. Moreover, the
spatial spillover effects of digital technologies exhibit significant directional complexity,
encompassing both positive spillovers that promote coordinated regional development
and adverse impacts that trigger resource competition and pollution transfer. Conse-
quently, there is an urgent need to formulate precise policy guidance to strengthen the
catalytic role of positive spillover while mitigating the adverse impacts of negative spill-
over, thereby achieving balanced and coordinated growth in regional carbon productivity
[32].

3. Theoretical Hypotheses
3.1. Direct Impact of Digital Innovation on Carbon Productivity

Technological innovation theory posits that technological advancement is the core
catalyst driving productivity gains. Digital technologies, through tools such as real-time
carbon emissions monitoring and carbon capture and resource utilization, can empower
low-carbon technological innovation practices. They accelerate the translation of low-car-
bon technologies from R&D to industrial application, thereby reducing the carbon inten-
sity per unit of economic output and enhancing carbon productivity. According to re-
source-based theory, digital innovation enables enterprises to integrate heterogeneous in-
ternal and external resources (including data, low-carbon technology, and green supply
chain resources) to build differentiated low-carbon competitive advantages. This theory
emphasizes that a firm’s capacity for resource integration and optimization is pivotal to
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its operational performance. Digital innovation enables precise matching and efficient re-
source allocation across industrial chains through platforms such as the Industrial Internet
and digital carbon management systems, thereby reducing misallocation and waste and
indirectly boosting carbon productivity. From a signaling perspective, digital innovation
conveys positive signals to markets regarding a firm’s commitment to low-carbon devel-
opment strategies. Signaling theory posits that an enterprise’s innovation investments and
practices communicate its long-term development potential and strategic direction to
stakeholders, such as investors and partners. Digital innovation not only attracts high-
quality resources to the enterprise, such as green capital and technical talent, but also com-
pels it to strengthen end-to-end carbon management capabilities, ultimately contributing
to enhanced carbon productivity.

In summary, this study proposes Hypothesis 1: Digital innovation exerts a significant
positive impact on carbon productivity.

3.2. Spatial Spillover Effects of Digital Innovation on Carbon Productivity

Spatial correlation theories in economic geography indicate that the dissemination
and application of digital technologies exhibit pronounced distance-decay characteristics
[33]: the diffusion efficiency of digital innovations gradually diminishes with increasing
geographical distance. Adjacent regions, which benefit from lower technical exchange
costs and tighter industrial collaboration networks, can more readily achieve digital tech-
nology penetration and sharing, thereby forming more robust economic and technological
linkages.

Research on the impact of digital innovation on regional carbon emissions is expand-
ing. Liu et al. found that although newly constructed digital infrastructure drives short-
term local carbon emission growth, it also generates significant positive spillover effects
for neighboring cities [34]. Shi et al. developed a comprehensive analytical framework:
using provincial panel data and corporate annual reports to calculate an energy digitali-
zation index, they confirmed that energy digitalization transformation effectively en-
hances regional carbon productivity. This effect exhibits significant spatial and temporal
heterogeneity, with short-term spatial spillover effects being particularly pronounced in
neighboring regions [19]. These studies reveal a core conclusion: spatial factors, including
cross-regional digital technology transfer and the geographic layout of industrial chains,
profoundly shape carbon productivity enhancement, which is often very spatially de-
pendent. Significant disparities exist between regions in terms of digital innovation levels
and carbon productivity performance. Neglecting this spatial correlation in empirical
analysis and relying solely on traditional econometric models for parameter estimation
risks introducing substantial bias in the research conclusions.

In summary, this paper proposes Hypothesis 2: The positive promotion of carbon
productivity by digital innovation exhibits significant spatial spillover effects.

3.3. Indirect Impact of Digital Innovation on Carbon Productivity

From the perspective of structural transformation theory, digital innovation serves
as a pivotal engine for factor restructuring. It not only propels the low-carbon and high-
end transformation of local industrial structures but also drives regional collaborative de-
carbonization through spatial spillover effects [35]. On one hand, local digital innovation
facilitates the integration of data elements with traditional production factors, driving the
shift of production resources from inefficient, high-carbon industries towards efficient,
low-carbon emerging sectors. Concurrently, technologies such as digital twins and the
industrial internet reduce the cost of transforming traditional sectors, fostering new green
digital industrial models that directly enhance local carbon productivity [36]. On the other
hand, digital innovation outcomes exhibit cross-regional diffusion. Low-carbon industrial
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development models and digital transformation experiences from core regions can radiate
to surrounding areas through industrial chain linkages and the sharing of digital plat-
forms. Promoting the coordinated optimization of industrial structures across areas re-
sults in a regionally interconnected low-carbon development model. The spatial spillover
effects of industrial upgrading amplify the positive impact on carbon productivity [37].

According to factor reallocation theory, digital innovation’s enhancement of energy
consumption efficiency exhibits both local enabling and cross-regional synergistic charac-
teristics [38]. At the regional level, digital innovation leverages technologies such as arti-
ficial intelligence and big data to reconfigure energy production and consumption pro-
cesses. Such mechanisms enable precise matching of energy supply and demand, as well
as refined control across the entire industrial chain, driving a shift toward low-consump-
tion and high-efficiency energy allocation and directly boosting local carbon productivity
[39]. At the spatial level, the universality of digital technologies transcends geographical
constraints on energy efficiency improvements. Digital platforms enable innovative en-
ergy management models and energy-saving retrofitting solutions in core regions, ena-
bling them to scale across areas. This approach not only helps surrounding areas reduce
their energy optimization costs and enhance energy utilization efficiency but also lever-
ages the effects of spatial spillover on energy consumption efficiency to drive coordinated
improvements in regional carbon productivity.

From the perspective of technological progress theory, the technological advances
driven by digital innovation constitute the core driver of carbon productivity enhance-
ment [40], with this effect radiating across regions through technological diffusion. Digital
innovation itself serves as the primary vehicle for technological progress. It not only re-
duces trial-and-error costs and time expenditure in green technology R&D through big
data mining and artificial intelligence simulation, accelerating iterative breakthroughs in
core low-carbon technologies such as photovoltaics, energy storage, and carbon capture,
but also drives the integration of low-carbon technologies into traditional production pro-
cesses. Such an innovative model, which optimizes production processes and improves
the efficiency of factor utilization, directly enhances regional carbon productivity [41].
Simultaneously, it assists neighboring regions in rapidly absorbing and adapting ad-
vanced low-carbon technologies, accelerating their scaled and industrialized application.
This spatial spillover effect not only directly enhances carbon productivity in surrounding
areas but also amplifies the low-carbon-enabling effect of digital innovation through in-
terregional technological complementarity and collaborative innovation, thereby driving
overall regional carbon productivity growth.

In summary, this paper proposes Hypothesis 3: Digital innovation can significantly
enhance carbon productivity growth through three pathways—industrial structure up-
grading, improved energy consumption efficiency, and technological advancement—each
with pronounced spatial spillover effects.

Figure 1 illustrates the mechanisms linking the digital economy to carbon productiv-

ity.

Mediating effect
Di gital Industrial Structure Upgrading Carbon
i _> Energy Consumption Efficiency » L.
Innovation Technological Progress pl’OdLlCthlty
A .
Total effect

Figure 1. Theoretical framework.
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4. Data and Methods
4.1. Dependent Variable

The dependent variable in this study is carbon productivity (CP) [42], defined as car-
bon emissions per unit of GDP. This measure equals the ratio of provincial GDP to carbon
emissions (TC) [43], with the formula shown below:

CP = GDP/TC 1)

In this study, carbon dioxide emissions from eight fossil fuels (coal, coke, crude oil,
petrol, kerosene, diesel, fuel oil, and natural gas) and the IPCC’s carbon emission factors
were calculated. EC denotes the consumption of the eight energy sources, while CO rep-
resents the carbon emission factor. The formula is as follows:

TC = 3%, TC, = 5L, EC, X CO, @

Data from the year 2012, which marks the start of the study period, clearly reveal the
initial spatial pattern of carbon productivity under the traditional development model.
The year 2018 marked a pivotal turning point when the digital economy and low-carbon
policies were integrated. At this juncture, the enhancing effect of digital innovation on
carbon productivity intensified significantly, effectively reflecting the spatial restructur-
ing characteristics arising from policy empowerment and technological transformation.
Comparing these two years elucidates the evolutionary logic of carbon productivity’s spa-
tial distribution throughout the study period, precisely highlighting the pattern differ-
ences during the core phase.

Figure 2 illustrates the spatial distribution characteristics of China’s carbon produc-
tivity in 2012 and 2018. Spatially, the distribution exhibits a core pattern of ‘higher in the
east, lower in the west’. The eastern coastal regions consistently occupy the high-value
zone for carbon productivity, while most areas in the central and western regions fall
within the medium-to-low-value zone. Temporally, the high-value zone had greater cov-
erage in 2018 than in 2012, with tighter connectivity, reflecting the effectiveness of China’s
transition efforts. Moreover, the low-carbon development model in the eastern high-value
zones has gradually matured, and some central and western provinces have improved
their carbon productivity. However, most regions in the central and western parts of the
country remain in the medium-to-low-value zones. The overall pattern of ‘high in the east,
low in the west’ has not fundamentally changed, and the disparity in the pace of low-
carbon transformation between regions remains significant. This distribution pattern viv-
idly illustrates the regional imbalance in China’s economic development and low-carbon
transition, providing direction for subsequent policy measures.

4.2. Core Explanatory Variables

The digital innovation assessment framework constructed in this study encompasses
four dimensions: digital infrastructure, digital innovation investment, digital innovation
output, and digital innovation dissemination. This framework integrates existing defini-
tions of digital innovation while balancing data availability and indicator hierarchy [44].
As a result, it demonstrates strong practicality and rationality.

Digital infrastructure acts as the foundational support and core prerequisite for dig-
ital innovation. It includes hardware facilities such as broadband networks and mobile
base stations, along with supporting operational service systems. The sophistication of
this infrastructure directly determines the accessibility, stability, and efficiency of regional
digital innovation. It lowers technological access costs for innovation actors and provides
critical hardware support, thereby enabling interdisciplinary collaboration, cross-regional
technology diffusion, and resource sharing [45,46]. The assessment framework for this di-
mension draws upon research by Li et al. [47].
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Figure 2. Geographical distribution of carbon productivity in China in 2012 and 2018.

Investing in digital innovation is the core driver of sustained digital innovation and
focuses on two key aspects: human capital and financial investment. This investment
structure is entirely consistent with the dual nature of digital innovation as both technol-
ogy- and knowledge-intensive [48]. ICT human capital and scientific and technological
human capital form professional technical talent and high-quality R&D teams that ensure
the forward-looking nature of innovation and the feasibility of technological implemen-
tation. Education and science and technology expenditure provide sustained financial
support for innovation, R&D, technological iteration, and equipment upgrades. These two
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elements are mutually reinforcing and form an essential support system for digital inno-
vation [20,49]. In this study, indicators selected by Han et al. are used to measure innova-
tion investment levels [50].

Digital innovation outputs directly represent regional digital innovation capability.
They reflect breakthroughs in R&D on digital technology, commercialization efficiency,
and technological maturity [51]. Digital innovation patents are key vehicles of innovation
outcomes; they are the most direct and representative manifestations of innovation output.
Therefore, this study quantifies regional R&D strength and innovation output in the dig-
ital technology domain using the number of digital patent applications and grants [52].

Digital innovation dissemination is the critical link in achieving a value closed loop
of digital innovation. It highlights digital technology’s core characteristics: strong perme-
ability, broad coverage, and network externalities. Effective dissemination enables inno-
vation outcomes to transcend the limits of individual entities or regions. This results in
shared technical standards, reused application scenarios, and mutual learning from inno-
vation experiences. Ultimately, these outcomes translate into tangible productivity and
economies of scale [53]. This study comprehensively measures the breadth and depth of
digital innovation dissemination by evaluating corporate website coverage and technol-
ogy market transaction contribution.

Standardization is applied when processing all raw data, and the entropy method
establishes indicator weights to ensure accuracy and offset dimensional differences. De-
tailed indicator information is provided in Table 1.

Table 1. Digital innovation indicator system. (+ for positive impact)

Category Indicator Specific Measurement Indicator Weight Attribution
Number of Broadband Internet Access
Broadband Internet Access Ports (Unit: 10,000) 0.044 +
Digital Infrastruc- Mobile Base Stations 11\1)1’151015; r of Mobile Base Stations (Unit: 0.0364 +
ture - -
Mobile Internet Users Number of Mobile Internet Users (Unit: 0.048 N
10,000)
Optical Cable Length Optical Cable Length (Unit: Kilometers) 0.0288 +
Number of Employees in Information
ICT Human Capital Transmission, Computer Services and 0.0866 +
Software Industry/Urban Employment
Digital Innovation Scientific anc-l Technological ij:}}?jn(g Ezﬁi?z]aele;el:vff:?SiZieEm- 0.0404 N
Investment Human Capital
ployment
Education Expenditure Education Expenditure/Fiscal Expenditure  0.0143 +
Science and Technology Ex-  Science and Technology Expenditure/Fis- 0.0516 N
penditure cal Expenditure
Digital Innovation Di'gita'l Invention Patent Ap- Nur.nb.er of Digital Patent Applications 0.2474 N
Output pl.lcfaltlons (u.m.t: items) _
Digital Patent Grants Digital Patent Grants (unit: items) 0.2784 +
. . Corporate Website Coverage NumbeF of CorPorate Websites per 100 0.0079 +
Digital Innovation Enterprises (unit: websites)
Dissemination Technology Market Transac- Technology Market Transaction Value as a 01162 N

tion Contribution

Percentage of GDP

4.3. Control Variables

This study selected five key control variables [54,55]; their specific definitions and the

methods used to measure them are given below.
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Population density (PD): Calculated as the ratio of the total regional population to
the administrative area, reflecting the population concentration. Regional development
level (RDL): The stage of regional economic development influences the scale of infra-
structure investment scale and the demand for digital innovation technologies. Economi-
cally advanced regions typically possess stronger foundational conditions for advancing
digital innovation and low-carbon transformation; therefore, the logarithmically trans-
formed per capita GDP (in ten thousand yuan) is used as a metric. Government Interven-
tion (GI): The degree of government intervention directly impacts the efficiency of re-
source allocation. Excessive intervention may distort market mechanisms, while appro-
priate intervention can guide resources towards digital innovation and low-carbon devel-
opment. This variable takes the ratio of local government total expenditure to GDP. Ur-
banization level (UL) is the share of the urban population in the total regional population
and indicates the regional stage of urbanization. Foreign direct investment (FDI) is meas-
ured as the ratio of total FDI to GDP to capture its impact on regional development.

4.4. Mediating Variable

This study quantifies industrial structure upgrading using the industrial structure
hierarchy coefficient and the relative change in ISU share [56]. The specific methodology
is as follows:

3
ISU = Z Ximp X i @3)
i=1

Energy efficiency reflects the economic output efficiency corresponding to energy in-
puts [57]. Drawing upon existing research methodologies [58,59], this study measures en-
ergy consumption efficiency by calculating the ratio of GDP to total energy consumption
for each province.

Technological progress is measured by the ratio of R&D expenditure by industrial
enterprises above a designated size in each region to the regional GDP [60].

4.5. Sample and Data Sources

This study examines 30 provincial-level administrative regions in China (excluding
Tibet, Hong Kong, Macao, and Taiwan) in a sample period from 2012 to 2022. Research
data were obtained from the China Statistical Yearbook (2012-2022), the China Energy
Statistical Yearbook (2012-2022), the National Bureau of Statistics, provincial statistical
yearbooks, carbon emissions accounting and databases, the China Science and Technol-
ogy Statistical Yearbook, the CSMAR database, the CNRDS database, and EPS. Empirical
analysis of panel data used Stata 18.0. Table 2 reports the descriptive statistics for each
variable.

Table 2. Descriptive statistics.

Variable Name Acronym Obs. Mean SD P25 P50 P75

Carbon productivity CP 330 2.712 2.048 1.355 2.316 3.536
Digital innovation DI 330 0.138 0.124 0.061 0.092 0.163
Population density PD 330 0.476 0.708 0.134 0.293 0.578
Regional development level RDL 330 1.287 0.826 0.829 0.997 1.368
Government intervention GI 330 0.249 0.102 0.183 0.226 0.291
Level of urbanization UL 330 0.608 0.117 0.527 0.594 0.665
Foreign direct investment FDI 330 0.018 0.017 0.005 0.016 0.024
Industrial structure upgrading ISU 330 2.407 0.121 2.337 2.392 2.436
Energy consumption efficiency ECE 330 1.823 0.899 1.120 1.774 2.345
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Technological progress TP 330 1.770 1.167 0.943 1.514 2.239
5. Research Models
5.1. Baseline Regression Model
The following baseline regression model was built to validate Hypothesis 1:
CPy =a+ BDI; + Z @ Control + p; + A + €;¢ 4)

Each provincial administrative region is indicated by the subscript /in Formula (4) (/
=1,2,...,30), and the year is indicated by the subscript ¢(¢=2012, 2013, ..., 2022). Control
indicates control variables; a is a constant term; £is the independent variable’s estimated
parameter; and x; and A, stand for time-fixed effects and individual-fixed effects, respec-
tively. The random error term is &

5.2. Spatial Econometric Model

This study uses spatial econometrics to examine digital innovation’s “neighborhood”
carbon productivity-boosting effect. Geographical econometric analysis incorporates ge-
ographical impacts into conventional analysis using the spatial weight matrix [61-63].

5.2.1. Spatial Weight Matrix

The mathematical expression of the link between variables is found in the spatial
weight matrix, usually denoted by W:

0 Wi, - Wiy
e ©)
WN1 WNz 0

Spatial weight matrices come in a variety of forms, including inverse distance
squared, economic distance, and spatial adjacency matrices. The diffusion of digital tech-
nologies and industrial collaboration between provinces is largely underpinned by geo-
graphical proximity, a characteristic that aligns with the core tenets of spatial decay theory.
The intensity of technological spillover effects diminishes with increasing geographical
distance. Adjacent provinces exhibit lower costs for technological exchange and tighter
industrial linkages, thereby amplifying the spatial spillover effects of digital innovation.
Consequently, this study employs a geographical adjacency matrix as the core spatial
weighting matrix. Its advantage lies in accurately capturing the low-carbon collaborative
development patterns between ‘core—periphery’ regions, better aligning with the real eco-
nomic logic governing the interaction between interprovincial digital innovation and car-
bon productivity [64]. The exact formula is provided below:

0, non — adjacent
Wi = {1, adjacent (6)

5.2.2. Spatial Autocorrelation Test

By analyzing the regional autocorrelation of carbon emissions using Moran’s I, this
study aims to ascertain whether the carbon production of each province demonstrates
geographical dependence. The variables have a positive spatial correlation when Moran’'s
I is greater than zero; when it is less than zero, there is no geographic connection; and
when it is equal to zero, there is no spatial correlation at all. Formula (7) presents its for-
mula:
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?:1 Z;'l:1 I/Vij (Xi - X)()(] - X)
s2 Z?:1 Zj‘l:1 Wii

n
i=1Xi

Moran's [ =

@)

n oy 9 -
In Formula (7), §? = 2240 g =

weight matrix, /=1 to n and j=1 to n denote the summation of all spatial weights, and X

, W;; represents the element in the spatial

signifies the dependent carbon productivity.

This research utilized the geographical distance weight matrix W to calculate the
global Moran’s I for carbon productivity across 30 Chinese provinces from 2012 to 2022,
aiming to analyze spatial distribution patterns. Data on carbon productivity exhibit posi-
tive spatial autocorrelation in geographic space, as shown in Table 3.

Table 3. Moran’s I of carbon productivity from 2012 to 2022.

Year Moran’s I Z Value p Value
2012 0.331 4.287 0
2013 0.315 4.023 0
2014 0.298 3.812 0
2015 0.286 3.657 0
2016 0.272 3.489 0
2017 0.255 3.276 0.001
2018 0.248 3.194 0.001
2019 0.263 3.358 0
2020 0.278 3.521 0
2021 0.292 3.705 0
2022 0.28 3.552 0

This study employed scatter plots of Moran’s I (Figure 3) to validate the spatial auto-
correlation of carbon productivity.

The results indicate that provincial carbon productivity during the study period was
predominantly clustered in the first (high—high cluster) and third (low-low cluster) quad-
rants, exhibiting a significant positive spatial correlation. This associative pattern indicates
temporal evolutionary variations. The first quadrant’s long-term concentration in eastern
regions reflects the high degree of industrial decarbonization and strong regional eco-
nomic synergy in eastern development. The third quadrant, centered on northwestern and
southwestern provinces, exhibits spatial dependence on low-quality development stem-
ming from a delayed low-carbon transition due to the dominance of traditional high-en-
ergy-consuming industries. Comparing scatter distributions across different years reveals
that points in the first quadrant are clustering towards higher values, while those in the
third quadrant are becoming denser. Additionally, certain intermediate regions are con-
verging towards the extremes. This indicates that both the polarizing effect of the high
carbon productivity concentration in the east and the lock-in effect of low carbon produc-
tivity in the central and western regions are intensifying. Moving forward, it will be nec-
essary to promote the outward flow of low-carbon resources from the east, break path
dependencies in the central and western regions, and dismantle spatial club barriers to
achieve coordinated regional low-carbon development.
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Figure 3. Scatter plots of Moran’s I.
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5.2.3. Selection of the Spatial Econometric Model

Table 4 indicates that LM-error and LM-lag are statistically significant at the 1% sig-
nificance level; as a result, the SDM model was selected. When SDM and SLM are com-
pared using the LR test, all p values are less than 0.1, suggesting that the data cannot be
reduced to SLM and SEM models. The Wald test demonstrates that it will not be simpli-

fied to the SAR model.

Table 4. Spatial panel model test results.

Test Method Statistic p Value
LM-lag 315.28 0
LR (for SAR) 36.19 0
LR (for SEM) 42.49 0
Wald 7.23 0
Hsm 30.41 0

In light of these test results, this study used the fixed-effect SDM for estimation, as

shown in Formula (8) [65]:

CPit = pz VVL,] CP”- + BDIL'C + GZM/” DI]t +Z¢ . Controlit + Ui +At + Eit
j=1 j=1

8)
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The individual is i, and the year is t. p represents the spatial autoregressive coeffi-
cient, u; denotes the fixed effect for 30 provincial regions, 4, indicates the temporal fixed
effect, and the residual term is expressed as ¢;;.

5.2.4. Mediating Mechanism Testing Model

To examine whether the effect of digital innovation on carbon productivity is medi-
ated through intermediate variables, a spatial mediation effect model with the following
specifications was constructed [66]:

M = py Xj=1 Wij Mjp + B DIy + 01 ¥ ;=1 W;j DIy + ¥ ¢y - Controly, + p; + A, + €;¢ )

CPy = pp Xj=1 Wij CPjt + DIy + 0, Y1 Wij DIjy + YMje + 1 X j=q Wij Mjr + X ¢ - Controly + p; + 4, (10)

Here, M;, serves as the mediating variable, encompassing industrial structure up-
grading, energy consumption efficiency, and technological progress.

6. Empirical Findings
6.1. Examination of Baseline Regression Model Outcomes

Table 5 demonstrates the correlation between carbon productivity and the digital in-
novation index across different scenarios. Columns (1) to (2) present regression results
with and without control variables, respectively, where the coefficient for the digital in-
novation index is consistently positive. Regarding control variables, regional develop-
ment levels exhibit a significant positive correlation, confirming that economic growth
underpins the low-carbon transition. Population density and urbanization levels show
substantial negative correlations at 10% and 1%, respectively, indicating that the current
population concentration and urbanization processes exert a restraining effect on carbon
productivity. The findings support Hypothesis 1, indicating that the positive impact of
digital innovation on carbon productivity is robust.

Table 5. Results of the baseline regression model.

. CP

Variable D 2
DI 7.814 ***(0.934) 4.855 *** (0.817)
PD -10.017 *** (3.101)
RDL 3.872 *** (0.335)
GI -1.941 (1.505)
UL -0.906 *** (2.393)
FDI -0.181 (3.293)
Fixed time Yes Yes
Fixed province Yes Yes
N 330 330
R2 0.527 0.776

Note: “***” represent 1% significance levels.

6.2. Analysis of SDM Regression Results

Building upon prior research, the decomposition method was employed to break
down the overall impact into direct, indirect, and total effects [67]. The coefficients for
digital innovation were all significantly positive, indicating that the universality and
boundlessness of digital technologies overcome geographical barriers, driving cross-re-
gional synergistic improvement in carbon productivity. The results are presented in Table
6.
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The direct effect coefficient for digital innovation is 4.207 (significant at the 1% sig-
nificance level), indicating that a one-standard-deviation increase in local digital innova-
tion levels directly drives a 0.522-unit improvement in local carbon productivity. This cor-
responds to an approximate 19.2% increase in carbon productivity relative to the sample
mean. Translated into tangible development outcomes, this equates to a reduction in car-
bon emissions per unit of GDP of approximately 16.3%, or an increase in GDP per capita
of approximately 12,000 yuan (calculated based on the average ratio of GDP to carbon
emissions during the sample period). Compared to the baseline regression, this effect dis-
tinctly highlights the core enabling role of digital innovation. After accounting for spatial
feedback effects, digital innovation can overcome the common development model char-
acterized by ‘high emissions and low output’ by integrating and substituting high-carbon
factors through data elements. This provides robust support for regions to achieve sus-
tainable development through digital innovation.

The indirect effect coefficient reached 5.35 (at the 1% significance level). This indicates
that a one-standard-deviation increase in digital innovation in neighboring provinces,
through cross-regional channels such as technology diffusion, industrial chain collabora-
tion, and digital platform sharing, would boost the province’s carbon productivity by
0.663 units. This equates to 24.4% of the average carbon productivity during the sample
period, corresponding to a reduction in carbon emissions per unit of GDP of approxi-
mately 19.6%. This highlights the cross-regional spillover capacity of digital innovation—
digital technologies effectively lower the diffusion costs of low-carbon technologies. Inno-
vation in core provinces can radiate to surrounding areas, helping neighboring regions
replicate efficient low-carbon models and lowering technological barriers, thereby foster-
ing a regionally coordinated development pattern.

The total effect value approaches 10 and significantly exceeds the sum of individual
effects, underscoring the synergistic amplification effect of ‘local-regional’ coordination.
This indicates that foundational local innovation and the spatial diffusion of regional in-
novation complement each other to simultaneously overcome resource and technological
bottlenecks within individual regions and amplify the overall efficacy of digital innova-
tion.

These findings validate Hypothesis 2 and reveal a core principle of carbon produc-
tivity enhancement: it is not an isolated local endeavor and requires leveraging the spatial
diffusion characteristics of digital innovation to foster inter-regional innovation collabo-
ration and technology sharing. This offers practical insights for achieving the dual carbon
goals: establishing a system combining local innovation cultivation with cross-regional
innovation collaboration. This approach strengthens local innovation while promoting in-
ter-regional technology sharing, fully leveraging the overall efficacy of digital innovation
in driving carbon productivity enhancement.

Table 6. SDM regression results.

. cpP
Variable Direct Effect Indirect Effect Total Effect

DI 4.207 *** 5.350 *** 9.557 ***
(0.749) (1.73) (2.123)

PD -0.451 % —-3.392 *** —3.843 ***
(0.274) (0.792) (0.802)

RDL 3.465 *** -1.373 * 2.092 **
(0.309) (0.742) (0.935)

aI -0.193 -1.640 *** -1.833 ***
(0.141) (0.34) (0.37)

UL —(0.788 *** -1.290 ** —2.078 ***
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(0.219) (0.569) (0.608)

FDI -0.591 -2.295 —2.886
(0.284) (0.809) (0.953)

Fixed time Yes

Fixed province Yes

N 330

R2 0.286

Note: “*”, “**” and “***” represent 10%, 5%, and 1% significance levels, respectively.

6.3. Robustness Tests
6.3.1. Replacement of Core Indicators

Specifically, in the explanatory variable substitution test, the digital innovation index
was replaced with the logarithm of the number of digital invention patents granted [68].
As shown in Table 7, the core coefficient remained significantly positive. Carbon produc-
tivity, measured as the ratio of the regional GDP to carbon emissions, reflects carbon emis-
sion efficiency solely from a single perspective, resulting in a relatively narrow measure-
ment dimension. To validate the reliability of core conclusions, this study replaces the
dependent variable with total factor carbon productivity (TFCP) [69]. This indicator inte-
grates multiple production factors while accounting for the dual impact of output, ena-
bling a more comprehensive assessment of regional low-carbon production efficiency lev-
els.

This study employs a Super-SBM model to calculate the TFCP, using the following
formula:

Lym *
. mzi:lxio
p =min PNy b
1 (251_ 2t yS2 y_t>
s1+s2 T_lygo t_lylt)o
,
Z /11 xl-] < Xi
j=1,j#0
n
) 9
Z /1] yr] Z yT
5.6 J<T7%0 (11)

5 69 <9 5b s b
Xi = X0 Yr SYror YVt 2Vto

where x;;, yf;., and y[; represent inputs, expected outputs, and non-expected outputs,
respectively; p denotes the value of TFCP; and 4; is the weight coefficient for each deci-
sion unit.

This study uses capital, labor, and energy as input factors in the TEFCP model, with
real GDP as the desirable output (unit: billion yuan) and carbon emissions as the undesir-
able output (unit: million tons). Capital input uses the capital stock (unit: billion yuan),
labor input uses total employment (unit: ten thousand persons), and energy input uses
provincial total energy consumption (unit: million tons of standard coal).

For measuring capital stock, the perpetual inventory method is employed as follows:

Kit = Kig-1(1 = 6,) + I (12)

K represents capital stock, I denotes total social fixed asset investment, and § in-
dicates the fixed asset depreciation rate. This study uses 2000 as the base year.
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Table 7 presents that the coefficient for the impact of digital innovation on TFCP re-
mains significantly positive. This indicates that the conclusion is unaffected by the method
of indicator measurement.

Table 7. Replacement of core variables.

Replacement of Explained Variable

Replacement of Explanatory Variables

Variable Total Factor Carbon Productivity CP
Direct Effect Indirect Effect Total Effect Direct Effect Indirect Effect Total Effect
DI 0.365 *** 0.148 * 0.513 *** 0.432 *** 2.818 *** 3.250 ***
(0.092) (0.082) (0.118) (0.152) (0.481) (0.505)
Control variables Yes Yes
Fixed time Yes Yes
Fixed province Yes Yes
N 330 330
R2 0.137 0.139
Note: “*” and “***” represent 10%, and 1% significance levels, respectively.
6.3.2. Spatial Weight Matrix Substitution
In the spatial weight matrix substitution test, the benchmark geographic adjacency
matrix was replaced with an inverse distance matrix (inverse of inter-provincial geo-
graphic center distances) and an economic distance matrix (inverse of the absolute differ-
ence between each province’s per capita GDP and national per capita GDP). The results,
presented in Table 8, show that neither the sign nor the significance of the core coefficient
and spatial spillover coefficient changed substantially, indicating that the conclusions re-
main unaffected by the spatial association measurement criteria.
Table 8. Replacement of weight matrix.
Inverse Distance Matrix Economic Matrix
Variable CP CP
Direct Effect Indirect Effect Total Effect Direct Effect Indirect Effect Total Effect
DI 4.228 *** 12.148 * 16.376 ** 4.834 *** 1.816 ** 6.650 ***
(0.737) (6.295) (6.541) (0.763) (0.921) (1.585)
Control variables Yes Yes
Fixed time Yes Yes
Fixed province Yes Yes
N 330 330
R2 0.123 0.277

Note: “*”, “**” and “***” represent 10%, 5%, and 1% significance levels, respectively.

6.3.3. Alleviation of Endogeneity

To preliminarily validate and mitigate potential bidirectional causal endogeneity is-
sues between digital innovation and carbon productivity, this study employs a lagged
independent variable approach for testing. Specifically, lagged terms of the core explana-
tory variable, digital innovation, were incorporated into the regression model. This lever-
aged the weak correlation between the historical values of the explanatory variable and
the current value of the dependent variable, thereby reducing the impact of reverse cau-
sality interference. As shown in Table 9, digital innovation from the previous period con-
tinues to have a significant positive effect on carbon productivity. This finding prelimi-
narily rules out reverse causality as an explanation for the core conclusions.
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To further address potential endogeneity between digital innovation and carbon
productivity, this study adopts an instrumental variable approach for robustness checks.
Specifically, the logarithm of the interaction term between the number of provincial post
offices in 1984 and the prior year’s national mobile internet users serves as the instrumen-
tal variable [70,71]. Regarding the instrument’s validity, the 1984 provincial post office
count represents a historical geographic layout variable with inherent exogeneity unaf-
fected by contemporary digital innovation levels or carbon productivity. Simultaneously,
as a traditional form of information infrastructure, post offices share a historical lineage
and functional connections with modern digital infrastructure, thereby indirectly reflect-
ing the regional foundations of information dissemination. The previous year’s national
mobile internet user count, as a macro-level variable, has no direct correlation with indi-
vidual provinces’ carbon productivity. However, it influences regional digital innovation
development through channels such as technology diffusion and market demand guid-
ance. The interaction term between these two variables satisfies the correlation require-
ment for instrumental variables while effectively avoiding endogeneity interference.

The instrumental variable validity test shows that the LM statistic for the underiden-
tification null hypothesis yields a p-value of 0.000, rejecting the null. At the same time, the
Wald F-statistic of 39.94 confirms strong identification and no weak instrument concerns.
Regression results indicate that DI continues to have a significantly positive impact on CP.

Table 9. Results of the Lagged Variable and IV Methods.

Consider the Lag Instrumental Variable Method
Variable CP CpP
Direct Effect Indirect Effect Total Effect Direct Effect Indirect Effect Total Effect
DI 5.166 *** 7.582 *** 12.748 *** 3.982 *** 5.014 *** 8.996 ***
(0.776) (1.619) (1.999) (0.786) (1.812) (2.245)

Control variables Yes Yes
Fixed time Yes Yes
Fixed province Yes Yes
N 300 330
R2 0.143 0.158

Note: “***” represent 1% significance levels.

In summary, all robustness tests confirm that digital innovation significantly pro-
motes carbon productivity enhancement and that the spatial spillover effect is robust,
lending high reliability and generalizability to the core conclusions.

6.4. Mediating Effect Analysis
6.4.1. Mediating Effect of ISU

Table 10 presents the results of the mediation effect decomposition when industrial
structure upgrading is treated as the mediating variable. Digital innovation, centered on
data as a key factor, reconfigures production systems and drives industrial structure up-
grading. At the local level, it facilitates the reallocation of production factors from ineffi-
cient, high-carbon traditional industries to efficient, low-carbon emerging sectors. Con-
currently, technologies such as digital twins and the industrial internet reduce the transi-
tion costs for traditional high-carbon industries, accelerating their low-carbon and intelli-
gent transformation while fostering new industrial forms like the digital economy and
green manufacturing. At the spatial level, digital innovation enables the cross-regional
dissemination of industrial upgrading expertise and low-carbon industrial chain stand-
ards from core areas, achieving coordinated regional industrial structure optimization.
This process transforms the ‘low-carbon growth dividend’ of individual regions into a
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collective “industrial upgrading synergy” for the entire area, enhancing the low-carbon
resilience of regional economic development.

Industrial structure upgrading, as the key intermediary between digital innovation
and carbon productivity, warrants particular attention for its transmission mechanism. At
the local level, traditional industries undergo low-carbon intelligent transformation
through digital technologies, enabling resource flows from inefficient, high-carbon sectors
to efficient, low-carbon ones. This establishes structural support for regional sustainable
development.

From a spatial transmission perspective, the positive spatial spillover of industrial
upgrading represents the cross-regional redistribution of low-carbon development divi-
dends. Core regions leverage low-carbon industrial paradigms and supply chain stand-
ards formed through digital innovation to radiate outward via cross-regional resource
linkage and technology sharing, rapidly integrating into low-carbon growth trajectories.
The economic value of this spillover effect lies in transforming a single region’s ‘low-car-
bon growth advantage’ into a collective ‘coordinated enhancement of carbon efficiency’
across the entire area. This approach avoids redundant resource investment between re-
gions while fostering the formation of low-carbon industrial clusters characterized by
‘core leadership and peripheral coordination’. Ultimately, it achieves a win-win outcome
of regional economic growth and ecological improvement, providing a practical pathway
for industrial linkage in building a unified national low-carbon financial system.

This offers clear direction for policy formulation: while deploying digital innovation
resources locally to drive deep industrial restructuring, it is equally vital to strengthen
inter-regional industrial linkage and innovation collaboration. This maximizes the spatial
spillover effects of industrial upgrading and fully leverages the low-carbon enabling value
of digital innovation.

Table 10. Mechanism tests (1).

Variable
DI
ISU
Control variables
Fixed time
Fixed province
N
RZ

ISU Ccp
Direct Effect Indirect Effect Total Effect Direct Effect Indirect Effect Total Effect
0.170 *** 0.412 *** 0.582 *** 3.190 *** 3.313 ** 6.503 ***
(0.034) (0.081) (0.097) (0.865) (1.6046) (2.132)
4,131 *** 1.921* 6.052 **
(1.192) (2.010) (2.722)
Yes Yes
Yes Yes
Yes Yes
330 330
0.311 0.090

Note: “*”, “**” and “***” represent 10%, 5%, and 1% significance levels, respectively.

6.4.2. Mediating Effect of ECE

The spatial Durbin model decomposition results in Table 11 reveal that the mediating
effect of energy consumption efficiency encompasses both significant local driving effects
and spatial spillover effects. Within the interactive relationship between digital innova-
tion and energy consumption efficiency, digital innovation—through its technological
pervasiveness and resource allocation optimization capabilities—emerges as the pivotal
lever driving energy efficiency improvements. Digital innovation reconfigures the entire
energy production and consumption process through technologies such as big data, the
Internet of Things, and artificial intelligence. This enables precise matching and dynamic
regulation of energy supply and demand, driving a shift in energy factor allocation from
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extensive ‘high-consumption, low-efficiency’ patterns towards intensive ‘low-consump-
tion, high-efficiency’ models. Consequently, it substantially reduces energy consumption
costs per unit of output for enterprises, fundamentally improving the economic efficiency
of energy utilization.

Within the mediating transmission pathway, energy consumption efficiency serves
as a critical intermediary link. Enhanced energy consumption efficiency directly translates
into growth momentum for carbon productivity, enabling reduced carbon emissions
alongside stable economic output growth. This injects fresh, green, low-carbon vitality
into local economic development. Moreover, improvements in energy efficiency within
neighboring regions can drive synchronous growth in local carbon productivity. This pro-
cess not only avoids redundant investment in R&D for energy-saving technology across
areas but also provides an efficient, feasible, and practical pathway for advancing low-
carbon transformation on a large scale and at low cost. Ultimately, it achieves a win-win
outcome for both the quality of regional economic development and ecological benefits.

Table 11. Mechanism tests (2).

Variable

DI

ECE

Control variables
Fixed time

Fixed province
N

R2

ECE CP
Direct Effect Indirect Effect Total Effect Direct Effect Indirect Effect Total Effect
1.968 ** 1.385* 3.353 ** 2.512 *** 1.826* 4.338 ***
(0.291) (0.652) (0.710) (0.415) (0.930) (1.020)
1.800 ** 0.426 * 2.226 **
(0.106) (0.208) (0.235)
Yes Yes
Yes Yes
Yes Yes
330 330
0.103 0.123

Note: “*”, “**” and “***” represent 10%, 5%, and 1% significance levels, respectively.

6.4.3. Mediating Effect of TP

This study introduces technological progress as an intermediary variable, construct-
ing a spatial mediation effect model. As shown in Table 12, technological progress plays
a significant mediating role between digital innovation and carbon productivity. Lever-
aging technological advantages such as big data mining and artificial intelligence simula-
tion, digital innovation reduces the cost and time required for low-carbon technology
R&D. It accelerates iterative breakthroughs in core low-carbon technologies like photo-
voltaics, energy storage, and carbon capture, while simultaneously driving the integration
of low-carbon technologies with traditional production processes. This fosters new pro-
duction paradigms, such as smart manufacturing and green energy utilization, enhancing
the efficiency and quality of technological innovation at both the local and territorial levels.

Technological progress serves as the pivotal intermediary link in the transmission
pathway of ‘digital innovation — technological progress — carbon productivity’. It di-
rectly converts the technological dividends of digital innovation into growth momentum
for carbon productivity. By optimizing production processes and enhancing factor utili-
zation efficiency, technological progress effectively reduces the carbon emission intensity
per unit of economic output. This achieves simultaneous improvements in economic
growth quality and ecological benefits, providing core technological support for local low-
carbon transitions.

From a spatial transmission perspective, the positive spatial spillover effects of tech-
nological progress facilitate the cross-regional redistribution and sharing of low-carbon
technological dividends. Technological advancements in neighboring regions can drive
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synchronous growth in local carbon productivity. This process not only avoids resource
wastage from duplicated inter-regional R&D but also fosters a clustering effect in low-
carbon technological innovation through complementary regional technologies and col-
laborative innovation. It propels the overall application level and innovation capacity of
low-carbon technologies across regions, establishing a model for coordinated regional de-
velopment. This facilitates the nationwide advancement of low-carbon transformation at
low cost and with high efficiency, organically unifying high-quality economic develop-
ment with the dual carbon goals.

This mechanism offers significant policy implications: although cultivating local dig-
ital innovation ecosystems and strengthening low-carbon R&D capabilities remain essen-
tial, proactive establishment of cross-regional technological innovation cooperation plat-
forms is equally vital. Such platforms facilitate the diffusion of low-carbon technologies,
enabling the full utilization of digital innovation’s low-carbon value through regional col-
laborative innovation. Thus, Hypothesis 3 is proven.

Table 12. Mechanism tests (3).

Variable
DI
TP
Control variables
Fixed time
Fixed province
N
R2

TP CP
Direct Effect Indirect Effect Total Effect Direct Effect Indirect Effect Total Effect
0.952 *** 0.682 * 1.634 ** 2.208 *** 1.921 % 4.129 **
(0.247) (0.381) (0.743) (0.703) (1.0105) (1.590)
1.190 *** 1.151 *** 2.3471 ***
(0.156) (0.347) (0.349)
Yes Yes
Yes Yes
Yes Yes
330 330
0.131 0.061

Note: “*”, “**” and “***” represent 10%, 5%, and 1% significance levels, respectively.

6.5. Heterogeneity Analysis
6.5.1. Regional Heterogeneity Analysis

The impact of digital innovation on carbon productivity exhibits pronounced re-
gional differentiation. It is noteworthy that the economic development models of the cen-
tral and western regions are very similar; both are dominated by traditional industries
such as energy and raw materials. The convergence between them in key dimensions—
including industrial structure, technological level, and digital innovation foundations—
far exceeds the internal differences within the central and western regions, providing a
theoretical basis for combined analysis [72]. Performing separate regressions for the west-
ern and central areas yielded coefficients that were consistent in magnitude and signifi-
cance. Therefore, combining the western and central regions allows for a more precise
comparison of their distinct spatial spillover dynamics, avoiding the dilution of effects
and the ambiguous conclusions that would result from analyzing them separately [73].
As shown in Table 13, these findings profoundly reflect the divergent pathways and core
logic underpinning digitally enabled low-carbon development across regions at different
stages of advancement.

Regarding direct effects, the central and western areas exhibit more pronounced out-
comes. This stems from their accelerated phase of industrial transformation and low-car-
bon development, where digital innovation yields stronger marginal gains. The applica-
tion of digital technologies rapidly remodels production models in traditional, high-en-
ergy-consuming industries, optimizes the allocation of local factors, and effectively re-
solves the predicament of extensive development. This positions digital innovation as the
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core driver for the central and western regions to achieve low-carbon transformation
through localized innovation. In contrast, the eastern regions exhibit higher levels of eco-
nomic development and industrial concentration, with a relatively higher baseline carbon
productivity. Here, digital innovation tends to manifest as refined efficiency gains, result-
ing in comparatively milder marginal effects.

Regarding indirect effects, regional disparities become more pronounced, with digi-
tal innovation in the central and western regions demonstrating greater cross-regional
spillover effects. This divergence stems from the greater homogeneity of industrial struc-
tures and more active factor mobility within the western and central regions. Digital in-
novation achievements in core provinces can rapidly diffuse to neighboring provinces,
forming a regional linkage pattern of ‘innovation sharing and collaborative carbon reduc-
tion’. In contrast, the eastern region features a more specialized industrial division, where
inter-regional competition and cooperation coexist. The cross-regional diffusion of digital
innovation outcomes is constrained by factors such as industrial barriers and technologi-
cal adaptability, preventing the full release of spatial spillover effects. Regarding overall
effects, the total effect coefficients for the eastern, central, and western regions all passed
significance tests, confirming that digital innovation exerts a stable, comprehensive ena-
bling effect on carbon productivity. In summary, the impact of digital innovation on car-
bon productivity exhibits regional heterogeneity characterized by ‘stronger local drivers
and more pronounced spatial spillovers in central and western regions’.

Table 13. Results of regional heterogeneity analysis.

Eastern Region Central and Western Regions
Variable CP CP
Direct Effect Indirect Effect Total Effect Direct Effect Indirect Effect Total Effect
DI 4.170 *** 1.092 5.262 *** 10.435 *** 6.301 ** 16.736 ***
(1.123) (1.321) (2.005) (1.417) (3.192) (3.715)

Control variables Yes Yes
Fixed time Yes Yes
Fixed province Yes Yes
N 121 209
R? 0.049 0.430

Note: “**” and “***” represent 5%, and 1% significance levels, respectively.

6.5.2. Time Heterogeneity Analysis

Concurrently, the impact exhibits pronounced temporal phasing, mapping the evo-
lutionary trajectory of digital technology and low-carbon development from ‘initial inte-
gration’ to ‘deep empowerment.” A pivotal turning point for the integration of China’s
digital economy and low-carbon development strategies occurred in 2018, when the na-
tion implemented multiple core policies, including the formulation of the Digital Econ-
omy Development Strategy Outline, the final phase of the Broadband China Strategy, and
the launch of digital government initiatives [74], and made accelerated progress in estab-
lishing the national carbon emissions trading market. These policies promoted the coor-
dinated development of digital technology and low-carbon transfomation at the top-level
design stage, providing institutional safeguards for digital innovation to empower carbon
productivity. The concentrated release of these policy dividends propelled digital infra-
structure construction and the expansion of digital technology application scenarios into
an accelerated phase after 2018 [75], establishing a theoretical basis for delineating distinct
time periods. Therefore, 2018 was selected as the node for this study’s time heterogeneity
analysis; specific data are provided in Table 14.
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Between 2012 and 2017, the comprehensive enabling effect of digital innovation on
carbon productivity remained underutilized, with the overall effect coefficient failing to
pass the significance test. At the local level, domestic digital innovation struggled to drive
carbon productivity gains. This stemmed primarily from China’s nascent industrialization
of digital technologies during this period, coupled with inadequate digital infrastructure
development. Key technologies like 5G and the industrial internet had yet to undergo
widespread implementation. The superficial integration of digital innovation with tradi-
tional high-energy-consumption industries prevented key changes—such as factor re-
structuring and the intelligent optimization of production processes—from overcoming
developmental bottlenecks, resulting in insufficient momentum to realize local low-car-
bon goals. At the cross-regional level, positive spatial spillovers failed to materialize. The
core problem in this phase was the inadequate maturity of the digital technologies them-
selves, coupled with the absence of collaborative mechanisms to support the diffusion of
innovation outcomes, hindering the realization of the low-carbon value of digital innova-
tion.

Between 2018 and 2022, as the digital economy ascended to a national strategic status,
the comprehensive driving effect of digital innovation on carbon productivity achieved a
qualitative leap. The overall effect coefficient became significantly positive, indicating the
synergistic release of dual value through ‘local empowerment + spatial spillover’. In the
local-level driver dimension, the direct effect coefficient rose sharply. This can be at-
tributed to the accelerated deployment of new digital infrastructure, which significantly
enhanced the depth and breadth of the integration of digital technology with the real
economy. Digital innovation empowered local industries in their low-carbon transition,
eliminating high-carbon, inefficient production methods and cultivating new low-carbon
business models through digital transformation. This substantially increased the eco-
nomic output per unit of carbon emissions, fully unleashing the local low-carbon driving
momentum. At the cross-regional coordination level, spatial spillover effects intensified
from weak to strong. This shift stemmed from the gradual refinement of inter-regional
digital coordination mechanisms, supported by the universal and borderless nature of
digital technologies. Digital innovations originating in core regions radiated outward, en-
abling neighboring areas to rapidly integrate into efficient, low-carbon production sys-
tems and forge a regional landscape of collaborative carbon reduction.

Table 14. Results of time heterogeneity analysis.

2012-2017 2018-2022
Variable CP CP
Direct Effect Indirect Effect Total Effect Direct Effect Indirect Effect Total Effect
DI 0.457 -2.279 -1.822 8.556 *** 4.150 * 12.706 ***
(1.067) (1.753) (2.3398) (1.591) (2.209) (2.373)

Control variables Yes Yes
Fixed time Yes Yes
Fixed province Yes Yes
N 180 150
R2 0.351 0.200

Note: “*” and “***” represent 10%, and 1% significance levels, respectively.

In summary, the impact of digital innovation on carbon productivity exhibits re-
gional heterogeneity characterized by ‘stronger local drivers and more pronounced spa-
tial spillovers in central and western regions,” alongside temporal phasing marked by ‘in-
significant initial effects followed by comprehensive release in later stages.” The latter es-
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sentially reflects the inevitable progression of digital innovation from its technological in-
cubation phase to value realization. These findings provide precise guidance for policy
formulation.

7. Research Conclusions and Implications
7.1. Research Conclusions

Against the backdrop of complete integration of the dual carbon goals and the digital
economy, clarifying the impact mechanisms, spatial characteristics, and heterogeneity
patterns of digital innovation’s effect on carbon productivity is a key issue for advancing
regional low-carbon coordinated development and achieving a balanced outcome be-
tween high-quality economic growth and ecological conservation. This study uses a spa-
tial econometric approach to investigate the impact, spatial transmission mechanisms, and
heterogeneity of digital innovation on carbon productivity. Theoretical and empirical
analyses yield the core conclusions below:

First, digital innovation exerts a significant positive effect, enhancing carbon produc-
tivity, and this effect exhibits robust spatial spillover characteristics. The cross-regional
penetration and boundary-free dissemination of digital technologies enable them to trans-
cend geographical barriers, radiating from innovation hubs to adjacent areas. This not
only directly boosts local carbon productivity but also drives coordinated improvements
in surrounding regions through channels such as technology sharing and industrial link-
age, forming a spatial pattern of low-carbon development characterized by ‘core-led, pe-
riphery-coordinated” development. This finding validates the core value of digital inno-
vation in resolving the ‘carbon reduction—-economic growth’ dilemma, providing direct
empirical support for leveraging digital technologies to advance regional low-carbon col-
laborative development.

Second, digital innovation indirectly empowers carbon productivity through three
overlapping spatial intermediary pathways: industrial structure upgrading, enhanced en-
ergy consumption efficiency, and technological progress. These pathways operate syner-
gistically and are mutually reinforcing, forming a comprehensive spatial transmission net-
work. Along the industrial upgrading pathway, digital innovation not only advances local
industrial restructuring but also drives cross-regional industrial collaboration, thereby op-
timizing neighboring areas’ industrial structures and fostering spatial synergistic trans-
mission of industrial advancement. Digital technologies enhance local energy efficiency
through intelligent management across the entire energy production and consumption
process. Moreover, standardized energy-saving technical solutions facilitate cross-re-
gional replication and dissemination, enabling spatial radiative transmission of energy
efficiency gains. Regarding technological advancement, digital innovation accelerates the
development and adoption of local low-carbon technologies. Simultaneously, it fosters
technological spillovers through cross-regional technology sharing platforms, thereby
supporting technological progress in neighboring areas and indirectly enhancing carbon
productivity. The synergistic effects of these three pathways underscore the multifaceted
and systemic nature of digital innovation’s influence on carbon productivity.

Third, the impact of digital innovation on carbon productivity exhibits significant
regional and temporal heterogeneity. Regionally, digital innovation in the central and
western regions demonstrates stronger local driving effects and spatial spillover effects
on carbon productivity than in the eastern areas. This occurs because the western and
central regions are in a ‘catch-up phase’ of industrial decarbonization, where traditional
high-energy-consuming industries constitute a larger share. Consequently, digital inno-
vation possesses greater potential to transform traditional industries, and the strong de-
mand for inter-regional industrial synergy accelerates the release of digital innovation
dividends. In contrast, the eastern regions have already achieved a relatively high level of
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digital innovation and industrial decarbonization, resulting in a narrower marginal im-
provement space. Simultaneously, intense intra-regional industrial competition decreases
the willingness to share technology, reducing the effect intensity. From a temporal per-
spective, 2018 marked a pivotal turning point in digital innovation, driving carbon
productivity gains. Before 2018, digital infrastructure was in a deployment phase, with
policies on the industrial internet and smart manufacturing yet to be implemented. Dis-
connects between digital technologies and production processes resulted in limited driv-
ing effects. After 2018, the digital infrastructure matured comprehensively, accompanied
by intensive policy rollouts yielding tangible outcomes. Digital technologies have deeply
penetrated all stages of industrial production, enabling full utilization of their driving ef-
fects.

The findings of this study not only enrich theoretical research on the relationship
between digital innovation and carbon productivity but also offer practical insights for
formulating precise regional low-carbon development policies and fully unlocking the
low-carbon-enabling potential of digital innovation.

7.2. Policy Implications

Based on the aforementioned research findings, the following policy recommenda-
tions are proposed: (1) Spatial spillover effects should be activated, and cross-regional
digital low-carbon coordination mechanisms should be established. When leveraging the
spatial spillover characteristics of digital innovation and its leadership and coordination
framework, inter-provincial collaboration mechanisms should be established. First, a re-
gional digital low-carbon technology sharing platform should be created, spearheaded by
the digitally innovative eastern provinces. This platform would consolidate resources
such as low-carbon technology patents and digital transformation solutions, offering tech-
nical sharing subsidies to the central and western provinces to reduce cross-regional tech-
nology transfer costs. Second, pilot initiatives in urban clusters such as Beijing—Tianjin—
Hebei, and Chengdu—Chonggqing should standardize regional nodes within the industrial
internet identifier resolution system, dismantling infrastructural barriers to spatial spillo-
ver. Finally, a cross-regional carbon productivity enhancement program should be estab-
lished to provide dedicated funding for inter-provincial digital low-carbon industrial
chain collaboration projects to strengthen interregional transmission and linkage. (2) Spa-
tial intermediary pathways should be cultivated, and differentiated transmission empow-
erment strategies should be implemented. When addressing transmission disparities
across three spatial intermediary pathways—energy consumption efficiency, industrial
structure upgrading, and technological advancement—tailored measures should be im-
plemented to enhance transmission efficacy. For the energy consumption efficiency path-
way, standardized digital energy-saving solutions should be promoted. Governments
should lead the development of sector-specific standardized manuals for intelligent en-
ergy consumption monitoring and green electricity substitution. Third-party institutions
should be supported in providing low-cost digital energy-saving retrofitting services to
SMEs, and inter-provincial mutual recognition mechanisms for energy-saving technolo-
gies should be established. For the industrial structure upgrading pathway, ‘digital + low-
carbon’ industry adaptation policies based on regional industrial endowments are re-
quired. The eastern regions should prioritize integrating digital technologies with high-
end services and strategic emerging industries. In contrast, the central and western re-
gions should focus on the digital transformation and upgrading of traditional high-en-
ergy-consuming industries, taking care to avoid blindly replicating eastern industrial
models. Regarding technological advancement pathways, ‘cross-regional collaborative
low-carbon technology development bases’ should be established to encourage eastern
innovative enterprises to establish branches in central and western regions for localized
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technology adaptation R&D. Concurrently, inter-provincial mechanisms for distributing
benefits from technology transfer should be refined to safeguard innovators’ rights. (3)
Heterogeneity constraints should be addressed through regionally and temporally tar-
geted policies. A differentiated, dynamic policy framework should be constructed based
on regional and temporal heterogeneity. Regionally, digital infrastructure investment in
the central and western regions should be increased, industrial internet pilot projects
should be prioritized, and a ‘Low-Carbon Industry Cultivation Fund’ should be estab-
lished to channel digital innovation resources towards local low-carbon industries,
thereby avoiding the ‘latecomer disadvantage trap’. For eastern regions, focus should be
placed on advancing ‘digital innovation for enhanced quality and efficiency’, encouraging
the deep application of frontier technologies such as digital twins and blockchain in low-
carbon sectors. Simultaneously, eastern enterprises should be incentivized to transfer low-
carbon digital technologies to the central and western regions through ‘technology export
subsidies’, thereby activating spatial spillover potential. In terms of timing, policy conti-
nuity with the digital economy and low-carbon development since 2018 should be main-
tained by incorporating digital infrastructure construction and digital low-carbon trans-
formation into local governments’ long-term development plans. Finally, a ‘dynamic pol-
icy effectiveness evaluation mechanism’ should be established to annually track the trans-
mission efficiency between digital innovation and carbon productivity, enabling prompt
refinements to policy details.

7.3. Limitations and Future Research

The core limitations of this study manifest in four aspects: research scale, indicator
dimensions, model design, and coverage of influencing factors. First, the data were fo-
cused on the provincial macro level and failed to encompass the micro dimensions of cities
and enterprises. Therefore, the heterogeneous digital transformation behaviors of micro-
level entities were not captured. Second, the indicators did not distinguish between digital
technology innovation and digital model innovation, thus failing to reveal the differenti-
ated impacts of different types of innovation. Third, the model does not account for the
interaction effects between digital innovation and factors such as low-carbon policies, hin-
dering its ability to reflect the synergistic effects of multiple policies. Fourth, it fails to
sufficiently incorporate industry-specific variations and external factors such as interna-
tional carbon leakage and global digital technology competition, thereby limiting the gen-
eralizability of its conclusions.

To address these limitations, future research may expand in four directions: first, em-
ploying city- or enterprise-level microdata to refine analyses of the micro-level mecha-
nisms through which digital innovation influences carbon productivity; second, catego-
rizing digital innovation types to explore differentiated pathways of impact; third, incor-
porating policy interaction terms to analyze synergies between digital innovation and
low-carbon policies; and fourth, integrating international perspectives with international
input-output models to extend research on the global implications of cross-border digital
technology diffusion for carbon productivity.
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