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Abstract

China’s pursuit of its dual-carbon targets amid rapid artificial intelligence (AI) development
raises an important question: do the environmental implications of AI innovation change
as regional innovation advances? Using a balanced panel of 30 Chinese provinces from
2011 to 2024, this study measured patent-based AI innovation intensity using applications
identified through a strict AI patent classification. Linear and quadratic models with
province and year fixed effects were estimated, and the Lind–Mehlum test was used to
assess the shape of the relationship within the observed range. The preferred specification
indicates an inverted-U-shaped association: carbon emission intensity initially increases
with patent-based AI innovation but declines beyond an interior turning point. The
negative quadratic coefficient remains stable when the emissions data source, patent
classification, sample period, treatment of outliers, and timing of the AI terms are var-
ied. Supplementary Bartik and copula-control analyses preserve the negative curvature,
although their identification limitations preclude a definitive causal interpretation. A
Kaya-based exact decomposition shows that the estimated curvature is concentrated in
energy intensity rather than the carbonization factor. Human capital strengthens the
estimated concavity, while the clearest regional contrast is observed between central and
eastern China, with the strongest curvature in the central provinces. These findings sug-
gest that greater AI patenting does not automatically reduce emissions. Its environmental
implications depend on the stage of regional innovation and its interaction with energy
efficiency and absorptive capacity. Policies promoting AI innovation should therefore
be coordinated with cleaner energy supply, efficiency improvements, and human capital
investment. More broadly, the study provides a stage-sensitive basis for evaluating the
sustainability implications of patent-based AI innovation through measurable changes in
carbon emission intensity.

Keywords: patent-based AI innovation; carbon emission intensity; inverted-U-shaped
relationship; energy intensity; human capital; regional heterogeneity; China

1. Introduction
Reconciling economic development with carbon mitigation remains a central chal-

lenge for China’s transition toward high-quality growth. This challenge has become more
complex with the rapid diffusion of artificial intelligence (AI). AI can improve production
planning, energy management, transportation systems, and resource allocation, thereby
creating opportunities for reducing emissions per unit of output [1]. At the same time, the
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development and deployment of AI require computing facilities, data centers, equipment
investment, and supporting digital infrastructure, all of which may increase electricity
consumption and associated emissions [2–4]. Whether AI innovation ultimately raises or
lowers the carbon emission intensity therefore depends on the relative strength of these
competing effects.

Existing empirical research has not reached a uniform conclusion. Some studies as-
sociate AI and industrial intelligence with improvements in energy efficiency and carbon
performance, whereas others identify additional energy demand, rebound effects, or sub-
stantial regional differences [5–13]. These mixed findings suggest that the environmental
effect of AI may vary with the stage of technological development. During the initial
expansion of AI-related innovation, infrastructure investment and additional computing
demand may dominate. As the technology matures and becomes embedded in production
and energy management systems, efficiency gains and improved resource allocation may
become more important. A linear specification may obscure this transition by imposing a
constant marginal effect over the entire AI development range.

Three issues remain insufficiently addressed. First, much of the existing literature mea-
sures AI development using industrial robot penetration, digital economy indices, or broad
indicators of intelligent transformation. These measures primarily capture technology
adoption or general digital development rather than the production of AI-related techno-
logical knowledge. Patent applications provide an observable and temporally consistent
measure of regional AI innovation output, although they do not constitute a comprehensive
measure of the broader innovation environment. In particular, they do not directly measure
computing infrastructure, data availability, human capital, or institutional support. The
present study therefore used the more precise term “patent-based AI innovation intensity”
and interpreted the measure accordingly. Second, evidence based solely on the sign and
significance of a quadratic coefficient is insufficient to establish an inverted-U-shaped
relationship. A credible nonlinear result additionally requires opposite and statistically
meaningful slopes at the two ends of the observed range and a turning point supported
by actual sample observations. Existing studies have rarely examined these conditions
together or assessed whether the estimated turning point remains inside the sample un-
der alternative identification strategies. Third, the interpretation of energy intensity as
a conventional mediator is complicated by the accounting relationship between carbon
emissions, energy use, and economic output. Carbon emission intensity can be decomposed
exactly into energy use intensity and the carbon content of energy consumption. Treating
energy intensity as a statistically independent mediator would therefore mix an accounting
identity with an estimated behavioral relationship. A decomposition framework provides
a more transparent way of determining whether the estimated nonlinear effect operates
primarily through the amount of energy used per unit of output or through changes in the
carbonization of energy use.

Against this background, this study examined the relationship between patent-based
AI innovation intensity and carbon emission intensity using panel data for 30 Chinese
provinces from 2011 to 2024. AI innovation intensity was measured as the natural logarithm
of one plus the number of patent applications identified under a strict AI classification.
Carbon emission intensity was calculated using provincial carbon emissions and gross
regional product expressed using constant 2010 prices. The empirical analysis combined
two-way fixed-effects estimation with the Lind–Mehlum test, alternative variable and
sample specifications, and two complementary approaches to potential endogeneity. The
first is an internal-structure Bartik design that allows for interaction between predetermined
provincial specialization across four AI technology branches with subsequent patent-family
growth outside China. The second is an instrument-free nonparametric copula-control-
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function approach. Randomization inference, weak-identification diagnostics, province-
clustered bootstrap inference, and leave-one-province-out analysis were used to assess the
limitations of these approaches.

The baseline estimates indicate a concave relationship between patent-based AI in-
novation intensity and carbon emission intensity. The Lind–Mehlum test supports an
inverted-U-shaped pattern over the observed sample range, with observations located on
both sides of the estimated turning point. Alternative measurements, sample treatments,
and lag structures retain the negative quadratic term. The internal-structure Bartik and
copula-based estimates also produce negative curvature and an interior point estimate,
although the precision of the turning point differs between identification strategies and the
Bartik estimates remain subject to weak-identification concerns. The accounting decompo-
sition attributes most of the estimated curvature to the energy-use-intensity component
rather than to the carbonization component. Human capital makes the conditional curve
more pronounced, while the regional estimates indicate that the nonlinear relationship is
most clearly identified in central China.

This study contributes to the literature in three respects. First, it distinguishes
patent-based AI innovation from broader measures of digitalization and technology
adoption. The strict patent classification improves the technological specificity of the
explanatory variable, while broader patent definitions are retained as sensitivity checks.
This approach does not claim to measure the complete regional AI innovation environ-
ment; instead, it provides a transparent and reproducible measure of one observable
dimension of that environment, namely, AI-related knowledge production. Taken to-
gether, this study provides a quantitative framework for evaluating the sustainability
implications of patent-based AI innovation through measurable changes in carbon emis-
sion intensity, thereby linking innovation measurement to sustainability assessment.
Second, the study evaluates nonlinearity through curvature and sample support. It
supplements the quadratic fixed-effects model with endpoint-slope tests, an explicitly
estimated turning point, observations on both sides of that point, and complementary
identification strategies. The resulting evidence is therefore not based solely on the
statistical significance of the squared term. Third, the analysis replaces conventional
energy-intensity mediation with an exact accounting decomposition of carbon emission
intensity. This separates the energy-use and carbonization components and avoids
interpreting a mechanical accounting relationship as an independent causal pathway.
The subsequent analysis of human capital and regional heterogeneity examines the
conditions under which the estimated nonlinear relationship is more pronounced.

The remainder of the paper is organized as follows: Section 2 reviews the relevant liter-
ature. Section 3 develops the theoretical framework and research hypotheses. Section 4 de-
scribes the variables, data, and empirical specifications. Section 5 presents the baseline
estimates, robustness checks, and identification analyses. Section 6 reports the decomposi-
tion, moderation, and regional heterogeneity results. Section 7 discusses the findings and
their limitations. Section 8 concludes and presents the policy implications.

2. Literature Review
2.1. AI Measurement and Carbon Outcomes

A growing body of research has examined the environmental consequences of artificial
intelligence and related digital technologies. Studies based on industrial and provincial
data have generally found that AI or industrial intelligence can reduce carbon intensity
by improving production efficiency, facilitating technological upgrading, and reallocating
production factors [5,6]. Related evidence suggests that industrial intelligence may accel-
erate the transition toward peak emissions [7]. At the provincial level, AI has also been
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associated with reductions in local and neighboring carbon emissions [8], while system-
GMM estimates indicate that technological progress and industrial restructuring constitute
important mitigation channels [9].

The empirical literature nevertheless differs substantially in how AI is measured.
Some studies use industrial robots as an indicator of intelligent production [10,14], whereas
others rely on city-level AI applications [15], composite indicators incorporating several
dimensions of AI development [8], or broader measures of the digital economy [16]. These
measures primarily capture downstream adoption, industrial application, or the wider
process of digital transformation. They do not necessarily measure the production of
AI-related knowledge. This distinction matters because applied AI and innovative AI
may have different environmental consequences. Dong et al. [11], for example, report that
applied AI is associated with lower emissions, whereas innovative AI displays a nonlinear
relationship over its development cycle.

Patent data provide an observable measure of codified inventive output and are widely
used to compare technological activity between regions and over time [17,18]. They are
therefore appropriate for examining the upstream knowledge-production dimension of
AI innovation. However, patent applications do not constitute a complete measure of the
regional innovation environment. In particular, they do not directly capture computing
infrastructure, data availability, skilled labor, financing conditions, or institutional support.
Accordingly, the explanatory variable used in this study is interpreted more narrowly
as patent-based AI innovation intensity, rather than as a comprehensive index of the AI
innovation environment.

The study further adopted a strict patent classification that focuses on inventions
whose technological content is directly associated with core AI functions. This restriction re-
duces the risk of including conventional software, general digital systems, and commercial
data-processing patents that are only loosely connected with AI. A broader patent definition
is retained for robustness analysis. The distinction between strict and broad measures
allows the analysis to prioritize technological specificity while evaluating whether the main
results depend on the patent classification boundary [19].

2.2. Nonlinear Effects and the Decomposition of Carbon Emission Intensity

The environmental effect of AI need not be constant across stages of technological de-
velopment. The construction of computing infrastructure, the expansion of data-processing
capacity, and the digital retrofitting of production systems may initially increase electric-
ity use and embodied energy demand. At later stages, technological diffusion, process
optimization, predictive maintenance, and improved resource allocation may strengthen
the efficiency-enhancing effects of AI. Existing evidence is consistent with the coexistence
of these forces. Production-scale expansion can offset part of the emission reductions
associated with technological progress and industrial restructuring [9]. Nonlinear ef-
fects have also been documented for industrial robots [10], innovative AI [11], and the
digital economy [16].

These findings provide empirical motivation for a stage-dependent relationship, but
they do not establish that every AI indicator must follow an inverted-U-shaped path. A
negative coefficient on a squared term is not sufficient on its own to demonstrate such a
relationship. The slopes at both ends of the observed explanatory-variable range and the
location of the turning point must also be considered [20,21]. This distinction is impor-
tant because previous studies frequently infer nonlinearity from coefficient signs without
establishing whether the turning point is supported by observations within the sample.

The channels connecting AI innovation with carbon emission intensity also re-
quire careful definition. AI may affect energy demand and energy efficiency through
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green technological progress, production scheduling, and energy management applica-
tions [12,13,22]. Meanwhile, decomposition studies show that changes in China’s carbon
emission intensity reflect the amount of energy used per unit of output and the carbon
content of the energy mix [23,24].

These components are linked through the accounting identity
Cit
Yit

=
Eit
Yit

× Cit
Eit

, where

Cit
Yit

is the carbon emission intensity,
Eit
Yit

is the energy use intensity, and
Cit
Eit

is the car-

bonization factor. Consequently, energy intensity is not statistically independent of the
carbon emission intensity: the two indicators share the same output denominator, and
carbon emissions are themselves calculated from energy consumption. Treating energy
intensity as an ordinary mediator may therefore confound an accounting relationship with
a behavioral transmission mechanism. Following the decomposition literature [25], the
present study instead separated the estimated relationship into an energy use component
and a carbonization component. This approach identifies whether the nonlinear pattern
arises primarily from changes in the quantity of energy used or from changes in the carbon
content of that energy.

2.3. Human Capital, Regional Heterogeneity, and Research Gaps

The environmental consequences of AI innovation may also depend on regional
absorptive capacity. The absorptive capacity literature emphasizes that the benefits of new
knowledge depend on the ability to recognize, assimilate, and apply it [26]. Human capital
facilitates technological diffusion and enables regions to adapt general technologies to local
production conditions [27,28]. It may therefore affect not only the average environmental
effect of AI innovation but also the shape of the relationship. Regions with stronger human
capital foundations may initially expand AI-related investment and application more
rapidly, while also possessing a greater capacity to convert mature AI technologies into
energy efficiency improvements.

Related studies connect AI and digital transformation with green economic growth
and green economic efficiency [29,30]. However, these findings do not establish that human
capital produces a uniformly emission-reducing effect. In a nonlinear setting, human
capital may alter the slope and curvature of the relationship. It should therefore be treated
as a boundary condition rather than simply as an additional transmission variable.

Regional differences provide a further boundary condition. Existing studies report
substantial geographical variation in the carbon effects of AI, although the estimated
regional patterns are not uniform [8,9,11]. Differences in industrial composition, energy
structure, technological capability, and development stage may cause otherwise similar
increases in AI activity to produce different environmental outcomes. The broader literature
on regional development and carbon emissions likewise shows that China’s provinces
follow heterogeneous transition paths [31].

Three gaps follow from this literature: First, much of the existing research measures
industrial intelligence, robot adoption, AI applications, or the broader digital economy.
Less attention has been paid to the environmental consequences of upstream AI knowledge
production measured using a technologically strict patent classification. Second, although
nonlinear effects have been reported, the empirical evidence often relies primarily on the
sign of the quadratic coefficient and does not formally verify the endpoint slopes and
the sample location of the turning point. Third, energy intensity has frequently been
interpreted as a conventional mediation variable despite its accounting relationship with
carbon emission intensity.

The present study addressed these gaps by examining patent-based AI innovation
intensity, formally testing the nonlinear relationship over the observed sample range,
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decomposing carbon emission intensity into energy-use and carbonization components,
and evaluating human capital and regional location as boundary conditions. This design
does not treat patent counts as a complete measure of the AI innovation ecosystem; rather,
it isolates one observable and comparable dimension, namely, the intensity of AI-related
inventive activity, and investigates its association with provincial carbon emission intensity.

3. Theoretical Framework and Research Hypotheses
The proposed relationship is organized around two competing forces: (1) the ex-

pansion effect arises from the additional computing capacity, experimentation, capital
investment, and organizational adjustment associated with the development of AI; (2) the
efficiency effect arises when accumulated knowledge is translated into process optimization,
improved energy management, cleaner technological change, and more efficient resource
allocation. The observed relationship with carbon emission intensity depends on which of
these forces dominates at a given stage of AI development.

3.1. Expansion and Efficiency Effects

AI has the characteristics of a general purpose technology: it can be applied across a
wide range of sectors, but its economic benefits depend on complementary investments and
organizational adaptation [32]. Such investments often precede measurable productivity
gains. The productivity J-curve provides a temporal interpretation of this process: imple-
mentation costs and intangible investment are concentrated in the early stage, whereas the
benefits emerge only after complementary capabilities have been accumulated [33].

At relatively low levels of AI innovation, the expansion effect is likely to dominate. AI-
related research and experimentation require computing equipment, data storage, model
training, and supporting digital infrastructure. These activities can increase electricity
consumption before corresponding improvements in output or energy efficiency are re-
alized [2–4]. Existing production systems and new digital systems may also operate
simultaneously during the transition, adding to energy demand. Moreover, efficiency
improvements at the task level need not reduce the aggregate energy consumption if
lower operating costs stimulate greater production or wider technology use. This rebound
mechanism can partially offset initial efficiency gains [34].

The balance may change as AI-related knowledge accumulates and diffuses into pro-
duction. Mature applications can improve production scheduling, predictive maintenance,
energy system management, transport coordination, and the allocation of material inputs.
These uses reduce avoidable energy consumption and raise output per unit of energy.
Innovation may also be redirected toward cleaner inputs and low-carbon production pro-
cesses when environmental incentives and technological capabilities become sufficiently
strong [35]. Empirical studies accordingly find that AI applications can reduce energy
intensity through technological progress [36] and improve environmental performance
through energy efficiency and green technological development [37].

The expansion and efficiency effects therefore operate with different timings. At an
early stage, complementary investment and additional energy demand may outweigh
efficiency gains, producing a positive marginal association with carbon emission intensity.
At a more advanced stage, technological diffusion and operational efficiency may become
dominant, causing the marginal association to turn negative. This argument leads to the
following hypothesis:

Hypothesis 1 (H1). Patent-based AI innovation intensity has an inverted-U-shaped relationship
with regional carbon emission intensity: carbon emission intensity initially increases with AI
innovation intensity but declines after AI innovation reaches a sufficiently advanced level.
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3.2. Energy-Use and Carbonization Margins

The relationship between AI innovation and carbon emission intensity can be exam-
ined through the accounting structure of emissions. Carbon emission intensity can be

written as
Cit
Yit

= EIit × CFit, where EIit denotes energy intensity and CFit denotes the car-

bonization factor, measured as carbon emissions per unit of aggregate energy consumption.
In logarithmic form, changes in carbon emission intensity are exactly divided between
these two components [25].

The expansion and efficiency effects are expected to appear most directly in energy use
intensity. During the expansion stage, computing infrastructure, digital retrofitting, and the
parallel operation of old and new production systems can increase energy use relative to
output. At a later stage, intelligent scheduling, process optimization, predictive maintenance,
and improved resource allocation can reduce energy requirements per unit of output [36,37].

The carbonization factor may also respond to AI innovation, but the connection is
less direct. AI can support renewable energy integration, grid management, and the
development of cleaner technologies, thereby reducing the carbon content of energy use.
However, these changes also depend on the regional energy mix, infrastructure, regulation,
and access to clean energy. The carbonization component may therefore be weaker or less
stable than the energy use component.

This decomposition is not interpreted as a conventional mediation model. Energy and
carbon emission intensities share the same output denominator, while carbon emissions
are themselves calculated from energy consumption. Treating energy intensity as an
independent mediator would therefore mix an accounting identity with a behavioral
mechanism. The empirical analysis instead estimates the two components separately and
examines how their coefficients combine to produce the total relationship.

Hypothesis 2 (H2). The nonlinear relationship between patent-based AI innovation intensity and
carbon emission intensity is expected to be reflected primarily in the energy use intensity component,
while the contribution of the carbonization factor component is expected to be comparatively limited
and more dependent on regional energy conditions.

3.3. Human Capital as a Boundary Condition

The environmental consequences of AI innovation depend not only on the stock of
technological knowledge but also on the capacity to absorb and apply it. Absorptive
capacity theory emphasizes that the ability to recognize, assimilate, and use external
knowledge rests on the recipient’s existing knowledge base [26]. Human capital also
facilitates technological diffusion and reduces the distance between new knowledge and
productive application [27,28,38,39].

Human capital is examined not because it is the only possible moderator, but because
it is most directly related to the conversion of codified technological knowledge—the
dimension captured by patent data—into operational changes in production and energy
management. Marketization, environmental regulation, and financial development may
also condition this process, but they represent complementary institutional channels rather
than the specific absorptive capacity mechanism examined here.

Higher human capital can strengthen both stages of the proposed relationship. At
relatively low levels of AI innovation, regions with stronger skills and technical capabilities
may undertake complementary investment, experimentation, and digital transformation
more rapidly. This can amplify the initial expansion effect. Once AI innovation becomes
sufficiently developed, the same capabilities allow technologies to be integrated more
effectively into production, energy management, and environmental governance. Human
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capital can therefore accelerate the realization of efficiency gains and strengthen the decline
in carbon emission intensity at higher AI innovation levels.

In the quadratic specification, this argument implies a positive interaction between
human capital and the linear AI term and a negative interaction between human capital and
the squared AI term. It does not impose a predetermined direction on the movement of the
turning point. The location of the turning point depends jointly on both interaction coefficients
and should therefore be determined from the estimates rather than assumed in advance.

Hypothesis 3 (H3). Human capital strengthens the stage-dependent relationship between patent-
based AI innovation intensity and carbon emission intensity: it amplifies the initial positive slope
while making the subsequent downward curvature more pronounced.

3.4. Regional Heterogeneity

The balance between the expansion and efficiency effects is unlikely to be uniform
across China. Provinces differ in industrial composition, technological maturity, energy
systems, and their capacity to absorb and apply AI-related knowledge [40,41]. Existing
evidence also shows that the environmental consequences of AI and digital technologies
vary substantially between regions [8,9,11,31].

Eastern provinces generally possess more developed digital infrastructure, stronger
innovation systems, and greater experience in applying advanced technologies. Their
AI-related activities may therefore be closer to the stage in which expansion and efficiency
effects partially offset one another, producing a comparatively flatter relationship. Central
provinces combine a substantial manufacturing base with continuing digital upgrading.
The costs of technological expansion and the gains from process improvement are likely to
be visible, making the stage transition more pronounced. In western provinces, smaller
AI innovation bases and more limited absorptive capacity may weaken the precision and
magnitude of the estimated relationship.

These differences do not imply that every province within a region follows the same
trajectory; rather, they indicate that the relative strength of expansion and efficiency effects
is conditioned by regional development stages and production structures.

Hypothesis 4 (H4). The relationship between patent-based AI innovation intensity and carbon
emission intensity exhibits regional heterogeneity. The inverted-U-shaped pattern is expected to
be more pronounced in central China, comparatively flatter in eastern China, and less distinct in
western China.

4. Variable Selection and Model Construction
4.1. Variable Selection
4.1.1. Carbon Emission Intensity

The dependent variable was carbon emission intensity, defined as carbon dioxide
emissions per unit of real output. Its natural logarithm was used in the regressions.

Provincial carbon-emission data for 2011–2022 were obtained from the China Emission
Accounts and Datasets (CEADs) [42,43]. CEADs compiles provincial emission inventories
primarily from fossil fuel consumption reported in provincial energy balance sheets. It
follows the IPCC sectoral accounting framework and employs emission factors calibrated to
the characteristics of fuels used in China [44–46]. Its energy classifications and accounting
boundaries are closely aligned with China’s energy statistical system and remain consistent
over the sample period. The database has consequently been widely used in empirical
studies of provincial carbon emissions in China [44]. Subsequent work has updated the
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provincial carbon accounts for more recent years [47]. When the dataset for this study
was assembled, the publicly available CEADs provincial inventory extended through
2022. Provincial emissions for 2023 and 2024 were therefore extrapolated using province-
specific emissions-to-energy conversion coefficients anchored to the 2022 observations. The
complete emission series is defined as

CE∗
it =

{
CECEADs

it , t = 2011, . . . , 2022,
ĈEit = φiEit, t = 2023, 2024,

(1)

where

φi =
CECEADs

i, 2022

Ei,2022
(2)

Here, Eit denotes total energy consumption in province i and year t, and φi is the
province-specific emissions-to-energy conversion coefficient calculated for 2022. Energy
consumption data for 2023 and 2024 were obtained from the relevant statistical yearbooks
and were expressed using the same units and accounting conventions as the energy con-
sumption data used to construct the 2022 coefficients. No cross-province mean imputation
was employed.

Because the conversion coefficients were calculated separately for each province, this
approach preserves cross-provincial heterogeneity in energy composition and effective
emissions intensity. By construction, applying φi to the corresponding 2022 energy con-
sumption observation reproduced the CEADs value for that province, thereby avoiding
a mechanical level discontinuity at the point where the data source changes. The central
assumption underlying the extrapolation was that each province’s emissions-to-energy
conversion coefficient remained approximately stable over the short 2023–2024 extrapo-
lation period. Changes in fuel composition, fuel quality, or accounting boundaries may
introduce prediction errors. The direction of such errors was not imposed in advance.
Instead, sensitivity to this assumption was assessed through a backcasting exercise around
the anchor year and a regression based on a truncated sample.

For the backcasting exercise, the province-specific coefficients constructed from the 2022
data were applied to 2021 energy consumption, and the resulting estimates were compared
with the CEADs values reported for 2021 across all 30 sample provinces. The 2021 CEADs
emission observations were not used when constructing the coefficients. The mean absolute
percentage error is 5.32%, and the median absolute percentage error is 2.99%. The correlation
between the reconstructed and CEADs series is 0.997. At the aggregate level, the reconstructed
national total is 0.85% lower than the corresponding CEADs total, while 27 of the 30 provinces
have absolute percentage errors below 10%. These results indicate that the proportional
conversion method performs well in a year adjacent to the anchor year, although prediction
errors remain for individual provinces. The exercise therefore provides evidence of short-run
stability in the conversion coefficients but does not eliminate the possibility of measurement
error in the extrapolated values for 2023 and 2024.

Carbon emission intensity is defined as

CIit =
CE∗

it

RGDP2010
it

(3)

where RGDP2010
it denotes the provincial gross regional product measured at constant 2010

prices. The variable used in the regression analysis was

lnCIit = ln

(
CE∗

it

RGDP2010
it

)
(4)
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Using real output in the denominator removes changes in nominal output attributable
solely to price movements and improves the comparability of the carbon emission intensity
between years.

Two additional checks addressed potential sensitivity to the construction of the de-
pendent variable. First, the baseline model was re-estimated using an alternative carbon
emission intensity measure constructed from the EDGAR database [48], thereby examin-
ing sensitivity to the emissions data source and accounting methodology. Second, a more
conservative truncated sample covering 2011–2021 was used. This specification excluded
the 2022 anchor year and the extrapolated observations for 2023 and 2024, which allowed
us to determine whether the main result was already present before the data-extension
procedure was introduced. EDGAR is designed to ensure methodological consistency
and comparability between countries, whereas the provincial accounting structure of
CEADs is more closely aligned with China’s energy balance system. CEADs was there-
fore retained as the primary data source, with EDGAR used as an alternative measure in
the robustness analysis.

4.1.2. Core Explanatory Variable

The core explanatory variable was patent-based AI innovation intensity. Patent-level
records were first screened using the strict AI classification described above, and the
resulting applications were aggregated by province and application year. The variable was
defined as

lnAIit = ln
(

1 + AI Patentstrict
it

)
(5)

where AI Patentstrict
it denotes the number of strict-definition AI patent applications in

province i and year t. The addition of one retains province–year observations with no
qualifying applications.

Patent applications provide a consistently recorded and technologically disaggregated
measure of regional AI-related inventive activity. Application–year counts were preferred to
grants, citations, and patent-value indicators because the latter are affected by examination
delays, citation windows, and delayed value realization [17,18]. These timing differences
were particularly important in the final years of the sample.

The baseline analysis applied a strict technological classification to reduce the
inclusion of conventional software, general digital systems, semiconductor technologies,
and data-processing patents only loosely related to AI [19]. A broader classification
was used in the robustness analysis. A composite innovation-environment index was
not adopted because consistent province–year data for its principal components are
unavailable over the full sample period, while indicator selection and weighting would
introduce additional discretion.

The resulting variable was therefore interpreted as patent-based AI innovation inten-
sity rather than as a complete measure of the regional AI innovation environment. It cap-
tures one observable dimension of that environment—AI-related knowledge production—
and provides the branch-level technological information required for the internal-structure
Bartik design.

4.1.3. Control Variables

To limit omitted-variable bias without overparameterizing the baseline model, the
analysis included six controls: urbanization (K1), the share of secondary industry (K2),
fiscal support (K3), population density (K4), trade openness (K5), and digital infrastructure
(K6). The urbanization rate was the share of urban residents in the year-end resident
population, reflecting the level of regional urbanization. Fiscal support was measured as
the ratio of local general budgetary expenditure to GDP, capturing the extent of government
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fiscal input into economic and social development. Trade openness was the ratio of total
goods imported and exported to GDP, indicating a region’s participation in international
trade. Digital infrastructure was constructed from the texts of provincial government
work reports: keywords related to “new digital infrastructure” were first identified from
existing reports; the reports were then segmented using the jieba package (version 0.42.1) in
Python 3.12, and the ratio of new-digital-infrastructure keyword counts to total word counts
was used to measure regional digital-infrastructure development. In addition, given the
direct bearing of industrial structure and population agglomeration on emission intensity,
the model further controlled for the share of secondary industry (K2, secondary-industry
value added relative to GDP) and population density (K4, year-end resident population
divided by administrative land area).

4.1.4. Decomposition and Moderating Variables

Energy intensity and the carbonization factor were used in the accounting decompo-
sition rather than as conventional mediators. Energy intensity (EI) was defined as total
energy consumption per unit of real GDP, while the carbonization factor (CF) was defined
as carbon emissions per unit of energy consumption. The logarithmic sum of these two
components is exactly equal to the logarithm of the carbon emission intensity.

Human capital (HR) was measured as the number of students enrolled in higher
education relative to the year-end resident population, and its natural logarithm was
used in the moderation analysis. It was introduced as a moderator of the linear and
quadratic AI terms. This specification allows human capital to alter the slope and
curvature of the relationship without assuming that it has a uniformly emission-reducing
effect. Table 1 summarizes the definitions and data sources of the principal variables
used in the empirical analysis.

Table 1. Variable definitions and data sources.

Variable Symbol Definition Data Source

Carbon emission intensity
(dependent variable) lnCIit

Natural logarithm of provincial CO2
emissions divided by real GDP at
constant 2010 prices.

CEADs; China Statistical
Yearbook; 2023–2024
estimated by the authors
(see Section 4.1.1)

Carbon emission intensity
(dependent variable, robustness) lnCIit

EDGAR
Ratio of regional CO2 emissions to GDP,
as natural logarithms, reflecting
emissions per unit of economic output.

EDGAR; China
Statistical Yearbook

Patent-based AI
innovation intensity
(core explanatory variable)

lnAIit

Natural logarithm of one plus the
annual number of strict-definition AI
patent applications.

IncoPat patent database

Urbanization rate (control) lnK1
Urban resident population/year-end
resident population.

Provincial statistical
yearbooks

Share of secondary industry
(control) lnK2 Secondary-industry value added/GDP. Provincial statistical

yearbooks

Fiscal support (control) lnK3
Local general budgetary
expenditure/GDP.

Provincial statistical
yearbooks

Population density (control) lnK4
Year-end resident
population/administrative land area.

Provincial statistical
yearbooks

Trade openness (control) lnK5
Total goods imported and
exported/GDP.

Provincial statistical
yearbooks
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Table 1. Cont.

Variable Symbol Definition Data Source

Digital infrastructure (control) lnK6

Constructed from provincial
government work reports: texts were
segmented in Python, and the frequency
share of “new digital infrastructure”
keywords measures regional
digital-infrastructure development.

Provincial government
work reports

Energy intensity
(decomposition component) EI

Energy consumption per unit of real
GDP at constant 2010 prices; higher
values indicate greater energy intensity.

Provincial statistical
yearbooks

Human capital (moderator) lnHRit
Students enrolled in higher
education/year-end resident population.

Provincial statistical
yearbooks

To examine potential multicollinearity in the nonlinear specification, variance inflation
factors (VIFs) were calculated using the within-transformed regressors after accounting
for province and year fixed effects. For this diagnostic, the AI variable was mean-centered
before its squared term was constructed, thereby reducing the mechanical correlation
between the linear and quadratic terms. The results are reported in Table 2.

Table 2. Variance inflation factor diagnostics.

Variable VIF Tolerance

Centered AI innovation intensity (c lnAIit) 1.49 0.671
Squared centered AI term ((c lnAIit)2) 2.04 0.490

Urbanization (lnK1) 1.55 0.646
Secondary industry share (lnK2) 1.27 0.786

Fiscal support (lnK3) 1.15 0.868
Population density (lnK4) 1.28 0.780

Trade Openness (lnK5) 1.25 0.798
Digital infrastructure (lnK6) 1.16 0.864

Mean VIF 1.40 -
Notes: VIFs were calculated using regressors residualized with respect to province and year fixed
effects. The AI variable was centered on its sample mean before constructing the squared term.
Tolerance is the reciprocal of the VIF.

The individual VIF values range from 1.15 to 2.04, with a mean of 1.40, while the
tolerance values range from 0.490 to 0.868. All VIF values are below the conventional
threshold of 5, and all tolerance values are well above 0.10. These results indicate that
multicollinearity is unlikely to materially affect the coefficient estimates. Mean-centering
was used only for this diagnostic and does not alter the fitted quadratic relationship.

4.2. Model Construction
4.2.1. Baseline Regression Model

To estimate the conditional relationship, we first specified a linear benchmark:

lnCIit = β1lnAIit + γ′lnXit + λi + δt + µit (6)

where Xit is the vector of time-varying provincial controls, λi denotes province fixed effects,
δt denotes year fixed effects, and µit is the error term. The quadratic specification is

lnCIit = β1lnAIit + β2

(
lnAIit)

2 + γ′lnXit + λi + δt + µit (7)
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Province fixed effects absorb time-invariant provincial characteristics, while year
fixed effects account for nationwide shocks common to all provinces. Standard errors
were clustered at the provincial level to allow for heteroskedasticity and within-province
serial correlation [49]. The logarithmic transformations reduce skewness and facilitate
proportional interpretation. In the quadratic specification, however, the marginal ef-
fect of AI innovation was β1 + 2β2lnAI it, and therefore, varied with the level of the
explanatory variable.

A negative estimate of β2 indicates concavity but is not sufficient to establish an
inverted-U-shaped relationship within the observed range. The Lind–Mehlum test is
therefore used to evaluate the slopes at the lower and upper bounds and the sample
location of the estimated turning point [20,21].

4.2.2. Kaya-Based Exact Decomposition

Energy intensity is not treated as a conventional mediator in this study. Carbon
emission intensity and energy intensity share the same GDP denominator, while carbon
emissions are themselves calculated from fossil energy consumption. A conventional
mediation model would therefore mix an accounting relationship with an estimated
behavioral relationship and could overstate the interpretation of the energy intensity
channel. To address this issue, this study adopted a Kaya-type accounting decompo-
sition that separated carbon emission intensity into an energy use component and a
carbonization component [25].

Carbon emission intensity can be written as

Cit
RGDPit

=
Eit

RGDPit
× Cit

Eit
(8)

where Cit denotes the total carbon emissions, Eit denotes the aggregate energy consumption,
and RGDPit is the real gross regional product measured at constant 2010 prices. The
two components are defined as

EIit =
Eit

RGDPit
, CFit =

Cit
Eit

(9)

where EIit is the energy intensity and CFit is the carbonization factor, reflecting the average
carbon content of aggregate energy use. Taking logarithms yields the exact identity

ln CIit = ln EIit + ln CFit (10)

The decomposition distinguishes between two margins through which patent-based
AI innovation may be associated with carbon emission intensity. The energy use component
captures changes in the amount of energy consumed per unit of real output, whereas the
carbonization component captures changes in the carbon content of energy consumption,
principally those arising from the composition of the energy mix.

To quantify the contribution of each component, the same quadratic two-way fixed-
effects specification was estimated separately for carbon emission intensity, energy intensity,
and the carbonization factor:

ln Ym
it = βm

1 ln AIit + βm
2 (ln AIit)

2 + γm′Xit + λi + δt + εm
it , m ∈ {CI, EI, CF} (11)

where all three equations use an identical estimation sample, control variables, and province
and year fixed effects. Standard errors were clustered at the provincial level. Because
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Equation (10) is an exact logarithmic identity and the three equations have the same
regressor matrix, the estimated coefficients satisfy

β̂CI
k = β̂EI

k + β̂CF
k , k = 1, 2 (12)

Accordingly, the linear and quadratic associations estimated for carbon emission
intensity can be allocated exactly between the energy-use and carbonization components.
This procedure is an accounting decomposition rather than a causal mediation analysis. It
does not interpret energy intensity as a statistically independent mediator or estimate an
indirect effect through a separate behavioral pathway.

As an additional check on the common-denominator concern, supplementary specifi-
cations use total carbon emissions and total energy consumption as dependent variables
and include real GDP directly among the regressors. These level-based specifications
remove the shared GDP denominator and help determine whether the estimated nonlinear
pattern is driven mechanically by the construction of the intensity measures.

4.2.3. Moderation Model

Building on the nonlinear analysis above, human capital was introduced as a moderat-
ing variable to examine how regional human capital conditions the effect of AI innovation
on carbon emission intensity:

lnCIit = α1 ln AIit + α2(lnAIit)
2 + α11(lnAIit × lnHRit) + α12

[
(lnAIit)

2 × lnHRit

]
+ α13 ln HRit

+γ ln Xit + λi + δt + µit
(13)

where AIit denotes the AI innovation intensity, HRit denotes the human capital, λi and δt

denote the province and year fixed effects, and µit denotes the error term.
In Equation (13), the interactions with the linear and squared terms capture the joint

moderating role of human capital in AI innovation’s mitigation effect and its nonlinearity.
The significance of α11 or α12 would indicate that human capital alters the direction, strength,
or turning point of the AI innovation effect on emission intensity.

To further characterize the moderation mechanism, differentiating with respect to
patent-based AI innovation intensity yields the marginal effect:

∂lnCIit
∂lnAIit

= α1 + 2α2lnAIit + α11lnHRit + 2α12lnAIit × lnHRit (14)

This expression describes the marginal impact of AI innovation on emission intensity
at different levels of human capital: a positive derivative indicates that AI innovation raises
the emission intensity, whereas a negative one indicates that mitigation has set in.

The turning point of the AI–emission intensity relationship follows as

lnAIit
∗ =

−α1 − α11lnHRit
2(α2 + α12lnHRit)

(15)

Differentiating Equation (15) with respect to human capital gives the response of the
turning point to the moderator:

∂lnAIit
∗

∂lnHRit
=

2(α 1α12 − α2α11)

(2α2 + 2α12lnHRit)
2 (16)

Equation (16) shows that when α1α12 − α2α11 > 0, rising human capital shifts
the turning point of the AI–emission intensity relationship rightward—the marginal
mitigation curve is pushed back, meaning AI innovation must reach a higher intensity
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before its mitigation effect fully materializes. Conversely, when α1α12 − α2α11 < 0,
stronger human capital shifts the turning point leftward, implying that AI innovation
begins to reduce emissions at a lower intensity. Human capital thus not only shapes
the diffusion efficiency and green conversion capacity of AI innovation but also plays
a substantive moderating role in the nonlinear process through which AI innovation
affects carbon emission intensity.

5. Empirical Results and Robustness Checks
Figures 1 and 2 present the spatial distributions of carbon emission intensity and

strict-definition AI patent applications in 2011, 2015, 2020, and 2024. Carbon emission
intensity declines across most provinces over the sample period but remains high in
several energy-producing provinces, particularly Shanxi, Inner Mongolia, and Ningxia.
AI patenting increases substantially and gradually diffuses inland, although activity
remains concentrated in the eastern coastal provinces. The spatial distribution of AI
patenting therefore differs from that of carbon emission intensity. This contrast moti-
vates the inclusion of province and year fixed effects and the subsequent analysis of
regional heterogeneity.

Figure 1. Spatial distribution of carbon emission intensity across provincial-level regions in China
(2011, 2015, 2020, and 2024). Notes: Carbon emission intensity was provincial CO2 emissions divided
by real GDP at constant 2010 prices, in Mt per 108 CNY. Emission data for 2011–2022 were obtained
from CEADs; values for 2023–2024 were extrapolated as described in Section 4.1.1. The five class
intervals were identical across all panels. Tibet, Hong Kong, Macao, and Taiwan are outside the
estimation sample and are shown unshaded. The base map follows the standard map of the Ministry
of Natural Resources of China, with no modifications to the boundaries.
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Figure 2. Spatial distribution of strict-definition AI patent applications across provincial-level regions
in China (2011, 2015, 2020, and 2024). Notes: Panels report raw application counts; the regression
variable was ln(1 + AI patent applications). Patents were identified with the joint IPC–keyword
procedure described in Section 4.1.2. The five class intervals were identical across all panels. A value
of zero denotes an observed province–year with no qualifying application, shown in the lightest
shade; Tibet, Hong Kong, Macao, and Taiwan are outside the estimation sample and are shown
unshaded. The base map follows the standard map of the Ministry of Natural Resources of China,
with no modifications to the boundaries.

5.1. Baseline Regression Results

Table 3 reports a sequence of provincial fixed-effects specifications examining the
relationship between patent-based AI innovation intensity and carbon emission intensity.

Table 3. Baseline regression results.

Variable (1)
lnCIit

(2)
lnCIit

(3)
lnCIit

(4)
lnCIit

lnAIit
−0.144 ***

(0.016)
−0.079 *
(0.043)

0.067 *
(0.035)

0.062 *
(0.034)

(lnAIit)2 −0.009 *
(0.005)

−0.012 ***
(0.003)

−0.016 ***
(0.005)

Controls No No Yes Yes
Province FE Yes Yes Yes Yes

Year FE No No No Yes
Observations 420 420 420 420

R2 0.6356 0.6565 0.7527 0.7782
Notes: Robust standard errors clustered at the provincial level are given in parentheses; *** and
* denote significance at the 1% and 10% levels, respectively.
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Table 3 reports the estimates from a sequence of fixed-effects specifications. Column
(1) includes the linear AI term and province fixed effects. The coefficient is negative and
statistically significant, indicating a negative average association between AI innovation
intensity and carbon emission intensity under a linear specification. Column (2) introduces
the squared term. Both coefficients are negative and significant at the 10% level. Although
this result indicates concavity, it does not support an inverted-U-shaped relationship
because the implied turning point lies outside the observed sample range.

Column (3) adds the provincial-level controls. The linear coefficient becomes positive
(0.067) and is significant at the 10% level, while the squared coefficient remains negative
(−0.012) and is significant at the 1% level. Column (4) further includes year fixed effects
to absorb nationwide shocks common to all provinces. In this specification, the linear
coefficient is 0.062 and significant at the 10% level, whereas the squared coefficient is
−0.016 and significant at the 1% level. The within R2 is 0.7782.

Column (4) is therefore adopted as the preferred baseline specification. Conditional
on the observed provincial characteristics and the two sets of fixed effects, its coefficient
pattern is consistent with an inverted-U-shaped relationship: carbon emission intensity
initially increases with AI innovation intensity, while the estimated marginal effect be-
comes negative beyond a certain level. This interpretation applies to the fully specified
conditional model and should not be extended to the more parsimonious specifications in
Columns (1) and (2).

The signs and significance of the two polynomial terms are not, by themselves, suf-
ficient to establish an inverted U shape within the observed data range. The next section
therefore applies the Lind–Mehlum test to examine the endpoint slopes and the location of
the estimated turning point. Subsequent analyses assessed the sensitivity of the estimated
curvature to alternative variable definitions, sample treatments, and potential endogeneity.

5.2. Formal Test of the Inverted-U-Shaped Relationship

To assess whether the estimated quadratic relationship constitutes an inverted U
within the observed data range, we applied the Lind–Mehlum U-test [20,21] to the preferred
baseline specification. Table 4 reports the results.

Table 4. Lind–Mehlum U-test results.

Indicator Value Description

Sample range [0.000, 8.311] Effective sample range of the core explanatory variable
Extreme point 1.948 Lies within the sample range

Slope at lower bound 0.062 ** Significantly positive at the sample minimum
Slope at upper bound −0.203 *** Significantly negative at the sample maximum

U-test statistic 1.848 ** Rejects the null of a monotone or U-shaped relationship
U-test p-value 0.0374 The inverted-U-shaped relationship is statistically supported

Observations below/above turning point 68/352 Both sides of the estimated turning point are represented
in the sample.

Notes: This table reports the Lind–Mehlum test [21] for an inverted-U relationship. The lower-
and upper-bound slopes are the first derivatives of the estimated relationship evaluated at the
sample minimum and maximum of the core explanatory variable. The endpoint-slope p-values
are one-sided, as required by the Lind–Mehlum test. *** and ** denote significance at the 1% and
5% levels, respectively.

Table 4 shows that the estimated slope is positive at the lower bound of the sample
range (0.062, p = 0.0374) and negative at the upper bound (−0.203, p = 0.0015). The overall
U-test statistic is 1.848, with a p-value of 0.0374. The null hypothesis of a monotonic or U-
shaped relationship is therefore rejected at the 5% level. Thus, in the preferred specification,
the negative quadratic coefficient corresponds to a change in the direction of the estimated
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relationship within the observed range rather than merely reflecting concavity outside
the sample.

The estimated turning point is 1.948, which lies within the observed range of [0, 8.311].
Because AI innovation intensity is measured as the natural logarithm of one plus the
number of strict-definition AI patent applications, this value corresponds to approximately
six patent applications. The fitted relationship has a positive slope below this point and a
negative slope above it.

Of the 420 province–year observations, 68 fall below the estimated turning point and
352 are located at or above it. Both sides of the fitted curve are therefore represented
by observed data, although the observations are concentrated on its downward-sloping
segment. Taken together, the endpoint slopes, the overall U-test, and the turning point
location provide statistical support for an inverted-U-shaped pattern in the preferred
baseline specification. However, this evidence remains relatively close to the 5% significance
threshold and should not be interpreted as establishing a causal relationship. The following
sections therefore examine whether the estimated curvature is preserved under alternative
measurements, sample treatments, and identification strategies.

5.3. Robustness Checks

We next examined whether the baseline result was sensitive to the data-extension
procedure, variable measurement, extreme observations, regional sample composition,
or explanatory variable timing. Column (5) restricts the sample to 2011–2021, excluding
the observed 2022 anchor year and the extrapolated observations for 2023 and 2024. This
conservative pre-anchor specification assesses whether the estimated curvature was already
present before the emissions series was extended. Column (6) uses an alternative measure
of carbon emission intensity, while Column (7) replaces the strict AI patent classification
with the broad classification. Column (8) winsorizes the continuous variables at the 1st and
99th percentiles, Column (9) excludes Beijing and Shanghai, and Column (10) introduces
a one-period lag in both AI terms. All specifications retain the full set of controls and
province and year fixed effects.

The quadratic term remains negative and statistically significant across all six robust-
ness specifications. When the sample is restricted to 2011–2021, the coefficient on the
squared AI term is −0.015 and significant at the 1% level. Its implied turning point is
2.026, close to the full-sample estimate of 1.948 reported in Table 4. The Lind–Mehlum test
for the restricted sample also rejects the null of a monotone or U-shaped relationship at
the 5% level (t = 1.71, p = 0.0487). The estimated slopes at the lower and upper bounds are
0.062 and −0.189, respectively, with 68 observations below the turning point and 262 at or
above it. The estimated curvature and interior turning point are therefore not driven by
observations from 2022–2024. Because this specification excludes the observed 2022 and
reconstructed 2023–2024 values, it constitutes a conservative check on the extension of the
emissions series.

Using the alternative measure of carbon emission intensity produces a quadratic
coefficient of −0.009, significant at the 5% level. Replacing the strict patent classification
with the broad-definition measure yields an estimate of −0.016, significant at the 1% level.
After winsorization, the quadratic coefficient remains −0.015 and significant at the 1% level.
Excluding Beijing and Shanghai produces an estimate of −0.014, while the coefficient on
the one-period-lagged squared term is also −0.014; both are significant at the 1% level.

The estimates obtained from the 2011–2021 sample, the winsorized sample, the re-
stricted regional sample, and the lagged specification are close to the preferred full-sample
quadratic coefficient reported in Table 3. The estimated concavity is therefore not at-
tributable solely to the inclusion of post-2021 observations, extreme values, the two leading
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patenting regions, or the contemporaneous timing of patent activity. It also remains present
under alternative definitions of carbon emission intensity and AI-related patent activity.

The linear coefficient is estimated less precisely in some specifications, particularly
when the outcome measure or patent classification is changed. Table 5 should therefore
be interpreted as evidence that the negative curvature is stable, rather than as showing
that every alternative specification independently establishes an inverted-U-shaped re-
lationship. Formal evidence of a change in slope within the observed range is provided
by the Lind–Mehlum test in Table 4. Similarly, the lagged specification reduces concerns
about contemporaneous feedback but does not eliminate possible endogeneity, which was
examined separately in the subsequent identification analyses.

Table 5. Robustness checks.

Variable
(5)

2011–2021
Sample

(6)
Alternative

Outcome

(7)
Broad AI
Measure

(8)
Winsorized

(9)
Excl. BJ & SH

(10)
Lagged AI

Dependent variable lnCIit lnCIit
alt lnCIit lnCIit lnCIit lnCIit

lnAIit
0.062 *
(0.036)

0.012
(0.027)

0.071
(0.074)

0.060 *
(0.034)

0.058 *
(0.033)

lnAIi,t−1
0.058 **
(0.028)

(lnAIit)2 −0.015 ***
(0.005)

−0.009 **
(0.004)

−0.016 ***
(0.006)

−0.015 ***
(0.005)

−0.014 ***
(0.004)

(lnAIi,t−1)2 −0.014 ***
(0.004)

Controls Yes Yes Yes Yes Yes Yes
Province FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Observations 330 420 420 420 392 390
R2 0.7696 0.9180 0.7753 0.7751 0.7831 0.7710
Implied turning point 2.026 0.637 2.221 1.973 2.075 2.015

Notes: Column (5) restricts the sample to 2011–2021 and excludes all observations from 2022–2024.
Column (6) uses an alternative measure of carbon emission intensity. Column (7) uses the broad-
definition AI patent measure. Column (8) winsorizes all continuous variables at the 1st and 99th
percentiles. Column (9) excludes Beijing and Shanghai. Column (10) uses the one-period-lagged
AI terms. Standard errors clustered at the provincial level are reported in parentheses. ***, **, and
* indicate significance at the 1%, 5%, and 10% levels, respectively.

5.4. Endogeneity Diagnostics

Although the fixed-effects specification absorbs time-invariant provincial character-
istics and common year shocks, the estimates may still be affected by reverse causality,
omitted time-varying factors, or measurement error in the patent-based AI variable. We
therefore conducted Durbin–Wu–Hausman tests using the internal-structure Bartik vari-
ables described in Section 5.5 as instruments [50–55]. Because the linear and quadratic
AI terms entered the model, their exogeneity was examined jointly and separately.
Table 6 reports the results.

The joint test for the linear and quadratic AI terms produces a statistic of 2.134 and
a p-value of 0.3441. The null hypothesis that the two terms can be treated as exogenous
therefore cannot be rejected. The separate tests yield the same conclusion. The test statistic
is 0.713 for the linear term, with a p-value of 0.3985, and 2.013 for the quadratic term,
with a p-value of 0.1559. Thus, within this specification, the data do not provide sufficient
evidence that either term is endogenous.
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Table 6. Durbin–Wu–Hausman endogeneity tests.

Tested Regressor(s) Test Statistic Distribution p-Value Conclusion

Linear and quadratic AI terms 2.134 χ2(2) 0.3441 Failed to reject exogeneity
Linear AI term 0.713 χ2(1) 0.3985 Failed to reject exogeneity
Quadratic AI term 2.013 χ2(1) 0.1559 Failed to reject exogeneity

Notes: The null hypothesis is that the tested regressor or regressors can be treated as exogenous. The
tests used the internal-structure Bartik variables as instruments and were based on the 2011–2023 sam-
ple of 30 provinces (N = 390). All specifications included the full set of controls, as well as province
and year fixed effects. Standard errors were clustered at the provincial level. Because the test was con-
ditional on instrument validity and relevance, the results were interpreted as endogeneity diagnostics
rather than evidence that endogeneity is absent.

This result should not be interpreted as proof of exogeneity. The Durbin–Wu–Hausman
tests are conditional on instrument relevance and validity and may have limited power
under weak identification. They are therefore treated as preliminary diagnostics rather than
as a basis for dismissing endogeneity concerns. The following sections examine the issue
further using the internal-structure Bartik design and an instrument-free copula-control-
function approach.

5.5. Alternative Identification Using the Internal-Structure Bartik Design
5.5.1. Instrument Construction

To obtain variation in provincial AI innovation that is less dependent on contempora-
neous local economic conditions, we constructed an internal-structure Bartik instrument.
The instrument combined the technological composition of provincial AI patenting
before the estimation period with subsequent technology-specific patent growth out-
side China. It therefore consisted of a fixed provincial exposure component and a
time-varying external shift.

AI patents are divided into four branches: algorithms, computer vision, speech pro-
cessing, and natural language processing. For each province, the baseline share of branch k
is calculated over 2005–2010 using

sik,0 =
∑2010

τ=2005 PCN
ikτ

∑4
l=1 ∑2010

τ=2005 PCN
ilτ

(17)

where PCN
ikτ denotes the number of patent applications in branch k, province i, and year

τ. The four shares sum to one within each province. Accordingly, the exposure measure
captures the initial composition of provincial AI innovation rather than its initial scale.

The time-varying shifts were constructed from non-China-origin patent families
recorded in EPO PATSTAT. Let P−CN

kt denote the number of non-China patent families
in branch k and year t. The external shock was defined relative to 2010:

g−CN
kt = ln

(
1 + P−CN

kt

)
− ln

(
1 + P−CN

k,2010

)
(18)

Excluding China-origin patent families prevented patenting by Chinese provinces
from entering the external shift mechanically. The use of 2010 as the reference year also
separated the predetermined exposure period from the 2011–2023 estimation sample.

The internal-structure Bartik variable was constructed as

Bartikstruct
it =

4

∑
k=1

sik,0 g−CN
kt (19)
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The instrument takes a higher value when a province was initially more specialized in
AI branches that subsequently expanded more rapidly outside China. Before estimation,
the Bartik variable was standardized to have a mean of zero and a standard deviation
of one.

Because the outcome equation contains the linear and quadratic AI terms, the logged
AI variable is centered at its mean in the 2011–2023 estimation sample:

Xc
it = lnAIit − lnAI = lnAIit − 4.1952 (20)

The two potentially endogenous regressors are Xc
it and

(
Xc

it
)2. The standardized Bartik

variable and its square serve as the corresponding excluded instruments. Centering does
not alter the fitted quadratic relationship or the turning point expressed on the original
ln(1 + AI patents) scale, but it reduces the mechanical correlation between the linear and
quadratic terms.

The identifying variation arises from differences in provinces’ initial exposure to sub-
sequent foreign technological developments. For example, a given expansion in computer-
vision patents abroad generates a larger predicted shock in provinces that were more
specialized in computer vision during the baseline period. Province fixed effects absorb
time-invariant differences in technological structure, while year fixed effects account for
shocks common to all provinces.

The exclusion restriction requires that, conditional on the controls and fixed effects,
foreign branch-specific patent growth affects provincial carbon emission intensity through
domestic AI innovation rather than through an independent channel. It also requires that
the baseline composition of AI patenting is not systematically associated with unobserved
changes in carbon emission intensity after 2010. Defining the exposure component within
the AI technology field limits some of the direct channels associated with broader historical
education or geographical variables, but it does not establish the exclusion restriction by
itself. The Bartik estimates are therefore accompanied by weak-identification diagnostics
and randomization inference in the following sections.

5.5.2. Bartik Estimation Results

The external shock series was available through 2023, and thus, the Bartik analysis
used the 2011–2023 sample, which comprised 390 observations from 30 provinces. To sep-
arate changes arising from the shorter sample from those attributable to the instrument,
Column (11) re-estimates the two-way fixed-effects model using the same observations
as the 2SLS specification. Column (12) reports the internal-structure Bartik estimate.
Table 7 reports the same-sample TWFE and internal-structure Bartik estimates.

The same-sample fixed-effects estimate remains concave. The coefficient on the
squared AI term is −0.0160 and is significant at the 1% level, while the corresponding
turning point is 1.8501. This indicates that the shorter 2011–2023 sample does not account
for the negative curvature found in the baseline analysis. In the Bartik specification, the
quadratic coefficient is −0.0240 and remains significant at the 1% level. The turning-point
estimate is 3.6549, which lies within the observed range of the AI variable.

The estimated slope is positive at the sample minimum (0.1757) and negative at the
sample maximum (−0.2239). The endpoint-based inverted-U test, however, yields a p-value
of 0.1007, marginally above the 10% threshold. The Bartik specification therefore supports
negative curvature and produces a turning-point estimate within the sample range, but it
does not independently establish an inverted-U shape at conventional significance levels.
The turning point is also estimated imprecisely. These results are therefore treated as
supplementary evidence and interpreted together with the weak-identification diagnostics
reported below.
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Table 7. Same-sample TWFE and internal-structure Bartik estimates.

Variable/Statistic (11) Same-Sample TWFE (12) Internal-Structure Bartik 2SLS

Centered AI term −0.0749 **
(0.0328)

−0.0260
(0.1313)

Squared centered AI term −0.0160 ***
(0.0050)

−0.0240 ***
(0.0060)

Turning point in original AI scale 1.8501
(0.8985)

3.6549
(2.6329)

Slope at sample minimum 0.1757
(0.0998)

Slope at sample maximum −0.2239
(0.1712)

Endpoint-based inverted-U p-value 0.1007
Controls & province FE & year FE Yes Yes

Observations 390 390

Notes: AI innovation intensity was centered at its 2011–2023 sample mean of 4.1952 before con-
structing the squared term. Turning points were converted back to the original ln(1 + AIpatents)
scale. Standard errors clustered at the provincial level are reported in parentheses. *** and ** indicate
significance at the 1% and 5% levels, respectively.

5.5.3. Weak-Identification Diagnostics

Instrument relevance was assessed at the equation-specific and system levels. This
distinction is important because the model contains two endogenous regressors and two
excluded instruments. A strong relationship in each separate first stage does not necessarily
imply that the two endogenous terms are jointly well-identified [56,57]. Table 8 reports the
first-stage and weak-identification diagnostics.

Table 8. First-stage and weak-identification diagnostics.

Diagnostic AI Term AI Squared Joint/Model Statistic p-Value

Excluded-instrument F 26.12 49.63 0.0001/<0.0001
Sanderson–Windmeijer F 11.45 19.65 0.0021/0.0001
Kleibergen–Paap rk LM 2.355 0.1249

Kleibergen–Paap rk Wald F 4.213
Anderson–Rubin Wald F 10.68 0.0003

Stock–Wright LM S 2.42 0.2976

Notes: All diagnostics were cluster-robust. The model contains two endogenous regressors and
two excluded instruments and is therefore exactly identified; an overidentification test is not
available. Conventional Stock–Yogo critical values do not directly apply to the cluster-robust
Kleibergen–Paap statistic.

The separate first stages are statistically significant. The excluded-instrument F statis-
tics are 26.12 for the linear term and 49.63 for the quadratic term, while the corresponding
Sanderson–Windmeijer statistics are 11.45 and 19.65. The instruments therefore contain
relevant information for each endogenous regressor when considered separately.

The system-level diagnostics are less favorable. The Kleibergen–Paap rk Wald F
statistic is 4.213, and the rk LM test does not reject under-identification at conventional
levels. The combination of the linear and quadratic endogenous terms is consequently only
weakly identified. The Anderson–Rubin test rejects the joint null that both endogenous
coefficients are zero (F = 10.68, p = 0.0003), whereas the Stock–Wright test does not reject the
same null at conventional significance levels (p = 0.2976) [58,59]. The divergence between
these weak-identification-robust tests further indicates that inference regarding the two
endogenous terms should remain cautious. These weak-identification-robust tests concern
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the joint contribution of the endogenous terms; they do not, by themselves, establish the
sign of the quadratic coefficient or the location of the turning point.

Given the evidence of weak joint identification, the Bartik estimates are treated as
supplementary evidence rather than as definitive causal estimates.

5.5.4. Randomization Inference

A randomization exercise was used to determine whether the observed first-stage
relevance and quadratic estimate could be reproduced by an arbitrary pairing of provincial
exposure structures and external technology shocks. The four-element baseline-share vector
was randomly reassigned across provinces, while the foreign shock series and its temporal
ordering were held fixed. The Bartik variables and the corresponding first-stage and 2SLS
models were then reconstructed. This procedure was repeated 1000 times.

Permuting the complete exposure vector preserves the internal correlation between
the four technology shares and ensures that they continue to sum to one. The exercise
breaks only the observed correspondence between a province and its actual baseline AI
structure. Table 9 reports the randomization-inference results.

Table 9. Randomization inference for the internal-structure Bartik design.

Statistic Actual Value Empirical p-Value Tail

First-stage F for the linear AI term 26.118 0.0150 Right
First-stage F for the squared AI term 49.630 0.0100 Right

Studentized 2SLS t-statistic for the squared AI term −4.003 0.0010 Two-sided

Notes: Provincial baseline AI structures were randomly permuted 1000 times, while the four foreign
technology shocks were held fixed. Empirical p-values used the finite-randomization correction. The
studentized statistic is reported because it is less sensitive than the raw coefficient to variation in
instrument strength across permutations.

The actual first-stage statistics lie in the upper tail of their respective permutation
distributions. The empirical p-values are 0.0150 for the linear AI term and 0.0100 for
the squared term. Thus, the relevance of the observed instrument is not readily repro-
duced by randomly assigning baseline technical structures across provinces. The actual
studentized statistic for the quadratic coefficient is −4.003, with a two-sided empirical
p-value of 0.0010, placing the observed negative curvature in the extreme tail of the
randomized distribution.

The randomization exercise strengthens the case that the results depend on the ob-
served alignment between provincial AI specialization and subsequent foreign technology
shocks rather than on an arbitrary reassignment of exposure shares. However, it does not
prove the exclusion restriction or eliminate the weak-identification problem documented in
Table 8. The randomization results and the weak-instrument diagnostics therefore serve
different purposes: the former assesses whether the observed share–shock matching is
unusual, whereas the latter evaluates the strength of joint identification.

5.6. Instrument-Free Sensitivity Analysis Using 2sCOPE-np

The internal-structure Bartik design provides evidence under an external-shock
identification strategy, but its interpretation remains subject to instrument strength and
the exclusion restriction. As a complementary exercise, this section presents the results
of applying the two-stage nonparametric copula-control-function approach (2sCOPE-np)
developed by Hu et al. [60]. This method does not require an excluded instrumental
variable. Instead, it uses the conditional distribution of the potentially endogenous
regressor to construct a control function that captures its remaining dependence with
the structural error.
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The 2sCOPE-np results are not intended to replace either the fixed-effects estimates
or the Bartik design; rather, they provide evidence under a different set of identifying
assumptions. Consistent findings across these approaches are informative because their
respective sources of identification are distinct.

5.6.1. Method and Identification Conditions

Let
Xit = ln(1 + AIit) (21)

where AIit denotes the number of strict-definition AI patent applications in province
i and year t. Let Kit denote the vector of control variables. In the first stage, Xit and
the continuous controls were transformed into deviations from their province-specific
means. A kernel estimator was then used to estimate the conditional cumulative distri-
bution function:

F̂X̃|K̃,t

(
X̃it | K̃it, t

)
(22)

where year indicators were included among the conditioning variables. The bandwidth
was selected using least-squares cross-validation. The copula control function was con-
structed as

Ĉit = Φ−1
[

F̂X̃|K̃,t

(
X̃it | K̃it, t

)]
(23)

where Φ−1(·) denotes the inverse standard-normal distribution function.
In the second stage, the baseline quadratic fixed-effects model was augmented with

the estimated control function:

lnCIit = β1Xit + β2X2
it + ρĈit + γ′Kit + λi + δt + εit (24)

The coefficient ρ captures the component of dependence between AI innovation
intensity and the structural error represented by the copula control function. A statistically
significant estimate of ρ would indicate residual dependence consistent with endogeneity
under the maintained copula specification. Since X2

it is a deterministic transformation of
Xit, the augmented equation contains one control function for the underlying AI variable
rather than a separate control function for its squared term.

Although this strategy does not rely on an exclusion restriction, it is not assumption-free.
First, the conditional copula must adequately represent the dependence between the endoge-
nous regressor and the structural error, or its endogenous component, after conditioning on
the included covariates. Second, the generated control function must not be a linear combina-
tion of the other regressors in the outcome equation. Third, the conditional distribution of Xit

must contain sufficient variation for reliable nonparametric estimation.
The implementation used 420 observations that covered 30 provinces over 2011–2024. AI

innovation intensity takes 253 distinct values, and zero-patent observations account for
4.76% of the sample. The estimated conditional probabilities range from 0.028 to 0.965, and
none required boundary clipping before the normal-score transformation. The correla-
tions of the generated control function with Xit and X2

it are 0.217 and 0.158, respectively.
Moreover, including the control function increases the estimated standard errors of the
linear and quadratic terms by only 4.68% and 6.86%, respectively. These diagnostics do not
indicate that the augmented model is affected by serious near-collinearity.

The distribution of AI innovation intensity departs from normality, with a skewness
of −0.311, kurtosis of 2.431, and a Shapiro–Wilk p-value below 0.001. Nevertheless, the
departure from normality is moderate. The results should therefore be interpreted as condi-
tional on the maintained copula restrictions. In particular, failure to detect a statistically
significant control-function coefficient cannot establish the absence of endogeneity.
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5.6.2. 2sCOPE-np Estimates

Table 10 compares the original two-way fixed-effects estimates with the 2sCOPE-np
augmented estimates. Column (1) reproduces the baseline specification. Column (2) adds
the nonparametrically estimated copula control function and reports the inference based
on 999 province-cluster bootstrap replications.

Table 10. Uncorrected TWFE and 2sCOPE-np estimates.

Variable/Statistic (1) Uncorrected TWFE (2) 2sCOPE-np

AI innovation intensity, Xit
0.062 *
(0.034)

0.089 *
(0.037)

Squared AI term, X2
it

−0.016 ***
(0.005)

−0.016 ***
(0.005)

Copula control function, Ĉit - −0.0255
(0.0292)

Turning point 1.948 2.852
Controls & province FE & year FE Yes Yes

Observations 420 420
Notes: The dependent variable was the logarithm of carbon emission intensity. Province-clustered
standard errors are reported for the uncorrected TWFE model. The 2sCOPE-np column reports
province-cluster bootstrap standard errors based on 999 successful replications. Significance in
Column (2) was based on finite-sample-adjusted empirical bootstrap p-values. *** and * denote
significance at the 1% and 10% levels, respectively. The turning points are reported on the
ln(1 + AI) scale.

Table 10 compares the conventional two-way fixed-effects estimates with those ob-
tained after introducing the nonparametric copula control function. The correction increases
the linear coefficient from 0.062 to 0.089, whereas the quadratic coefficient changes only
slightly, from −0.0159 to −0.0155. The negative curvature identified in the baseline model
is therefore preserved after the control function is introduced.

The estimated turning point moves from 1.948 in the uncorrected model to 2.852 in the
corrected model but remains within the observed range of [0, 8.311]. Based on the corrected
point estimates, the slope is positive at the sample minimum (0.089) and negative at the
sample maximum (−0.170). The correction therefore affects the estimated location of the
turning point more than the direction of the curvature.

The coefficient of the copula control function is −0.0255. This coefficient captures
the component of the dependence between AI innovation intensity and the unobserved
determinants of carbon emission intensity that is represented by the copula term. Its
point estimate alone is not sufficient to establish the presence or absence of endogeneity.
Statistical inferences for this coefficient, the quadratic term, and the turning point were
therefore based on the province-cluster bootstrap reported in the following subsection.

Overall, the 2sCOPE-np point estimates do not indicate that the negative quadratic
coefficient in the baseline model is generated by the omission of the copula control function.
The method nevertheless relies on distributional and control-function assumptions that
differ from those underlying the Bartik design. The results are consequently interpreted as
a complementary sensitivity analysis rather than as definitive causal identification.

5.6.3. Cluster Bootstrap and Leave-One-Province-Out Analysis

Because the copula control function is generated in the first stage, conventional second-
stage standard errors do not incorporate all estimation uncertainty. Observations within the
same province may also be serially correlated. Inference is therefore based on a province-
cluster bootstrap [61]. Provinces, rather than individual province–year observations, were
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resampled, and the complete two-stage procedure was re-estimated in each replication. All
999 bootstrap replications converge successfully.

The sensitivity of the results to individual provinces was examined through a leave-
one-province-out analysis. The complete 2sCOPE-np model was re-estimated 30 times,
sequentially excluding one province and all its yearly observations. Table 11 reports the
cluster-bootstrap and leave-one-province-out diagnostics.

Table 11. Cluster-bootstrap and leave-one-province-out diagnostics.

Panel A. Province-cluster bootstrap results.

Statistic Point Estimate Bootstrap SE 95% Percentile
Interval

Adjusted Empirical
p-Value

Linear AI term 0.0886 0.0365 [−0.0074, 0.1394] 0.086
Squared AI term −0.0155 0.0051 [−0.0261, −0.0059] 0.006

Copula control function −0.0255 0.0292 [−0.0431, 0.0647] 0.844
Turning point 2.8518 1.1269 [−0.2931, 3.8464] -

Slope at sample minimum 0.0886 0.0365 [−0.0074, 0.1394] 0.086
Slope at sample maximum −0.1695 0.0707 [−0.3427, −0.0801] 0.006

Panel B. Leave-one-province-out results.

Statistic Result

Successful estimations/negative quadratic coefficient 30/30
Quadratic coefficient significant at 5%/turning point within the remaining sample 30/30

Positive slope at sample minimum/negative slope at sample maximum 30/30
All pointwise inverted-U conditions satisfied 30/30

Quadratic coefficient: minimum/median/maximum −0.0183/−0.0156/−0.0131
Turning point: minimum/median/maximum 1.034/2.965/3.717

Significant copula control function at 5% 0/30

Notes: Panel (A) reports percentile intervals from 999 province-cluster bootstrap replications. Empiri-
cal p-values used a finite-sample adjustment. No p-value is reported for the turning point because
testing whether the turning point equals zero has no substantive interpretation in the present set-
ting. Panel (B) reports results from re-estimating the complete 2sCOPE-np model after sequentially
excluding each of the 30 provinces.

The bootstrap results indicate that the negative quadratic coefficient is not an artifact
of conventional second-stage inference. Its 95% percentile interval remains entirely below
zero, and the coefficient is negative in 997 of the 999 bootstrap replications (99.8%). The
slope at the sample minimum is positive in 957 replications (95.8%), while the slope at the
sample maximum is negative in 997 replications (99.8%). The estimated turning point lies
within the sample range in 957 replications (95.8%). Taken jointly, all pointwise conditions
for an inverted U shape are satisfied in 956 of the 999 replications (95.7%).

The lower-bound slope is estimated less precisely than the quadratic coefficient. Its
adjusted empirical p-value is 0.086, and its 90% percentile interval remains above zero
[0.0032, 0.1247], although the corresponding 95% interval marginally crosses zero. The
slope at the upper bound is significantly negative (p = 0.006), and the estimated turning
point of 2.852 lies within the observed range. Its 90% percentile interval [0.140, 3.508] also
remains within that range. The copula-corrected estimates therefore provide bootstrap-
based support for an inverted-U-shaped relationship at the 10% level, although the initial
upward-sloping segment is estimated less precisely than the subsequent decline.

The leave-one-province-out results further indicate that the estimates are not driven by
a particular province. The quadratic coefficient remains negative and statistically significant
in all 30 estimations, ranging from −0.0183 to −0.0131. The corresponding turning points
range from 1.034 to 3.717 and remain within the relevant sample range in every case.
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The slopes at the lower and upper bounds retain their expected positive and negative
signs throughout. The control-function coefficient is insignificant in every leave-one-out
estimation, with p-values ranging from 0.191 to 0.692.

Taken together, the 2sCOPE-np estimates lead to two conclusions. First, the proce-
dure does not detect statistically significant residual dependence between AI innovation
intensity and the outcome disturbance under the maintained copula assumptions. The
control-function coefficient is small and statistically insignificant, although this finding
should not be interpreted as proof of exogeneity. Second, after the control function is
introduced, the negative quadratic coefficient, the opposing endpoint slopes, and the
interior turning point are preserved. The bootstrap results support an inverted-U-shaped
relationship at the 10% level, and the leave-one-province-out estimates show that this
pattern is not driven by any single province. The 2sCOPE-np results therefore provide
complementary evidence that the estimated nonlinear pattern is not materially altered
by the modeled endogeneity correction.

5.7. Synthesis of Identification Results

The empirical results provide broadly convergent evidence of negative curvature in
the relationship between AI innovation intensity and carbon emission intensity. In the
preferred two-way fixed-effects specification, the Lind–Mehlum test rejects a monotonic
or U-shaped relationship at the 5% level, and the estimated turning point lies within
the observed sample range. The robustness checks consistently retain a negative and
statistically significant quadratic coefficient under alternative variable definitions, sample
treatments, and temporal specifications. These checks primarily establish the stability of the
estimated curvature; they should not be interpreted as separate formal tests of an inverted
U shape in every specification.

The endogeneity diagnostics do not reject the exogeneity of the linear and quadratic
AI terms, although this result cannot establish that endogeneity is absent. The internal-
structure Bartik specification produces a significantly negative quadratic coefficient and a
turning-point estimate within the sample range. The randomization exercise further shows
that the observed first-stage strength and the studentized statistic for the quadratic term
are difficult to reproduce by arbitrarily reallocating the baseline technological structures
across provinces. Nevertheless, the endpoint-based inverted-U test yields a p-value of
0.1007, marginally above the 10% threshold; the turning point is estimated imprecisely,
and the Kleibergen–Paap statistic indicates weak joint identification. The Bartik results are
therefore treated as supplementary evidence of negative curvature and an economically
admissible turning point rather than as definitive causal estimates.

The instrument-free 2sCOPE-np analysis yields a similar nonlinear pattern. The
copula control function is statistically insignificant, indicating that the procedure does
not detect substantial residual endogeneity under the maintained assumptions. After the
control function is introduced, the quadratic coefficient remains significantly negative,
the estimated slopes have the expected positive and negative signs at the sample bounds,
and the turning point remains within the observed range. Province-cluster bootstrap
inference supports the inverted-U-shaped relationship at the 10% level, while all 30 leave-
one-province-out estimations preserve the pointwise shape conditions.

Taken together, the evidence is strongest for negative curvature and for the presence
of a turning point within the observed data range under the preferred specification. Its
precise location varies between estimation methods and is less precisely determined under
the supplementary identification strategies. The turning point should therefore be inter-
preted as a sample-dependent transition range rather than as a universal or mechanically
applicable policy threshold.
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6. Decomposition and Extended Analyses
6.1. Decomposition of the Energy–Carbon Link

Table 12 reports the exact decomposition of the estimated relationship. Column (1) re-
produces the preferred carbon-intensity specification. Columns (2) and (3) use energy
intensity and the carbonization factor as the dependent variables, respectively. Each equa-
tion includes the full set of controls together with province and year fixed effects.

Table 12. Exact decomposition of the estimated carbon-intensity relationship.

Variable (1) Carbon Intensity (2) Energy Intensity (3) Carbonization Factor

AI innovation intensity 0.062 *
(0.034)

0.048 *
(0.027)

0.014
(0.032)

Squared AI term −0.016 ***
(0.005)

−0.012 ***
(0.003)

−0.003
(0.004)

Controls & province FE & year FE Yes Yes Yes
Observations 420 420 420

R2 0.7782 0.8361 0.2351

Notes: The dependent variables were ln C
GDP , ln E

GDP , and ln C
E for Columns (1)–(3), respectively.

Robust standard errors clustered at the provincial level are reported in parentheses. *** and * denote
significance at the 1% and 10% levels, respectively.

The coefficient identities hold exactly at full estimation precision. The minor discrepancies
among the reported four-decimal estimates are due solely to rounding: for the linear term,
0.0621 ≈ 0.0484 + 0.0136, while for the quadratic term, −0.0159 ≈ −0.0125 − 0.0035. The
decomposition indicates that the estimated curvature is concentrated in the energy-intensity
component. The squared coefficient in the energy-intensity equation is −0.0125 and significant
at the 1% level, accounting for 78.2% of the total quadratic coefficient. The corresponding
coefficient in the carbonization-factor equation is −0.0035 and is statistically insignificant,
accounting for the remaining 21.8%.

These results suggest that the estimated curvature operates predominantly through
changes in the amount of energy used per unit of output. At relatively low levels of AI
innovation, the expansion of computing infrastructure, equipment, and complementary
production capacity may increase energy requirements. As innovation becomes more
developed, improvements in production scheduling, resource allocation, and energy man-
agement become more important, reducing energy use per unit of output. By contrast,
the estimates provide less evidence that the curvature is driven by changes in the average
carbon content of energy consumption.

The contribution percentages are accounting shares of the estimated quadratic coeffi-
cient rather than causal mediation proportions. In particular, the carbonization factor is
derived from the same emissions and energy accounts and is not statistically independent
of carbon intensity. The decomposition should therefore be interpreted as distinguish-
ing two physical margins—the quantity of energy used and the carbon content of that
energy—rather than as estimating separate causal mediators.

The preceding decomposition addresses the accounting relationship between emis-
sions and energy use, but carbon intensity and energy intensity contain GDP in the de-
nominator. To examine whether the estimated curvature is generated mechanically by this
common denominator, the models are re-estimated in levels. The dependent variables
are the logarithms of total carbon emissions and total energy consumption, while the
logarithm of GDP is included on the right-hand side. GDP therefore no longer appears in
the denominator of either dependent variable. Table 13 reports the level specifications that
exclude the common GDP denominator.
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Table 13. Level specifications excluding the common GDP denominator.

Variable (1) Total Carbon Emissions (2) Total Energy Consumption

AI innovation intensity 0.045
(0.028)

0.040
(0.026)

Squared AI term −0.011 ***
(0.004)

−0.010 ***
(0.003)

lnGDP −0.900 **
(0.382)

0.001
(0.293)

Controls & province FE & year FE Yes Yes
Observations 420 420

R2 0.4300 0.7207

Notes: The dependent variables were the logarithms of total carbon emissions and total energy con-
sumption. Both specifications controlled for lnGDP. Robust standard errors clustered at the provincial
level are reported in parentheses. *** and ** denote significance at the 1% and 5% levels, respectively.

The squared AI coefficient remains negative when the common GDP denominator
is removed. It is −0.0107 in the total-emissions equation and −0.0097 in the total-energy-
consumption equation, and both coefficients are significant at the 1% level. The persistence
of negative curvature in these level specifications indicates that the baseline result is not
solely an artifact of dividing emissions and energy consumption by GDP.

At the same time, the level regressions do not eliminate the physical relationship
between energy consumption and calculated carbon emissions. They serve a narrower
purpose: ruling out the shared GDP denominator as the sole source of the nonlinear
result. Taken together, the exact decomposition and the level specifications show that the
estimated curvature is primarily associated with the energy-use margin, while avoiding
the interpretation of energy intensity as an independent causal mediator.

6.2. Moderating Role of Human Capital

The environmental implications of AI innovation may depend on a region’s capacity
to absorb, adapt, and apply new technologies. To examine this possibility, human capital
was introduced as a moderator of the linear and quadratic AI terms. The specifications
include the two interaction terms, their constituent variables, the full set of controls, and
province and year fixed effects. Table 14 reports the results.

Table 14. Moderating role of human capital in the nonlinear relationship.

Variable Coefficient Variable Coefficient

lnAIit
0.779 **
(0.374) lnAIit × lnHR 0.184 **

(0.088)

(lnAIit)2 −0.134 ***
(0.039) (lnAIit)2 × lnHR

−0.030 ***
(0.010)

lnHR −0.359
(0.319) Controls Yes

Year FE Yes Province FE Yes
Observations 420 R2 0.7938

Notes: The dependent variable was the logarithm of carbon emission intensity. lnHR denotes the
logarithm of human capital. The model included the full set of controls and province and year fixed
effects. Robust standard errors clustered at the provincial level are reported in parentheses. R2 is the
within R2. *** and ** denote significance at the 1% and 5% levels, respectively.

The interaction between the linear AI term and human capital is positive (0.184) and
statistically significant at the 5% level, whereas the interaction between the squared AI
term and human capital is negative (−0.030) and significant at the 1% level. These results
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indicate that human capital moderates the slope and curvature of the estimated relationship.
The standalone coefficient on human capital is not statistically significant, but this does not
contradict the presence of moderation, which is captured by the interaction terms.

Following the established framework for moderation in U-shaped relationships [20],
the direction of the turning point shift is determined by the sign of α1α12 − α2α11. Based
on the estimated coefficients, this expression equals 0.001286, which is positive, implying
that the turning point moves to the right as human capital increases. Meanwhile, the
significantly negative coefficient on the interaction with the squared AI term indicates that
higher human capital makes the curve more concave. The initial upward-sloping segment
therefore becomes stronger, while the decline after the turning point becomes steeper.

These findings suggest that human capital does not exert a uniformly emission-
reducing effect. Instead, it reinforces the stage-dependent nature of the relationship.
Provinces with stronger human-capital foundations may experience a more pronounced
expansion-related increase in carbon emission intensity at relatively low levels of AI inno-
vation. At higher levels, however, their greater capacity to absorb and deploy advanced
technologies strengthens the efficiency-enhancing effects of AI innovation, resulting in a
steeper reduction in carbon emission intensity.

6.3. Regional Heterogeneity

China’s regions differ substantially in industrial structure, technological capacity,
energy endowments, and the maturity of AI adoption. The relationship between AI
innovation and carbon emission intensity may therefore vary across regions. To examine
this possibility, the sample was divided into eastern, central, and western regions. A pooled
fixed-effects model was estimated by interacting the regional indicators with the linear and
squared AI terms. This approach permits formal tests of regional differences while retaining
the full sample, common controls, and province and year fixed effects. Table 15 reports the
implied regional coefficients and the corresponding cross-regional tests.

The joint test of all regional interaction terms produces an F-statistic of 1.61 and a
p-value of 0.1988. Coefficient homogeneity across the three regions therefore cannot be
rejected. The pairwise tests likewise show no regional differences at the 5% level. The
central–eastern comparison provides only weak evidence of a difference at the 10% level
(F = 2.70, p = 0.0839), whereas the western–eastern and central–western comparisons are
statistically insignificant. The regional estimates should therefore be interpreted primarily
as descriptive differences in coefficient patterns rather than as conclusive evidence of
systematic regional heterogeneity.

For the eastern region, the linear coefficient is statistically insignificant, whereas the
quadratic coefficient is negative (−0.0094) and significant at the 5% level. The implied
turning point lies below the observed range and therefore has no meaningful interpretation
as an interior threshold. The point estimates imply a negative marginal effect throughout
the observed range, although the slope at the lower bound is imprecisely estimated. This
pattern is consistent with the comparatively mature stage of AI development in the eastern
region, where efficiency gains may already offset expansion-related pressures. This inter-
pretation nevertheless remains suggestive because the relevant cross-regional differences
are not statistically significant.

The central region exhibits the strongest negative curvature. Its linear coefficient is
positive (0.2701) and significant at the 5% level, while its quadratic coefficient is negative
(−0.0433) and significant at the 1% level. The corresponding turning point is 3.116 and
lies within the observed range. These estimates indicate a positive slope at relatively low
levels of AI innovation and a negative slope at higher levels, consistent with a transitional
stage in which the energy requirements associated with technological expansion coexist
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with efficiency gains generated by industrial upgrading and wider technology diffusion.
However, the joint difference between the central and eastern regions is significant only at
the 10% level and should not be treated as conclusive evidence of regional divergence.

Table 15. Regional heterogeneity in the nonlinear relationship.

Variable/Statistic Eastern Region Central Region Western Region

Linear AI term −0.0060
(0.0345)

0.2701 **
(0.1237)

0.0561
(0.0360)

Squared AI term −0.0094 **
(0.0046)

−0.0433 ***
(0.0152)

−0.0163 **
(0.0066)

Implied turning point Outside sample range 3.116
(0.483)

1.726
(0.820)

Number of provinces 13 6 11
Observations 182 84 154

Comparison F-Statistic p-Value Inference

Central versus eastern 2.70 0.0839 Weak evidence of a difference
Western versus eastern 0.79 0.4653 No significant difference
Central versus western 1.48 0.2444 No significant difference

All regional interaction terms 1.61 0.1988 Fails to reject coefficient homogeneity

Notes: Region-specific coefficients are linear combinations obtained from a pooled interaction model
in which the eastern region is the reference group. The dependent variable is the logarithm of carbon
emission intensity. All specifications include the full set of controls and province and year fixed
effects. Robust standard errors clustered at the provincial level are reported in parentheses. The
turning points are calculated from the corresponding regional linear and quadratic coefficients. The
eastern turning point is not reported because its point estimate lies outside the observed range and
therefore does not represent an interior threshold. The eastern region comprises Beijing, Tianjin,
Hebei, Liaoning, Jilin, Heilongjiang, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong,
and Hainan. The central region comprises Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan. The
remaining 11 provinces constitute the western region. *** and ** denote significance at the 1% and
5% levels, respectively.

The western region also has a negative and statistically significant quadratic coefficient
(−0.0163), while its positive linear coefficient is not statistically significant. Its implied
turning point is 1.726 and lies within the sample range. These estimates indicate concavity
and an interior point estimate, although the initial positive slope is imprecisely estimated.
Moreover, the western coefficients do not differ significantly from either the eastern or cen-
tral coefficients. The western estimates should therefore not be interpreted as establishing a
statistically distinct regional pattern.

Overall, the quadratic coefficients are negative and statistically significant in all three
regions, indicating that the concavity observed in the full sample is not driven by a single
regional subsample. The fitted turning points follow the descriptive ordering of the eastern
region below the observed range, followed by the western region and then the central region.
This ordering is consistent with differences in technological maturity and development
stage, but the formal tests do not establish statistically distinct regional relationships.
Hypothesis 4 therefore receives limited support: the point estimates are broadly consistent
with the predicted stage-dependent ordering, but the cross-regional coefficient differences
are not conclusively identified.

7. Discussion
7.1. Main Findings

The results support a conditional, stage-dependent relationship between patent-based
AI innovation intensity and carbon emission intensity. In the preferred two-way fixed-
effects specification, the Lind–Mehlum test supports an inverted-U-shaped pattern within
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the observed sample range. The robustness exercises consistently preserve the negative
quadratic coefficient, although not every alternative specification independently establishes
an inverted U shape. The Bartik and 2sCOPE-np analyses yield similar negative curvatures,
but weak joint identification in the Bartik model and the maintained assumptions of the
copula approach preclude a definitive causal interpretation.

The accounting decomposition locates most of the estimated curvature in the energy
use component rather than the carbonization factor. This finding describes how the fitted
relationship is allocated within the carbon-accounting identity; it does not establish energy
intensity as an independently identified causal mediator. Human capital also changes the
shape of the relationship, strengthening the initial upward slope and subsequent decline.

Regional differences are not statistically conclusive. The central region exhibits the
strongest negative curvature and an interior turning point, although the central–eastern
comparison is only weakly significant at the 10% level. The western point estimates
also indicate concavity, but they are not jointly distinguishable from those of the eastern
or central regions. The regional evidence therefore indicates descriptive differences in
coefficient patterns rather than statistically established heterogeneity.

7.2. Interpretation and Contributions
7.2.1. Stage-Dependent Expansion and Efficiency Effects

Previous studies provide mixed evidence on the environmental consequences of AI,
industrial intelligence, and related digital technologies. Some report lower carbon intensity
or improved environmental performance, whereas others find heterogeneous, delayed, or
nonlinear effects [5–11]. The present findings suggest that part of this variation may arise
because the expansion costs and efficiency benefits of AI do not emerge simultaneously.

As a general purpose technology, AI requires complementary investment before its
productivity effects are fully realized [32,33]. Early diffusion may involve computing
infrastructure, equipment replacement, organizational restructuring, data system con-
struction, and the expansion of electricity-intensive applications. These adjustments can
raise energy demand before measurable efficiency gains appear. The energy require-
ments of large-scale computing and the possibility of rebound effects reinforce this initial
expansion pressure [2–4,34].

At higher levels of adoption, a different set of effects may become more important. AI
can improve production scheduling, predictive maintenance, load management, resource
allocation, and the identification and diffusion of cleaner technologies [12,13,35–37]. The
estimated inverted-U pattern is therefore consistent with a transition from an expansion-
dominated stage to an efficiency-dominated stage.

This interpretation differs from a mechanical extension of the environmental Kuznets
curve [62,63]. The explanatory variable is technological innovation intensity rather than
income, and the proposed mechanisms concern the changing balance between comple-
mentary investment and efficiency gains during technological diffusion. The turning point
should accordingly be understood as a sample-specific transition range, not as a fixed
technological or policy threshold. The contribution lies in distinguishing the two counter-
vailing effects and formally testing whether the resulting curve changes direction within
the observed range [20,21].

7.2.2. Energy-Use and Carbonization Margins

Carbon emission intensity can be decomposed into energy consumption per unit of
output and carbon emissions per unit of energy. This accounting structure has long been
used to distinguish the contribution of energy efficiency from that of the energy mix and
associated emission factors [23–25].
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The estimates show that the negative curvature in carbon emission intensity is pri-
marily associated with the energy use component. By contrast, the coefficients in the
carbonization factor equation are smaller and statistically insignificant. The result suggests
that within the present sample, the changing relationship between AI innovation and car-
bon emission intensity operates mainly through the amount of energy required to produce
a unit of output rather than through a systematic change in the average carbon content of
energy consumption.

This distinction is important for interpreting the empirical evidence. Carbon emissions
are calculated from energy use, and carbon intensity and energy intensity share GDP as
a denominator. Treating energy intensity as a conventional mediator would therefore
combine an accounting relationship with an estimated behavioral relationship. The de-
composition avoids this problem: it does not estimate a causal indirect effect but identifies
where the fitted curvature appears within the carbon-accounting identity.

The result is consistent with research showing that AI and digital technologies can
affect energy intensity through industrial process optimization, energy management, and
cleaner production [13,36,37]. However, it does not demonstrate that these applications
constitute an independently identified causal mechanism. Establishing such a mechanism
would require more disaggregated evidence on technology adoption and energy use at the
firm, facility, or industrial process level.

7.2.3. Human Capital as a Boundary Condition

The moderation results are consistent with the view that the consequences of new
technologies depend on the capacity to absorb and apply them. Absorptive capacity theory
and the human capital literature emphasize that prior knowledge and skills influence the
adoption, adaptation, and productive use of external technologies [26–28,38,39].

The positive interaction with the linear AI term suggests that provinces with stronger
human capital foundations may experience a more pronounced expansion-related effect at
relatively low levels of AI innovation. At the same time, the negative interaction with the
squared term indicates that the subsequent decline in carbon emission intensity becomes
steeper. Human capital therefore appears to strengthen the stage dependence of the
relationship rather than exerting a uniformly emission-reducing influence.

One possible explanation is that skilled regions can mobilize complementary invest-
ment and implement AI applications on a larger scale. This capacity may initially increase
computing and infrastructure requirements, but it can also improve the conversion of
AI-related knowledge into production efficiency, energy management, and organizational
change. The insignificant standalone coefficient of human capital is not inconsistent with
this interpretation: its empirical role lies primarily in altering the conditional relationship
between AI innovation and carbon intensity.

The estimated interactions should nevertheless be interpreted with appropriate cau-
tion. Although the point estimates imply a small rightward movement of the turning
point, the more clearly supported result concerns the stronger negative curvature. The
evidence therefore establishes human capital as a boundary condition for the shape of the
relationship, rather than a precisely estimated determinant of when the transition occurs.

7.3. Regional Heterogeneity

The nonlinear relationship is statistically clearest in central China. This finding is
compatible with the industrial characteristics of the region, where manufacturing transfor-
mation, digital retrofitting, and energy efficiency upgrading may be occurring concurrently.
Under these conditions, the expansion-related costs of AI adoption and its subsequent
efficiency gains are more likely to be visible within the sample [8,11,31].
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The eastern region has an insignificant linear coefficient and a significantly negative
quadratic coefficient. Its fitted vertex lies below the observed range, so the point estimates
imply a declining relationship throughout the sample, although the slope at the lower
bound is imprecisely estimated. One possible interpretation is that AI applications and
energy-management practices are already more extensively integrated in these provinces.
This explanation remains tentative because the formal cross-regional differences are not
statistically significant.

The western region has a positive but statistically insignificant linear coefficient, a
significantly negative quadratic coefficient, and an interior point estimate of the turning
point. However, the pairwise tests do not reject equality between the western coefficients
and those of either the eastern or central region. The western estimates therefore support
concavity within the region but do not establish a statistically distinct regional relation-
ship. Because the analysis covers only 30 provinces, all regional comparisons should be
interpreted cautiously.

The broader implication is that the environmental consequences of AI innovation are
unlikely to be determined by innovation volume alone. Their realization may also depend
on the industrial settings in which the technology is deployed and on the complementary
capabilities available to convert technological knowledge into improvements in energy
use. Further research using city-, industry-, or firm-level data is required to identify these
regional mechanisms more directly.

7.4. Limitations and Future Research

Several limitations remain. First, the explanatory variable was based on strict-
definition AI patent applications. The strict classification improves the measurement
precision by excluding patents that are only loosely related to core AI technologies, but
it does not broaden the conceptual coverage of the indicator. Patent applications capture
the observable scale of AI-related knowledge production; they do not directly measure
computing infrastructure, data availability, skilled labor, institutional support, or the depth
of commercial application. The results should therefore be understood as applying to the
patent-observable dimension of regional AI innovation rather than to the entire innovation
environment. Future research could combine patents with measures of computing capacity,
data resources, R&D inputs, talent, and institutional support.

Second, the empirical strategies do not eliminate all endogeneity concerns. The fixed-
effects model controls for time-invariant provincial characteristics and common annual
shocks, but it cannot remove all time-varying omitted factors or reverse causality.

The internal-structure Bartik design uses predetermined AI technology shares and
subsequent non-China technology shocks. This construction limits several direct channels
associated with broader historical or geographical instruments, but the exclusion restriction
remains an identifying assumption. Randomization inference shows that the observed
province–shock matching is not readily reproduced by arbitrary reassignment, but it cannot
establish the exclusion restriction. Moreover, the low Kleibergen–Paap statistic limits the
precision of the Bartik estimates [53–57].

The 2sCOPE-np approach provides evidence under a different set of assumptions,
but it is not assumption-free. Its identifying information comes from the conditional
distribution of the potentially endogenous variable, and an insignificant control-function
term may reflect either limited endogeneity or limited power [60]. For these reasons, the
Bartik and copula estimates are treated as complementary checks rather than substitutes
for a stronger quasi-natural experiment.

https://doi.org/10.3390/su18168565

https://doi.org/10.3390/su18168565


Sustainability 2026, 18, 8565 35 of 40

Third, the accounting decomposition identifies how the estimated coefficients are
allocated between energy intensity and the carbonization factor, but it does not establish
a behavioral sequence comparable with causal mediation. Firm- or facility-level data on
computing investment, electricity use, production processes, and technology adoption
would provide a stronger basis for distinguishing specific mechanisms.

Fourth, provincial carbon emissions for 2023 and 2024 were extrapolated using
province-specific emissions-to-energy conversion coefficients anchored to the 2022 CEADs
observations. The backcasting exercise and the conservative 2011–2021 specification reduce
concerns that the principal result is driven by this extension procedure, but they cannot elim-
inate measurement error in the extrapolated values. Future research should replace these
observations when updated CEADs provincial inventories become available [42,43,47].

Finally, the provincial level of aggregation conceals substantial variation between
cities, industries, and firms. It also limits the precision of the regional subsample estimates.
Whether the identified curvature and decomposition pattern extend to other countries
remains an open question. Comparable international evidence would help determine
which results reflect general features of AI diffusion and which are specific to China’s
industrial and energy systems.

8. Conclusions
8.1. Research Conclusions

Using panel data for 30 Chinese provinces from 2011 to 2024, this study examined
the nonlinear relationship between patent-based AI innovation intensity and carbon emis-
sion intensity. The preferred two-way fixed-effects specification yields a positive linear
coefficient and a negative quadratic coefficient. The Lind–Mehlum test supports an inverted-
U-shaped relationship within the observed sample range. The negative curvature remains
under alternative outcome measures, patent classifications, sample treatments, and lag
structures, although each of these robustness specifications should not be interpreted as an
independent formal test of an inverted U shape.

The supplementary identification analyses support a cautious interpretation. The
internal-structure Bartik model retains negative curvature and an interior point estimate of
the turning point, but joint identification is weak, and the endpoint test falls just short of
the 10% significance level (p = 0.1007). The 2sCOPE-np estimates also preserve the negative
quadratic coefficient, while the copula-control-function term is statistically insignificant.
These findings strengthen confidence in the estimated shape but do not establish a definitive
causal effect or a universal transition threshold.

The accounting decomposition attributes most of the estimated quadratic coefficient to
the energy use component, while the carbonization component is smaller and statistically
insignificant. Human capital makes the estimated relationship more concave, although its
effect on the precise location of the turning point is not separately established. Regional
interaction tests do not reject complete coefficient homogeneity, although the point estimates
show the strongest curvature in central China and the central–eastern comparison is weakly
significant at the 10% level.

The results therefore do not imply that increasing the number of AI patents automati-
cally reduces carbon emission intensity. The environmental consequences of AI innovation
depend on the stage of regional development, the extent to which technological knowledge
is converted into lower energy use per unit of output, and the availability of complementary
regional capabilities.

From a sustainable development perspective, this study provides a quantifiable and
stage-sensitive framework for assessing the environmental implications of patent-based AI
innovation. The findings caution against assuming that AI innovation is intrinsically green:
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its association with carbon emission intensity varies across stages, as initial expansion may
increase energy demand, whereas subsequent emission-reduction gains depend on the
conversion of technological knowledge into greater production and energy-use efficiency.
The decomposition, moderation, and regional analyses further indicate that this conver-
sion is conditioned by energy use, human capital, and local implementation conditions.
The framework therefore links innovation measurement to the dynamic monitoring of
carbon emission intensity and supports a more integrated assessment of technological
development, energy use, and carbon mitigation. Accordingly, the framework provides a
quantitative basis for dynamic and context-sensitive sustainability assessment and policy
monitoring across regions at different stages of AI innovation.

8.2. Policy Implications

The policy implications follow directly from the empirical sequence of the analysis: the
estimated relationship is stage-dependent, the principal physical margin is energy intensity,
the relationship’s shape is conditioned by human capital, and the regional point estimates
vary in magnitude, although the cross-regional differences are not statistically conclusive.

First, AI and low-carbon policies should be evaluated through a stage-sensitive frame-
work. The inverted-U-shaped relationship indicates that the environmental consequences
of AI innovation may differ between the expansion and application stages. Policy evalu-
ation should therefore extend beyond patent counts, investment volumes, or short-term
changes in emissions. Regional monitoring systems should track whether additional in-
novation is accompanied by changes in electricity demand, computing efficiency, energy
use per unit of output, and the diffusion of energy-saving applications. The estimated
turning point should not be converted into a uniform administrative threshold because its
location varies between specifications and reflects the characteristics of the present sample.
It is more appropriately used as evidence that policy priorities must change as regional AI
systems develop.

Second, policy intervention should focus on the energy use margin identified by the
decomposition. The finding that most of the estimated curvature is associated with energy
intensity provides a direct basis for integrating energy performance requirements into AI
infrastructure and application policy. New data centers and computing facilities should
be subject to transparent energy-efficiency standards, utilization requirements, carbon
monitoring, and renewable-energy procurement arrangements. At the application stage,
support should be directed toward verifiable reductions in energy use through industrial
process control, predictive maintenance, building management, transport scheduling,
and power system optimization. Patent production and infrastructure expansion should
be assessed alongside measurable improvements in energy productivity. Although the
carbonization component is not statistically significant in the decomposition, continued
decarbonization of electricity supply remains necessary to prevent growing computing
demand from creating high-carbon lock-in.

Third, human capital policy should be developed together with energy and industrial
policy. The moderation results show that human capital strengthens both sides of the nonlin-
ear relationship rather than producing a uniformly negative effect on emissions. Expanding
the supply of technical personnel alone is therefore insufficient. Training programs should
combine expertise in algorithms and data systems with knowledge of industrial processes,
energy management, environmental engineering, and carbon accounting. Cooperation
between universities, research institutes, energy providers, and industrial firms should
focus on the implementation and evaluation of low-carbon applications. Such coordination
can improve the conversion of technological knowledge into operational energy savings
while limiting the energy costs associated with infrastructure expansion.
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Fourth, implementation should reflect the regional evidence rather than follow a
uniform geographical template. In the central region, where the point estimates indicate
the strongest curvature and the difference from the eastern region is only weakly significant
at the 10% level, policy should prioritize the application of AI to industrial retrofitting,
production scheduling, equipment management, and supply-chain energy efficiency.

The objective should be to shorten the transition from innovation expansion to mea-
surable efficiency improvement. In the eastern region, where the estimates do not show an
interior inverted U shape, policy should place greater emphasis on evaluating the actual
energy performance of established digital infrastructure and disseminating applications
with demonstrated environmental benefits. In the western region, the estimates are con-
sistent with a nonlinear relationship, but the cross-regional differences are not statistically
conclusive. Policy should therefore proceed through locally evaluated programs that com-
bine renewable energy resources, efficient computing infrastructure, technical training, and
industrial absorptive capacity rather than assuming that resource advantages alone will
generate low-carbon outcomes.
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