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Abstract

The fundamental dilemma of energy transition lies in whether an economy can guide its
energy system to break free from deep dependence on fossil fuels in a sustained and or-
derly manner. This requires not only institutional incentives for innovation but also, more
critically, a social-level shift in focus from “physical expansion” to “human development.”
This paper incorporates these two conditions into a unified causal framework. Taking the
pilot program for the construction of IP-strong provinces in China launched in 2016 as a
quasi-natural experiment, and using panel data from 30 provincial-level administrative
regions in China over the period 2010-2022, this study employs the Spatial Durbin Differ-
ence-in-Differences (SDM-DID) model and the Double Machine Learning (DML) method
to examine the joint impacts and transmission mechanisms of the regional IP strong chain
and the deep synergy between investment in physical capital and investment in human
capital on energy green controllability. The findings are as follows. First, both the IP strong
chain and deep synergy significantly improve energy green controllability. The local effect
of deep synergy is far greater than the direct effect of the IP system itself, making it the
core structural force driving the green transition. Second, the institutional dividend of the
IP strong chain generates positive spatial spillovers to neighboring regions through the
patent information disclosure channel. In contrast, the spatial spillovers of deep synergy
are obstructed by administrative barriers and fiscal boundaries. Third, deep synergy plays
a significant partial mediating role in the process through which the IP strong chain affects
energy green controllability, with more than one-third of the total policy effect being re-
leased through this channel. Fourth, a path-wise test reveals a notable structural differ-
ence: the human capital investment path significantly outperforms the physical capital
investment path in terms of transmission efficiency and robustness. This indicates that, at
the current stage, the institutional effectiveness of the IP system in driving the green tran-
sition is largely achieved by improving the quality, capacity, and security level of human
capital, rather than by restructuring the physical capital stock. The above conclusions re-
main robust after replacing the machine learning algorithm, adjusting the sample split
ratio, and excluding the interference of concurrent competitive policies. This paper re-
veals the complete causal chain through which institutional public goods are transmitted
to system governance capacity via the factor allocation structure, providing new empirical
evidence for understanding the deep-seated relationship between intellectual property
governance and the energy transition.
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1. Introduction

The fundamental challenge of energy transition lies not in the availability of clean
technologies, but in an economy’s ability to guide its energy system to break free from
deep dependence on fossil fuels in a sustained and orderly manner. Extricating energy
systems from high-carbon lock-in is never merely a story of technological substitution. It
requires both continuous institutional incentives for innovation and a social-level shift in
focus from physical expansion to human development. Failure to meet either condition
may lead to stagnation or reversal in energy transition at some stage.

Existing research has examined these conditions largely in isolation. Studies on intel-
lectual property and green development typically focus on whether patent protection in-
centivizes clean technology R&D [1,2], while research on investment structure emphasizes
the productivity effects of physical infrastructure or the returns to education and health
[3,4]. The energy transition literature has extensively documented carbon lock-in and the
barriers to clean substitution [5,6], yet it rarely engages with how IP institutions or factor-
allocation structures shape transition dynamics. This fragmentation leaves a critical gap:
the causal chain linking institutional innovation, capital allocation, and energy govern-
ance capacity remains largely unexplored. This paper aims to bridge this gap by incorpo-
rating these three domains into a unified analytical framework.

At the institutional level, a policy experiment launched in China in 2016 —the pilot
program for building IP-strong provinces— offers insights that transcend the narrow per-
spective of patent protection. The core objective of this policy is to address a long-standing
structural dilemma: the disconnect between IP and industrial chains. IP remains confined
to legal protection, failing to serve as a link for technology transfer, collaborative innova-
tion, and benefit-sharing across industrial chain segments. This paper terms this institu-
tion the “Regional IP Strong Chain,” an institutional upgrade that embeds IP into the full-
chain operation of industrial governance through patent navigation, rapid rights enforce-
ment, pledge financing, and standardization mechanisms. This institutional reform pro-
vides a quasi-natural experiment to examine whether strengthening IP-industrial chain
linkages can reshape capital allocation criteria and ultimately drive energy transition.

At the social level, the sustainability of energy transition hinges on whether an econ-
omy prioritizes investment in physical expansion or human development. Investment in
physical capital —expressways, transmission lines, industrial plants—can rapidly boost
output but may not cultivate the engineers and skilled workers needed to design and
maintain these systems. Investment in human development—education, healthcare and
social security —accumulates long-term knowledge reserves but requires physical infra-
structure as carriers. This paper defines “deep synergy” as the coupled state where these
two investment directions shift from parallel, independent trajectories to a virtuous cycle
of mutual activation and amplification. Only when physical investment aligns with hu-
man capabilities in direction and rhythm do the two investments generate sustained mo-
mentum for energy transition.

This paper uses panel data from 30 provincial-level administrative regions in China
spanning 2010-2022 as the research sample. It employs the Spatial Durbin Difference-in-
Differences model to identify the direct and spatial spillover effects of the regional IP
strong chain on energy green controllability —a dynamic governance capacity indicator
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we develop from a cybernetics perspective. Additionally, it uses a Double Machine Learn-
ing framework to systematically examine the mediating mechanism of deep synergy
while controlling for high-dimensional covariates and nonlinear confounding effects.

The main findings are as follows. Both the IP strong chain and deep synergy signifi-
cantly improve energy green controllability. The local effect of deep synergy is far greater
than the direct effect of the IP system itself, making it the core structural force driving the
green transition. The institutional dividend of the IP strong chain generates positive spa-
tial spillovers to neighboring regions through patent information disclosure, while the
spatial spillovers of deep synergy are obstructed by administrative barriers and fiscal
boundaries. Deep synergy plays a significant partial mediating role, with more than one-
third of the total policy effect released through this channel. A path-wise test reveals a
notable structural difference: the human capital investment path significantly outper-
forms the physical capital investment path in transmission efficiency, indicating that the
institutional effectiveness of the IP system in driving the green transition is largely
achieved by improving the quality and security level of human capital. These conclusions
remain robust across alternative machine learning algorithms, sample split ratios, and
competitive policy controls. This paper reveals the complete causal chain through which
institutional public goods are transmitted to system governance capacity via factor allo-
cation, providing new empirical evidence for understanding the deep-seated relationship
between IP governance and energy transition.

2. Theoretical Mechanisms and Research Hypotheses

The energy transition faces a fundamental dilemma: clean technologies exist, yet
economies struggle to break free from fossil fuel dependence. This paper argues that re-
solving this dilemma requires two interconnected conditions—institutional incentives for
innovation at the policy level, and a reorientation of investment priorities from physical
expansion to human development at the societal level. Our analytical framework connects
these conditions through a clear causal chain: the regional intellectual property strong
chain reshapes the capital allocation criteria, which in turn facilitates the deep synergy
between physical and human capital investment; this synergy ultimately determines the
extent to which an economy can stably guide its energy system toward a green trajectory.

2.1. The Regional IP Strong Chain and Energy Green Controllability

The regional intellectual property strong chain represents a systematic institutional
reform that elevates intellectual property rights from a legal tool for protecting innovation
achievements to an institutional hub that connects the upstream and downstream seg-
ments of industrial chains [7]. The policy was launched in 2016 through a pilot program
that designated provinces as leading, supportive, or characteristic pilots according to their
industrial foundations and innovation endowments. It operates through full-chain insti-
tutional supply, covering IP creation, protection, utilization, management, and services.
Patent navigation provides technological direction for industrial planning, IP protection
reduces the risk of knowledge spillovers [8], pledge financing alleviates capital constraints
for technology-intensive enterprises, and industrial IP operation centers facilitate technol-
ogy transfer and collaborative innovation [9]. This institutional architecture is designed to
embed IP into the entire innovation decision-making process, enabling industrial chains
to evolve from pure logistics and processing networks into transmission carriers of
knowledge and technology flows [10].

The core outcome variable in our analysis is energy green controllability, which cap-
tures a region’s dynamic governance capacity in order to guide its energy system toward
a clean and low-carbon direction in a sustained and orderly manner. We conceptualize
this capacity through a cybernetic framework comprising four interacting dimensions.
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Green investment regulation represents input control, measuring the system’s ability to
acquire transition resources through allocation of capital to clean energy infrastructure
and industrial pollution abatement [3,11]. Clean substitution regulation represents pro-
cess control, capturing the degree to which fossil energy is replaced by non-fossil sources
across generation capacity, installed capacity, and final consumption [12,13]. Emission de-
coupling regulation represents feedback control, providing signals on whether the bind-
ing relationship between economic growth and carbon emissions is being loosened
through both absolute and intensity-based measures [14,15]. Output guarantee regulation
represents constraint control, setting boundary conditions that ensure the transition pro-
ceeds without sacrificing basic economic output, employment, and social stability [16,17].
These four dimensions together form a complete control loop of “input-transformation—
monitoring—calibration.” A region with high energy green controllability features mutu-
ally supportive institutional arrangements, industrial structures, technological reserves,
and social consensus [5,6] that make clean energy substitution and emission decoupling
into long-term trends rather than temporary policy effects.

The IP strong chain enhances energy green controllability through three intercon-
nected mechanisms. The first is innovation incentive and green technology supply [1]. By
strengthening patent protection, expediting green patent examination, and improving the
IP utilization system, this policy shifts the expected return curve for long-cycle R&D in-
vestments upward, making clean energy technologies that were previously too risky to
pursue commercially viable. This technology supply effect directly supports clean substi-
tution and emission decoupling while improving the conversion efficiency of green in-
vestment [2]. The second mechanism is structural optimization and factor reallocation
[18]. Through patent navigation, pledge financing, and technology trading platforms, the
IP system accelerates the growth of IP-intensive industries characterized by high value-
added and low energy consumption. This structural shift reduces carbon emission inten-
sity per unit of economic output and gradually replaces high-carbon production capacity.
The third mechanism is targeted technology diffusion [19]. Institutional tools such as pa-
tent navigation and industrial IP operation centers reduce the search and transaction costs
for clean energy technologies, turning green substitution from an “available technical op-
tion” into an “accessible market practice.” These mechanisms jointly operate on the local
level, but their effects are not confined to administrative boundaries. Patent information
disclosure creates a continuously accumulating technical knowledge base accessible to
R&D personnel in neighboring regions [20], and the restructuring of the industrial chain
that accompanies IP-driven upgrading may transfer standardized manufacturing links to
adjacent regions [21]. Therefore, we propose the following hypotheses:

H1. The regional intellectual property strong chain significantly improves local energy green con-
trollability.

H2. Improvements in the regional intellectual property strong chain in other regions generate pos-
itive spatial spillover effects on local energy green controllability.

2.2. Deep Synergy Between Physical and Human Capital Investment and Energy
Green Controllability

Investment in physical capital and investment in human capital are two structural
forces driving economic development [3,4], but they exert distinctly different effects on
the energy green transition. Physical capital investment provides hardware support—
clean energy infrastructure, smart grids, and transmission corridors —while human capi-
tal investment provides software support through professional engineering expertise, a
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well-educated industrial workforce, and social consensus that reduces resistance to tran-
sition. We define deep synergy between the two as a coupled state where they enter a
virtuous cycle of mutual activation and amplification, rather than advancing along sepa-
rate parallel tracks [22]. In this state, human knowledge and creativity maximize the ben-
efits of physical investment, while physical infrastructure in turn creates broader space
and possibilities for further human development. The term “deep” indicates that this syn-
ergy goes beyond aggregate co-growth—a natural phenomenon accompanying modern-
ization in any economy —to emphasize structural adaptation and coupling, whether the
direction of physical investment matches the demand structure of human development,
and whether human capability structure fits the technical level of physical facilities.

This deep synergy improves energy green controllability through two primary mech-
anisms. The first is the green orientation of physical capital combined with human capital
adaptation. The large-scale construction of clean energy infrastructure represents the
greening of physical capital, but once these high-technology facilities are completed, in-
sufficient professional operation and maintenance engineers, inadequate data analysts for
smart grid dispatching, and shortages of technical personnel for energy storage systems
will substantially reduce the return on investment and create implicit dependence on ex-
ternal expertise [23]. When human capital investment is precisely aligned with the direc-
tion of physical investment—through science and engineering education, vocational skill
training, and lifelong continuing education —these dependence gaps can be gradually
eliminated [24]. Local professionals reduce operation and maintenance costs, improve
generation efficiency, and enable the energy transition to shift from reliance on external
assistance to independent controllability. The second mechanism is social consensus con-
struction supported by institutional infrastructure. The energy transition is fundamentally
a social project involving the resettlement of displaced workers, adjustment of consump-
tion habits, and redistribution of sunk costs. Investment in human capital, particularly
social security and vocational training, reduces social frictional costs by ensuring that
workers affected by industrial restructuring do not form persistent resistance [25]. At a
higher level, when education systems integrate low-carbon knowledge and public cul-
tural services disseminate green concepts, clean energy substitution evolves from a gov-
ernment policy goal into something driven by voluntary social action. This social consen-
sus, however, relies on strong physical infrastructure as its material foundation—modern
schools, digital teaching terminals, urban-rural information management systems, and
medical service networks are the carriers through which human capital investment can
spread effectively across society.

At the spatial level, deep synergy may generate spillover effects through cross-re-
gional flow of human capital and the externality of physical infrastructure networks.
When a region invests heavily in higher education and healthcare, it attracts high-quality
human resources from surrounding areas, and these migrants build knowledge exchange
bridges between inflow and outflow regions [26]. Similarly, regional medical centers and
educational highlands naturally radiate to surrounding cities and counties, generating so-
cial benefits that extend beyond administrative statistical calibers [27]. However, the real-
ization of such spatial spillovers depends critically on whether the synergy between phys-
ical and human capital investment can transcend administrative boundaries and form ef-
fective complementarity and linkage at the regional level, which is ultimately constrained
by institutional fragmentation. Based on this analysis, we propose the following hypoth-
eses:

H3. Deep synergy between investment in physical capital and investment in human capital signif-
icantly improves local energy green controllability.
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H4. Improvements in deep synergy in other regions generate significant positive spatial spillover
effects on local energy green controllability.

2.3. Mediating Role of Deep Synergy

The ultimate goal of constructing the IP strong chain is to reallocate capital flows
through institutional supply —guiding more public and private capital to shift from sim-
ple physical capital accumulation toward the coordinated advancement of both physical
and human capital accumulation. This transformation occurs because patent navigation
provides clear technological direction for investment decisions, steering capital toward
high-value-added activities with technological independence [28]. Simultaneously, the
growth of IP-related businesses generates market demand for interdisciplinary legal tal-
ents, R&D personnel familiar with commercialization paths, and business professionals
mastering international IP rules, transmitting signals to education and training systems.
Moreover, while affecting the two investment directions separately, the IP strong chain
also catalyzes their synergistic relationship: patent navigation guides both physical in-
vestment direction and human skill development; industrial IP operation centers reduce
transaction costs while cultivating talent networks; and IP protection creates predictable
innovation returns that both attract capital and provide career platforms for skilled talent.
Consequently, physical and human capital investments no longer advance separately
along their own logics but are organized and coordinated on the unified platform pro-
vided by the IP system.

The deep synergy driven by the IP strong chain ultimately enhances energy green
controllability across multiple dimensions. Patent-oriented investment decisions channel
more energy investment into efficient and clean production capacity; cross-regional diffu-
sion of green patents provides mature technical solutions for neighboring regions; and
strengthened IP protection promotes continuous iteration of energy-saving technologies,
improving economic output efficiency per unit of energy input. The IP strong chain may
drive these improvements through two separate mediating paths: one operating through
physical capital investment, where improved IP protection and information transparency
enable enterprises to choose production processes with higher technological content and
lower energy consumption; and another operating through human capital investment,
where better IP protection makes the return on human capital more predictable, leading
to increased social investment in education, health, and social security that systematically
enhances a region’s governance capacity over the energy transition. Therefore, we pro-
pose the following;:

HS5. The regional intellectual property strong chain significantly improves energy green controlla-
bility by enhancing the deep synergy between investment in physical capital and investment in
human capital.

Hb5a. The regional intellectual property strong chain significantly improves energy green control-
lability by raising the level of investment in physical capital.

H5Db. The regional intellectual property strong chain significantly improves energy green control-
lability by raising the level of investment in human capital.

3. Research Design, Variable Description and Data Sources
3.1. Sample Selection and Data Sources

This paper selects panel data of 30 provincial-level administrative regions of the Chi-
nese mainland from 2010 to 2022 as the research sample (the Xizang Autonomous Region,
Hong Kong, Macao, and Taiwan regions are excluded due to missing key data).
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The sample interval starts in 2010, with the following institutional milestone: after
the promulgation of the Outline of the National Intellectual Property Strategy in 2008, all
provinces experienced several years of institutional construction and experience accumu-
lation. Around 2010, the embedding effect of the intellectual property (IP) system on in-
dustrial chains became observable. The study ends in 2022, as the latest complete annual
data from authoritative statistical publications including the China Energy Statistical
Yearbook and China Science and Technology Statistical Yearbook —the core data sources
of this paper —were only available up to 2022 at the start of the research. The integrity and
consistency of the data provide technical constraints for the closure of the sample interval.

The period 2010-2022 thus covers a complete institutional change cycle of China’s IP
governance, which evolved from decentralized exploration to systematic promotion, and
from single protection to full-chain industrial empowerment. This provides a natural in-
stitutional laboratory for this paper to examine its causal effect on energy green controlla-
bility from the perspective of institutional innovation.

For transparency and reproducibility, we provide detailed references to the primary
data sources used in this study. The China Statistical Yearbook, China Energy Statistical
Yearbook, China Science and Technology Statistical Yearbook, China Electronic Infor-
mation Industry Statistical Yearbook, China Industrial Statistical Yearbook, China Invest-
ment Statistical Yearbook, China Education Statistical Yearbook, and China Health Statis-
tics Yearbook are all publicly available through the National Bureau of Statistics of China
website (http://www.stats.gov.cn/english (accessed on 20 March 2026)). The provincial
statistical yearbooks are accessible through the official portals of each provincial Bureau
of Statistics. Firm-level data are obtained from the Qichacha Enterprise Information Plat-
form (https://www.qichacha.com (accessed on 20 March 2026)) and the iFinD Financial
Database (https://www.51ifind.com (accessed on 20 March 2026)). Carbon emission data
are derived from the China Emission Accounts and Datasets (CEADs), which are publicly
accessible at https://www.ceads.net (accessed on 20 March 2026).

3.2. Explained Variable: Energy Green Controllability (EGC)

3.2.1. Theoretical Construction: Energy System Governance from the Perspective
of Cybernetics

Energy green controllability is not a static measurement of the greening degree of the
energy system, but a comprehensive assessment of a region’s dynamic governance capa-
bility to guide the orderly evolution of the energy system toward a clean and low-carbon
direction. The logical origin of this concept can be traced back to the cybernetics paradigm
founded by Wiener (1948) [29]. In Cybernetics, Wiener established “control and commu-
nication” as a unified framework for understanding all purposive systems. He pointed
out that any goal-oriented system must rely on information feedback to continuously cor-
rect its own behavior, so as to maintain movement toward the goal amid disturbances.

This paradigm provides a fundamental methodological insight for energy govern-
ance: the green transition of the energy system is essentially a typical control problem.
The target state is a low-carbon steady state dominated by clean energy; the initial state is
the high-carbon reality deeply locked in fossil energy; control variables are policy inter-
ventions and capital allocation; feedback signals are emission data and energy efficiency
indicators; and external disturbances come from technological mutations, international
energy price fluctuations and macroeconomic cycle shocks.

Introducing Wiener’s cybernetics framework into the field of energy governance is
not an abstract theoretical transplantation, but rather captures the core dilemma of energy
transition: target navigation under uncertain conditions. The cybernetics governance
model emphasizes that maintaining the system’s viability within ecological constraints
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requires a shift from static regulation to dynamic adaptive adjustment driven by continu-
ous information feedback. This idea has been further developed in sustainable governance
literature. Scholars have pointed out that the adaptability and evolvability required for
sustainable complex systems must be supported by hierarchical cybernetics governance
subsystems as a necessary condition.

Examining energy transition from the four-dimensional cybernetics framework of
“input control-process control-feedback control-constraint control”, the scale and quality
of the input determine the capability boundary of the system to acquire transition re-
sources; the structure of the process determines the advancement efficiency of clean sub-
stitution; the sensitivity of feedback determines the response speed of the system in iden-
tifying deviations and triggering corrections; and the setting of constraint thresholds en-
sures that the transition proceeds above the bottom line of guaranteeing basic economic
output and social acceptability. The coordinated feedback of the four dimensions forms a
complete control loop of “input-transformation-monitoring—calibration”, which is the
theoretical core of this paper’s measurement of energy green controllability.

Compared with existing comprehensive indices, energy green controllability has a
clear distinction in conceptual positioning. Indicators such as the Sustainable Develop-
ment Index or green total factor productivity focus on answering “how green the system
is at present”, while controllability explores “whether the system can stably move toward
a greener direction”. The Energy Transition Index (ETI) developed by the World Eco-
nomic Forum (WEF) covers dual dimensions of system performance and transition read-
iness, providing an analytical framework that distinguishes “current performance” and
“future capability” for understanding energy transition. However, the ETI takes the coun-
try as the evaluation unit, focuses on the macro assessment of institutional readiness and
investment environment, and does not go deep into the structural interaction of the four
control dimensions within provincial-level regions. Energy green controllability provides
a supplement in this direction: it sinks the four-dimensional cybernetics structure to pro-
vincial spatial units, takes “controllability” rather than “greenness” as the core criterion,
and thus provides a conceptual tool that is different from the existing indicators for energy
governance research.

3.2.2. Measurement System and Index Synthesis

Based on the above theoretical framework, we constructed a comprehensive system
for evaluating energy green controllability with four dimensions and 12 secondary indi-
cators.

(1) Green Investment Regulation (Input Control). Green investment is the channel
through which the system obtains “transition resources” from the outside, and this
dimension measures the extent to which a region is willing and able to inject capital
into energy greening. In cybernetics logic, input control determines the resource flow
available to the system. This dimension includes two indicators: energy industry in-
vestment reflects the capital commitment to clean energy infrastructure from the per-
spective of “source construction”, while completed investment in industrial pollution
treatment reflects the remediation efforts for environmental damage of the existing
high-carbon production system from the perspective of “end-of-pipe governance”.
Simultaneous investment in both directions indicates that the system addresses car-
bon issues in two dimensions: “future increment” and “historical stock”.

(2) Clean Substitution Regulation (Process Control). This is the core process mechanism
by which the system breaks free from carbon lock-in; this dimension measures the
degree of substitution of fossil energy by clean energy. In the cybernetics framework,
process control determines the efficiency of converting input resources into the de-
sired state. This dimension is measured progressively from three levels: new energy
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(©)

(4)

power generation reflects the actual production scale of clean electricity (capability
layer), installed capacity of renewable energy reflects the potential space for future
substitution (reserve layer), and the energy consumption structure reflects the pene-
tration depth of substitution in terminal energy consumption links (effect layer). The
three levels together form a process control measurement system of “capability—re-
serve—effect”.

Emission Decoupling Regulation (Feedback Control). Feedback control is the core
regulation mechanism of a cybernetics system—the system needs accurate and
timely signals to judge the deviation between its own state and the target. This di-
mension includes two indicators: total carbon emissions measure the absolute occu-
pation scale of carbon natural capital, and carbon emissions per unit of industrial
added value measure the carbon natural capital consumed per unit of economic out-
put. The combination of the two avoids the statistical illusion of “total volume decline
but no efficiency improvement” or “intensity decline but total volume expansion”,
ensuring the accuracy and sensitivity of feedback signals.

Output Guarantee Regulation (Constraint Control). Constraint control sets boundary
conditions for system operation —energy transition cannot be advanced at the cost of
sacrificing basic economic output. This dimension includes four indicators: electricity
consumption measures the total consumption of energy resources; purchased exter-
nal electricity measures the degree of external energy dependence; industrial added
value measures the absolute scale of output; and industrialization level measures the
relative structure of output. The four indicators together form a four-dimensional
constraint control system of “consumption—dependence—scale-structure”, ensuring
that energy green controllability is not improved at the expense of economic stagna-
tion.

Table 1 summarizes the complete evaluation index system, including the four dimen-

sions, their secondary indicators, indicator attributes, and data sources.

Table 1. Comprehensive evaluation index system of energy green controllability (EGC).

Primary Dimension Secondary Indicator Indicator Data Source
(Corresponding to Cybernetics) Y Attribute
1 China Energy Statistical
Green Investment Regulation (In- Energy Industry Investment (100 million yuan) Yearbook
put Control) Completed Investment in .In.dustrial Pollution Treatment China Statistical Yearbook
(100 million yuan)
hina E tatistical
New Energy Power Generation (100 million kWh) China Energy Statistica
Yearbook
Clean Substitution Regulation . China Energy Statistical
(Process Control) Installed Capacity of Renewable Energy (10,000 kW) Yearbook
. China Energy Statistical
Energy Consumption Structure + Yearbook
Emission Decoupling Resulation Carbon Emissions (10,000 tons) - CEADs Database
(Fee dbaclf Coitrotlg) Carbon Emissions per Unit of Industrial Added Value B CEADs Database + China
(ton/10,000 yuan) Statistical Yearbook
Electricity Consumption (100 million kWh) - China ]i{nee;i};iftlﬁlcal
Output Guara.ntee Regulation Purchased External Electricity (100 million kWh) B China FElectric Power Year-
(Constraint Control) book
Industrial Added Value (100 million yuan) + China Statistical Yearbook
Industrialization Level (%) + China Statistical Yearbook

Note: “+” denotes a positive indicator (a higher value is more conducive to the improvement of

energy green controllability), and “~” denotes a negative indicator (a higher value is less conducive

to the improvement of energy green controllability).
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This paper adopts the entropy method for objective weighting. The basic principle of
the entropy method is derived from the information entropy theory of Shannon (1948)
[30]: information entropy is a measure of the uncertainty degree of a system. If the degree
of variation in an indicator among evaluation units is larger, it means that the indicator
contains richer discriminative information, makes a greater contribution to the compre-
hensive evaluation, and should be assigned a higher weight; otherwise, the weight is cor-
respondingly reduced. The score ranges from 0 to 1, and a larger value indicates stronger
energy green controllability of the province in the corresponding year.

We also conducted principal component analysis to check robustness. This method
extracts the shared variation among all indicators and abandons variance-dependent
weighting in order to tackle the bias arising from correlations between sub-indicators
when constructing the composite index. We also employed equal weighting to completely
remove the effect of indicator variance on weight allocation.

3.3. Core Explanatory Variable: Regional Intellectual Property Strong Chain (IP)

The regional intellectual property (IP) strong chain is a systematic institutional re-
form implemented at the provincial administrative region level. It promotes the deep em-
bedding of intellectual property rights into all links of regional industrial chains by
strengthening the full-chain institutional supply of IP creation, protection, utilization,
management and services.

In 2016, the China National Intellectual Property Administration (CNIPA) officially
launched the first batch of pilot programs for the construction of IP-strong provinces, des-
ignating Guangdong as a leading pilot and Guangxi and other provinces as characteristic
pilots. In June of the same year, the CNIPA and the People’s Government of Guangdong
Province signed the third round of high-level IP cooperation consultation agreement, es-
tablishing “building a leading IP-strong province” as the core objective.

This paper operationalizes this policy into a policy treatment dummy variable IP. If
a province is approved as a pilot for the construction of an IP-strong province in the cur-
rent year and subsequent years, the IP takes a value of 1; otherwise, it takes a value of 0.
The policy implementation time for all pilot provinces is calculated from 2016, as detailed
in Table 2.

Table 2. Treatment group regions and implementation time of the policy treatment variable (IP) for

the regional intellectual property strong chain.

Treatment Group Region Pilot Type Implementation Time
Guangdong Leading 2016
Jiangsu, Shanghai, Beijing Leading 2016
Zhejiang, Shandong Leading 2016
Fujian, Hunan, Henan, Hubei, Sichuan Supportive 2016
Chongqing Supportive 2016
Jiangxi, Guangxi, Gansu Characteristic 2016

Note: Provinces not listed have an IP value of 0 during the sample period. The implementation time
of all pilot provinces is uniformly recognized as 2016, the year in which the CNIPA officially
launched the first batch of pilot programs.

https://doi.org/10.3390/en19143267


https://doi.org/10.3390/en19143267

Energies 2026, 19, 3267

11 of 47

3.4. Mechanism Variable: Deep Synergy Between Investment in Physical Capital and Investment
in Human Capital (COL)

3.4.1. Conceptual Basis and Theoretical Origin

The deep synergy between investment in physical capital and investment in human
capital is the core mediating variable constructed in this paper. The proposal of this con-
struct stems from a theoretical reflection on the long-separated discussions of physical
capital and human capital in economic growth theory.

In his human capital externality model, Lucas (1988) demonstrated that human cap-
ital accumulation is not only a direct contributor to output, but also drives the continuous
improvement of total factor productivity (TFP) through knowledge spillover effects [31].
Romer’s (1990) endogenous technological change framework positions human capital as
the core input for the production of new technologies and knowledge, emphasizing its
irreplaceability in the creation of new products and processes [32]. However, these two
theoretical threads have evolved relatively independently for a long time. Research on
physical capital focuses on the driving effect of infrastructure investment on productivity,
while research on human capital centers on returns to education and skill premiums. The
structural coupling relationship between the two investment directions has not received
sufficient attention or quantitative characterization in the empirical dimension for a long
time.

At a deeper theoretical level, Acemoglu and Autor (2011) [33] proved from the per-
spective of skill-biased technological change that the degree of complementarity between
physical capital and human capital determines the nature and distributional effects of
technological progress. Advanced physical capital can only fully release its efficiency in
the hands of labor with corresponding skill levels, while the output potential of high-
quality human capital is also constrained without the support of advanced physical plat-
forms [33]. From the perspective of the comparative political economy of welfare states,
Goldin and Katz (2008) revealed the prerequisite relationship between social security and
skill formation: social protection incentivizes more resources to be allocated to education
and training by reducing the individual risk of human capital investment, thus forming a
positive feedback loop between social security and skill accumulation [34].

Based on the above theoretical context, this paper proposes the concept of “deep syn-
ergy between investment in physical capital and investment in human capital”. It refers
to a coupled state in which investments in physical capital and human capital no longer
advance along separate parallel tracks, but enter a virtuous cycle of mutual activation and
amplification. The core judgment of this construct is as follows: investment in physical
capital provides a physical platform and instrumental conditions for the exertion of hu-
man capabilities, while human capabilities determine the extent to which the benefits of
physical capital investment can be released. A higher degree of synergy means lower fric-
tional loss between the two and higher overall system efficiency. In the context of energy
transition, this synergy means that the construction and operation of clean energy infra-
structure are aligned with the cultivation and security of high-skilled labor in terms of
direction and rhythm.

3.4.2. Index System, Entropy Method Weighting and Coupling Coordination
Degree Calculation

This paper constructs a comprehensive evaluation index system for investment in
physical capital and investment in human capital from two categories (primary dimen-
sions), forming a complete framework of “primary dimension-secondary dimension-ter-
tiary indicator”.

e Index System of Investment in Physical Capital
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Investment in physical capital refers to the formation and accumulation of material
capital. In New Structural Economics, Lin (2011) emphasized that the infrastructure struc-
ture must be continuously upgraded along with the evolution of the factor endowment
structure to transform potential comparative advantages into actual competitive ad-
vantages [35]. Infrastructure is not an exogenous given condition, but a dynamic variable
endogenous to the stage of economic development. There are systematic differences in the
type and scale of infrastructure required at different stages of development.

1. Information infrastructure investment. Information infrastructure is the most basic
form of public capital in the digital economy era. In their knowledge economy anal-
ysis framework, Chen and Dahlman (2006) listed ICT infrastructure as the first of the
five pillars, holding that it determines the efficiency of knowledge production, dis-
semination and utilization [36]. The uniqueness of information infrastructure lies in
its network externality: the access of each new user increases the value for existing
users, which gives information infrastructure investment an inherent characteristic
of increasing returns to scale. The existence of the digital divide not only hinders the
diffusion of knowledge, but also restricts the popularization of clean energy technol-
ogies and the refinement of energy management.

2. Integrated infrastructure investment. Integrated infrastructure is the intersection of
the physical and digital worlds, covering transportation and logistics networks, radio
and television coverage, meteorological observation stations, and e-commerce sup-
port systems. The classic study by Aschauer (1989) [37] revealed the important con-
tribution of public infrastructure investment to productivity. The expansion of ex-
pressways, railways and public transport not only reduces the cost of factor mobility,
but also reshapes the spatial organization of economic activities [37]. In the context
of this paper, the perfection of integrated infrastructure directly determines the flow
efficiency of goods, services and talents, as well as the geographical radius and ser-
vice depth that the e-commerce ecosystem can cover.

3. Innovation infrastructure investment. Innovation infrastructure is the institutional
and physical carrier of knowledge production and technological progress. Research
by Black and Lynch (2005) shows that the contribution of knowledge capital invest-
ment such as R&D input, patent output and technology market transactions to eco-
nomic growth has long been underestimated by the System of National Accounts
(SNA) [38]. In the logical framework of this paper, innovation infrastructure invest-
ment is the key hub connecting “investment in physical capital” and “investment in
human capital”. R&D equipment and laboratories are in the form of physical capital,
while their output is knowledge and skills condensed in the human brain. It is this
dimension that provides a structural channel for the transformation of investment in
physical capital into investment in human capital.

e Index System for Investment in Human Capital

Investment in human capital refers to the accumulation of human capital and the all-
round development of human beings. Mincer’s (1975) human capital investment theory
laid the basic framework for analyzing the returns to education and health investment:
education and training mean the delay of current consumption, and their returns are re-
flected in the continuous improvement of future labor productivity and income [39]. Ear-
lier, Schultz (1961) systematically demonstrated the key contribution of human capital in-
vestment to economic growth [40]. In the analysis of this paper, investment in human
capital is the core proxy variable to measure the degree of a region’s shift from “physical
expansion” to “human development”.
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1. Education and talent cultivation investment. Education is the most fundamental
channel for human capital formation, as well as the most important engine for inter-
generational mobility and long-term economic growth. In the context of energy tran-
sition, the improvement of education level not only means higher-quality technical
R&D personnel and engineering managers, but also greater overall social acceptance
and application capacity of green and low-carbon technologies and management
models.

2. Healthcare and protection investment. Health is the physiological basis of human
capital. Bloom and Canning (2000) demonstrated the direct effect of health improve-
ment on labor productivity, as well as its indirect effect of enhancing incentives for
education investment by extending working life and expected return cycles [41]. In
the energy transition, front-line workers in industrial pollution control and manual
workers in the construction of clean energy infrastructure all need good physical con-
ditions as support. The accessibility of medical resources and the perfection of the
public health system determine the fundamental health status of the labor force.

3. Employment and talent utilization investment. Employment is the market channel
for the realization of human capital value. The vitality of the labor market—the scale
of new jobs, the absorption capacity of the private economy, and the expanding trend
of service industry employment—reflects whether an economy can effectively trans-
form its human capital accumulation into real productivity. The increase in the pro-
portion of employment in the tertiary industry is itself an evolution of the industrial
structure toward low energy consumption. Meanwhile, high-quality employment
growth is also the economic foundation for social stability and the sustainability of
energy transition investment.

4. Social security investment. Social security is the “safety net” for human capital in-
vestment. A sound social insurance system reduces the risk of individuals’ long-term
human capital investment and incentivizes more resources to be allocated to educa-
tion and training. In the specific context of energy transition, the role of the social
security system is particularly critical. Jobs in the traditional fossil energy industry
will inevitably shrink during the transition, and the transition period of unemploy-
ment and reemployment needs the buffer provided by the social security system to
avoid the concentrated outbreak of the social costs of the transition.

The specific composition of the index system is detailed in Appendix A, Table Al.

The entropy method weighting procedure is applied to the indicator sets of invest-
ment in physical capital and investment in human capital, respectively. The composite
index of investment in physical capital is denoted as PHC;; (Physical Capital), and the
composite index of investment in human capital is denoted as HCM;; (Human Capital).

3.4.3. Coupling Coordination Degree Model

After measuring the development levels of the two independent systems through
weighting with the entropy method, it is necessary to synthesize them into a measurement
of “deep synergy”. We used the coupling coordination degree model to complete this syn-
thesis. Originally applied in physics to characterize the intensity of the interaction be-
tween different circuit components, the core logic of this model is to simultaneously meas-
ure the degree of interaction between systems (coupling degree) and the overall develop-
ment level of the systems (coordination degree). The coupling coordination degree is gen-
erated by taking the geometric mean of these two indicators.

_2X +/PHC;; X HCM;,

7 PHC, + HCM,,
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Tit =u- PHCit + B . HCMit

COLy = /Cie X Ty,

Here, Cj; denotes the coupling degree, which measures the intensity of the interac-
tion between the two systems and has a value range of [0, 1]. A value closer to 1 indicates
a deeper mutual influence between the systems. T;; denotes the comprehensive coordi-
nation index, which reflects the overall development level of the two systems. a and 8
are undetermined weights. This paper assumes that the two systems of investment in
physical capital and human capital are equally important in deep synergy, so the value of
a=f=0.5 isadopted. COLy, is the final synthesized coupling coordination degree, with
a value range of [0, 1]. The economic implication of this indicator is the degree of deep
synergy between investment in physical capital and investment in human capital in a re-
gion, which depends not only on the respective development levels of the two systems,
but, more critically, on the matching efficiency of their co-frequency resonance.

The choice of equal weights (o = 3 = 0.5) for the comprehensive coordination index T
requires justification. We adopted this specification because our conceptualization of
“deep synergy” emphasizes the coupled state of mutual activation and amplification be-
tween the two systems, rather than the relative superiority of either investment direction.
In the absence of strong prior theoretical guidance that one type of investment should be
weighted more heavily than the other in determining synergy, equal weighting represents
the most neutral and commonly adopted practice in the coupling coordination degree lit-
erature. This approach ensures that the resulting COL index reflects the balanced interac-
tion between physical and human capital investment, rather than being driven by the
dominance of either system. To assess the sensitivity of our results to this weighting as-
sumption, we conducted robustness checks by varying the weights within a reasonable
range (a=0.4, 3 =0.6 and a = 0.6, = 0.4). The estimated coefficients of COL on EGC and
the mediation ratios remain qualitatively unchanged, confirming that our core conclu-
sions are not driven by the specific choice of a and f.

3.5. Control Variables

To eliminate the confounding effects of other factors on energy green controllability
and accurately identify the net effects of the IP strong chain and deep synergy, we select
five control variables based on the energy transition and structural change literature. Each
variable is chosen because it captures a distinct channel through which economic structure,
human resources, government behavior, or technological capacity may influence a re-
gion’s ability to guide its energy system toward a green trajectory. Below, we specify the
measurement and hypothesized mechanism for each.

Industrial structure rationalization (STR). Industrial structure rationalization reflects
the effectiveness of factor allocation among industries. A more rationalized structure im-
plies that resources are allocated to sectors where they yield the highest marginal returns,
which tends to reduce wasteful energy consumption and improve energy efficiency. This
paper uses the reciprocal of the Theil index as a measurement. The calculation formula of

3
Y Y3 /LS
Theil. =Z Sie) it/ Lit
el (Yi ! Yie/Lit

s=1

the Theil index is as follows:

Among them, Yj; and L}, denote the added value and employment of the s-th in-
dustry, respectively, and Yj; and L;; represent the regional gross domestic product (GDP)
and total employment. STR takes its reciprocal value: STR;; = 1/Theil;.

https://doi.org/10.3390/en19143267


https://doi.org/10.3390/en19143267

Energies 2026, 19, 3267

15 of 47

Human capital level (HC). The level of human capital reflects the skill and knowledge
reserves of the labor force, which form the absorptive capacity foundation for technolog-
ical innovation and knowledge diffusion. Regions with higher human capital levels are
better able to adopt and implement advanced clean energy technologies and energy-sav-
ing practices, thereby accelerating the green transition. This paper uses the natural loga-
rithm of the average number of college students per 100,000 people for measurement.

Industrial structure advancement (AIS). Industrial structure advancement measures
the degree of leap of the industrial structure from a low-level form to a high-level form. A
higher share of the tertiary industry typically implies a structural weakening of the de-
pendence of economic growth on high-carbon energy, as service sectors are generally less
energy-intensive than manufacturing. This paper uses the ratio of the added value of the
tertiary industry to the added value of the secondary industry for measurement: AIS; =
Yit/Yit.

Government intervention intensity (GOV). The intensity of government intervention
reflects the relative scale and influence of the public sector in the macro economy. On one
hand, government spending on public goods such as infrastructure and environmental
protection may promote green transition; on the other hand, excessive intervention may
distort market signals and reduce allocative efficiency. This paper uses the ratio of local
general public budget expenditure to GDP for measurement: GOV;; = Exp;;/GDP;;.

R&D I=intensity (RD). The R&D input intensity is the core input variable driving
technological innovation. Higher R&D expenditure is expected to accelerate the develop-
ment and diffusion of clean energy technologies, improve energy efficiency, and reduce
the cost of emission abatement. This paper uses the proportion of local fiscal expenditure
on science and technology in the general public budget expenditure for measurement:
RD;; = ScienceExp;./TotalExp;;.

The data for the above control variables are all derived from the China Statistical
Yearbook, China Science and Technology Statistical Yearbook, and statistical yearbooks
of each province.

3.6. Quasi-Natural Experiment Design and Model Construction
3.6.1. Spatial Difference-in-Differences Model

To comprehensively identify the direct effect and spatial spillover effect of the intel-
lectual property (IP) strong chain on energy green controllability (EGC), this paper con-
structs three types of spatial panel models to select the optimal specification through sub-
sequent diagnostic tests.

The validity of the traditional difference-in-differences (DID) model relies on the fun-
damental assumption of independent individual treatment units, namely the Stable Unit
Treatment Value Assumption (SUTVA). However, the transition of the energy system can
hardly be completely confined by administrative boundaries. Capital flows, talent migra-
tion, technology diffusion and institutional imitation may all transmit the policy effect of
a province to neighboring regions with similar economic structures. LeSage and Pace
(2009) [42] systematically pointed out in their monograph on spatial econometrics that
ignoring such spatial dependence will lead to a biased estimation of policy effects. Ac-
cordingly, drawing on the spatial panel model system of Elhorst (2014) [43], this paper
constructs the Spatial Autoregressive Difference-in-Differences model (SAR-DID), Spatial
Error Difference-in-Differences model (SEM-DID), and Spatial Durbin Difference-in-Dif-
ferences model (SDM-DID).

SAR-DID: EGC;, = pW - EGCj, + ay P + a,COLy, + XBXie + ve + i + &3t

SEM'DID: EGClt = allpit + azCOLit + ZBXlt + Yt + 15 + AW * Vit + Eit
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SDM'DID: EGClt = pW ° EGClt + (XIIPit + O(ZCOLit + ZBXIt + eW ° (IPIt + COth + let) + yt + “‘1 + sit

where W denotes the spatial weight matrix, the specification logic of which is elaborated
below; p is the spatial autoregressive coefficient; 6 is the coefficient vector of the spatial
lag term of explanatory variables; A is the spatial error autocorrelation coefficient; y; and
I; represent time and spatial fixed effects, respectively; and X;; is the set of control vari-
ables.

The final specification of the three models will be determined through a systematic
diagnostic procedure including the Robust LM test, Hausman test, LR test and Wald test.
The effect decomposition of the optimal model will yield a direct effect and indirect effect.
The direct effect measures the final impact of local explanatory variables on the local ex-
plained variable after passing through the spatial feedback loop, while the indirect effect
measures the pure spatial spillover of local explanatory variables on all other regions
(LeSage & Pace, 2009) [42].

After the diagnostic test confirms that the SDM-DID is the optimal specification, this
paper further constructs an extended model with interaction terms:

EGC;; = pW - EGCj; + o I + o, COL;; + ag(IP X COL;p) + XX
+0,W - IP, + 0,W - COL;, + 05W - (IP, X COLy) + 0,TW - X,
+Yet+ W+ &g

3.6.2. Specification of the Spatial Weight Matrix

The spatial weight matrix is the core identification tool in spatial econometrics, whose
essential function is to convert the unobservable spatial correlation structure into a meas-
urable exogenous weight system. There are three common types of spatial weight matri-
ces. The geographic adjacency matrix defines spatial correlation based on shared bound-
aries, but it implies strict assumptions that spatial effects are homogeneous within admin-
istrative boundaries and decline abruptly beyond the boundaries. The geographic dis-
tance matrix assigns weights through the decay function of physical distance, which is
smoother, but still equates “proximity” with “geographic closeness”. In contrast, the eco-
nomic distance matrix breaks away from the geographic logic and takes the similarity of
economic structure as the inverse measure of correlation intensity: regions with similar
economic development levels may have intensive institutional imitation and factor flows,
even if they are not geographically adjacent.

The research topic of this paper—intellectual property system and energy govern-
ance — precisely falls into the scenario where institutional diffusion depends more on eco-
nomic gradients than geographic distance. In view of this, this paper selects the economic
distance spatial weight matrix:

1
Wj; = { |GDP; — GDP;|’
0, i=j

i#]

where GDP; and GDP; are the average per capita GDP of province i and j during the sam-
ple period, respectively. The matrix is processed with row standardization.

3.6.3. Double Machine Learning Model

Standard parametric models face the risk of misspecification when the relationship
between the outcome variable and high-dimensional control variables involves complex
nonlinearities and interactions. To address this concern while maintaining valid statistical
inference for the low-dimensional treatment parameters, we employed the Double Ma-
chine Learning (DML) framework developed by Chernozhukov et al. [44]. The core inno-
vation of DML lies in its ability to remove regularization bias through the combination of
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orthogonalization and cross-fitting, thereby allowing flexible machine learning algorithms
to estimate nuisance functions without compromising the asymptotic normality of the
treatment effect estimator.

Consider the partially linear model that forms the basis of our empirical analysis. For
a given outcome variable Y (energy green controllability), a treatment variable D (either
the IP strong chain policy indicator or the deep synergy index), and a high-dimensional
vector of control variables X, the model takes the form Y=60-D+gX)+
U, withE[U|D,X] = 0, where 0 is the treatment parameter of interest and g(-) is an un-
known, potentially complex function of the controls. A direct approach would be to esti-
mate g(-) using machine learning and then recover 6, but this naive procedure suffers
from regularization bias because the machine learning estimator of g(-) is shrunk toward
zero to prevent overfitting, which in turn contaminates the estimate of 8. The DML frame-
work resolves this issue by constructing a Neyman-orthogonal score function that is in-
sensitive to first-order errors in the estimation of the nuisance parameters. The orthogonal
score Y(W;6,m) for the partially linear model is defined as y(W;6,n) = [Y—6-D—
g(X)] - [D —m(X)], where W = (Y,D,X) denotes the observed data, n = (g, m) repre-
sents the nuisance parameters, and m(X) = E[D|X] is the propensity score or the condi-
tional expectation of the treatment variable, given the controls. This score satisfies the or-
thogonality condition d,E[W/(W;8o,10)] = 0, meaning that the moment condition used to
identify 8 is locally invariant to small perturbations in the nuisance functions, which is
the key property that eliminates regularization bias.

To implement the estimation, we adopt a cross-fitting procedure that prevents over-
fitting and avoids the over-rejection of the null hypothesis that can arise when the same
observations are used to estimate both the nuisance functions and the treatment effect.
Specifically, we randomly split the full sample of 390 province—year observations into K =
5 folds of approximately equal size. For each fold k, we used the observations from the
other K—1 folds to train the machine learning models for the nuisance functions. The
gradient-boosting tree algorithm was employed as the primary learner for both g(X) and
m(X) due toits ability to capture complex nonlinear patterns and interactions while main-
taining computational efficiency. Using the estimated nuisance functions from the auxil-
iary folds, we then computed the orthogonal scores for each observation in the held-out
fold k. This procedure was repeated across all five folds, ensuring that every observation
contributed to the final estimation through a score that was constructed using nuisance
functions estimated from a separate subset of the data. The final estimate 8 was obtained
by solving the sample analog of the orthogonal moment condition, which reduced to a
simple linear regression of the residualized outcome variable on the residualized treat-
ment variable, where residualization was performed using the cross-fitted predictions
from the auxiliary folds. In other words, we regressed Y — g ¥(X)onD — m~%(X) using the
observations from fold k, and then aggregated the estimates across folds. Standard errors
for the treatment parameter were computed using the conventional asymptotic variance
formula for the orthogonal score, which is valid under the DML framework and did not
require additional corrections for the first-stage estimation of the nuisance functions be-
cause the orthogonality condition ensured that the effect of nuisance estimation error on
the treatment coefficient vanished asymptotically. The validity of this inference procedure
relied on the cross-fitting step to control the complexity of the nuisance estimators and the
use of sufficiently fast convergence rates for the machine learning learners, conditions that
were satisfied by gradient boosting under standard regularity assumptions. This DML
approach allows us to flexibly control for the confounding effects of industrial structure
rationalization, human capital level, industrial structure advancement, government inter-
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vention intensity, R&D intensity, and the individual and time fixed effects, without im-
posing restrictive linear functional form assumptions or arbitrarily selecting a subset of
controls to include in a parametric specification.

3.6.4. Double Machine Learning Mediation Effect Model

To test the mediating transmission mechanism of deep synergy, we combined the
stepwise regression method with the DML framework. The basic procedure of the step-
wise method was proposed by Baron and Kenny (1986) [45]. To make the statistical infer-
ence more robust, we performed the Sobel Z test, Aroian test, and Goodman test (Sobel,
1982) [46].

The overall mediation effect test consists of the following system of equations:

EGC;i; = B1IB; + g(Xir) + Uy 1)
COLj; = BB + g(Xip) + Uy (2)
EGCj; = B4IP¢ + B3COLj + g(Xjr) + Uit 3)

For the mediation effect test of the two sub-paths (H5a: IP — PHC — EGC; H5b: IP
— HCM — EGC), COL;; in the above equation system was replaced by PHC;; and HCMj,
respectively. All equations adopted the gradient-boosting tree algorithm and 5-fold cross-
fitting.

To test the transmission mechanism through which deep synergy between invest-
ment in physical capital and investment in human capital mediates the effect of the re-
gional intellectual property strong chain on energy green controllability, we embedded
the stepwise regression logic within the Double Machine Learning framework. The step-
wise approach, originally proposed by Baron and Kenny [45], proceeds through three
stages: first, establish the total effect of the independent variable on the outcome; second,
establish the effect of the independent variable on the mediator; and third, examine the
change in the independent variable’s coefficient when the mediator is included in the
model, with a significant reduction indicating a mediation effect. To enhance the statistical
rigor, we report the Sobel Z statistic alongside the Aroian and Goodman tests, which pro-
vide complementary assessments of the significance of the indirect effect [46].

It is important to clarify the identifying assumptions underlying the mediation inter-
pretation. The causal interpretation of the indirect effect requires what is known as se-
quential ignorability. This assumption consists of two parts: first, conditional on the ob-
served control variables, the treatment variable is independent of the potential outcomes
and potential mediator states; second, conditional on the observed control variables and
the actual treatment status, the mediator is independent of the potential outcomes. In our
context, this means that we must assume that, after conditioning on the rich set of controls,
including industrial structure, human capital level, government intervention, R&D inten-
sity, and the fixed effects, there are no unobserved confounders that affect either the rela-
tionship between the IP strong chain and deep synergy, or the relationship between deep
synergy and energy green controllability. While our DML framework flexibly accounts
for observed confounding through the machine learning estimation of nuisance functions,
the sequential ignorability assumption itself is fundamentally untestable with observa-
tional data. Therefore, our mediation results should be interpreted as evidence consistent
with the proposed transmission pathway, rather than as a definitive causal decomposition.
The estimated indirect effect captures the portion of the association between the IP strong
chain and energy green controllability that operates through deep synergy, under the
maintained assumption that all relevant confounders have been adequately controlled for.
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The overall mediation effect test consists of the following system of equations, all
estimated using the gradient-boosting tree algorithm with 5-fold cross-fitting:

Equation (1) estimates the total effect of the IP strong chain on energy green control-
lability: EGC;t = B, - IRt + g(X;t) + Ujt.

Equation (2) estimates the effect of the IP strong chain on the mediator, deep synergy:
COLjt = B, - IPt + g(X;t) + Uit

Equation (3) includes both the IP strong chain and deep synergy to separate the direct
effect from the indirect effect transmitted through the mediator: EGCit = 4 - IPt + 5 -
COL;t + g(X;t) + Ujt.

The indirect effect is computed as the product B, X 3, and its statistical significance
is assessed using the Sobel, Aroian, and Goodman tests. For the separate path mediation
tests examining Hypothesis H5a (IP — PHC — EGC) and Hypothesis H5b (IP — HCM —
EGC), the mediator COL in the above equation system is replaced by PHC (investment in
physical capital) and HCM (investment in human capital), respectively.

To formally test these two separate mediation paths, we define the following equa-
tions. For the human capital path (IP - HCM — EGC), the three-stage regression system
is:

EGCi; = B11P¢ + g(Xip) + Uy 4)
HCM;; = B,IB + g(Xio) + Uy @)
EGCj; = B4IP¢ + BsHCM;; + g(Xj) + U (6)

For the physical capital path (IP — PHC — EGC), we replace HCM with PHC in
Equations (5) and (6), while Equation (4) remains unchanged as the total effect benchmark.
The indirect effects are computed as the product of the respective path coefficients, and
their significance is assessed using the Sobel, Aroian, and Goodman tests.

All equations include the same set of control variables and fixed effects as in the
benchmark specification.

4. Analysis of Empirical Results
4.1. Preliminary Descriptive Statistics and Correlation Analysis

Before proceeding to the formal spatial econometric analysis, we first present the de-
scriptive statistics and correlation matrix for all variables used in the empirical models.
Table 3 reports the mean, standard deviation, and minimum and maximum values for
each variable over the full sample period. The mean value of energy green controllability
(EGC) is 0.285, with a standard deviation of 0.125, indicating considerable variation across
provinces and over time. The regional intellectual property strong chain dummy (IP) has
a mean of 0.175, reflecting that approximately 17.5% of the province—year observations
are treated by the policy. The deep synergy index (COL) ranges from 0.112 to 0.872, with
a mean of 0.481, suggesting that the coupling coordination between physical and human
capital investment varies substantially across regions. Among the control variables, in-
dustrial structure rationalization (STR) exhibits a mean of 0.524, human capital level (HC)
has a mean of 4.682, industrial structure advancement (AIS) averages 1.241, government
intervention intensity (GOV) averages 0.235, and R&D intensity (RD) averages 0.021.

Table 3. Descriptive statistics of all variables.

Variable Obs Mean Std. Dev. Min Max
EGC 390 0.285 0.125 0.073 0.682
P 390 0.175 0.380 0.000 1.000
COL 390 0.481 0.163 0.112 0.872
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STR 390 0.524 0.217 0.081 0.963
HC 390 4.682 0.971 2.831 6.745
AIS 390 1.241 0.476 0.527 3.428
GOV 390 0.235 0.102 0.105 0.643
RD 390 0.021 0.015 0.004 0.081

Table 4 presents the pairwise correlation matrix for all variables. The correlation be-
tween IP and EGC is positive at 0.185, and the correlation between COL and EGC is posi-
tive at 0.412, with both providing preliminary support for our hypotheses. The correlation
coefficients among the control variables are generally moderate, with the highest being
between GOV and STR (0.418). To formally assess multicollinearity, we computed the
variance inflation factor (VIF) for each variable. The VIF values range from 1.27 to 2.41,
with a mean VIF of 1.68; all are substantially below the conventional threshold of 10. This
result confirms that multicollinearity does not pose a serious threat to the reliability of our
regression estimates.

Table 4. Correlation matrix and variance inflation factors.

Variable EGC IP COL STR HC AIS GOV RD VIF
EGC 1.000

P 0.185 1.000 1.68
COL 0.412 0.298 1.000 241
STR 0.276 0.112 0.241 1.000 1.93
HC 0.334 0.204 0.383 0.324 1.000 2.18
AIS 0.119 0.087 0.156 0.218 0.276 1.000 1.27
GOV 0.082 -0.053 0.113 0.418 0.156 0.092 1.000 1.35
RD 0.214 0.168 0.251 0.123 0.297 0.183 0.057 1.000 1.51

Note: All correlation coefficients with absolute value greater than 0.098 are statistically significant
at the 5% level.

4.2. Spatial Autocorrelation Test

Before conducting formal spatial econometric analysis, the global spatial autocorre-
lation test on the explained variable is an indispensable diagnostic step. The necessity of
this test lies in the core assumption of spatial econometric methods: there is non-negligible
spatial dependence between observation units that are geographically or economically
correlated. If such dependence does not exist, complex models including spatial lag or
spatial error terms should not be used. Conversely, if the explained variable shows signif-
icant spatial correlation characteristics but traditional econometric methods that ignore
spatial interaction effects are still adopted, the estimation results will be biased due to the
omission of spatial dependence.

This paper adopts two complementary statistics to test the spatial autocorrelation
characteristics of energy green controllability (EGC). The first is the most widely used
Global Moran’s I index, with the calculation formula as follows:

_ n . im1 =1 Wy (% — 0 (x5 — X)
i 2t Wy 2iLi(x —%)?

where x; is the observed value of the i-th spatial unit, X is the sample mean, Wj; is the

I

corresponding element of the spatial weight matrix, and n is the total number of spatial
units. The value of Moran’s I ranges from -1 to 1. A positive value indicates that observed
values with similar levels tend to be geographically adjacent (positive spatial autocorre-
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lation); a negative value means that observed values with different levels tend to be inter-
laced in space (negative spatial autocorrelation); and a value close to zero indicates no
spatial autocorrelation [47].

The second is Geary’s c Statistic, with the calculation formula as follows:

o= (-1 iy 2t Wy (x4 — x3)?
22 Xt W i (xi —%)?

Compared with Moran’s I, Geary’s c is more sensitive when detecting local spatial

correlation patterns. The value of this statistic ranges from 0 to 2, with 1 as the critical
value: a value less than 1 means small differences in attribute values between adjacent
spatial units, namely positive spatial autocorrelation; a value greater than 1 indicates large
differences between adjacent units, namely negative spatial autocorrelation. The introduc-
tion of Geary’s c as a supplement to Moran’s I can, to a certain extent, control the risk of
misjudgment caused by differences in the construction assumptions of the statistics in a
single test [48].

Table 5 reports the test results of the Global Moran’s I and Geary’s c for EGC under
the specification of the economic distance spatial weight matrix from 2010 to 2022. The
data show that during the entire sample period, the Moran’s I value of EGC fluctuated
slightly between 0.078 and 0.104, and was significantly positive at the 1% level in all years.
The Geary’s c value remained stable in the range of 0.851 to 0.878, which was also signifi-
cantly less than 1 at the 1% level. The independent test results of the two indicators are
highly consistent and mutually reinforcing, jointly indicating that EGC is not randomly
and independently distributed among provinces, but presents a robust and sustained pos-
itive spatial agglomeration phenomenon. Provinces with high EGC tend to be surrounded
by neighboring provinces with equally high levels, while provinces with low EGC tend to
be surrounded by neighboring provinces with equally low levels. In other words, there is
a significant “level convergence” characteristic between each province and its neighboring
regions.

Table 5. Global Moran’s I and Geary’s c for energy green controllability under the economic distance

spatial weight matrix.

Year Moran’s 1 p-Value Geary’s c p-Value
2010 0.084 *** 0.000 0.877 *** 0.000
2011 0.084 *** 0.000 0.872 *** 0.000
2012 0.084 *** 0.000 0.870 *** 0.000
2013 0.101 *** 0.000 0.851 *** 0.000
2014 0.104 *** 0.000 0.851 *** 0.000
2015 0.089 *** 0.000 0.864 *** 0.000
2016 0.088 *** 0.000 0.863 *** 0.000
2017 0.083 *** 0.000 0.873 *** 0.000
2018 0.079 *** 0.000 0.878 *** 0.000
2019 0.078 *** 0.000 0.875 *** 0.000
2020 0.080 *** 0.000 0.867 *** 0.000
2021 0.086 *** 0.000 0.863 *** 0.000
2022 0.081 *** 0.000 0.869 *** 0.000

Note: *** denote statistical significance at the 1% level; the same applies hereinafter. p-values are the
results of two-tailed tests. Both Moran’s I and Geary’s c are calculated under the economic distance

spatial weight matrix.

Further observation of the time trend shows that the Moran’s I value increased
slightly from 2013 to 2016, rising from 0.084 in 2012 to 0.101 in 2013 and 0.104 in 2014, and
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then slowly fell back to around 0.08. This period coincided with the intensive promotion
stage of the pilot program for the IP-strong province strategy. The gradient difference in
institutional construction and innovation output between pilot and non-pilot provinces
may have increased the statistical intensity of spatial autocorrelation in the short term. As
the pilot experience gradually spread to non-pilot provinces and the independent institu-
tional construction in non-pilot regions accelerated, the inter-provincial gap converged to
a certain extent, and the Moran’s I value also showed a trend of mean reversion. Although
the magnitude of this change is limited, it provides the necessary empirical basis for the
subsequent inclusion of spatial correlation into the causal identification model.

In addition to the global test, the Local Moran Scatter Plot can reveal the specific po-
sition of each spatial unit in the agglomeration pattern in more detail. This paper selects
two time points, the first year (2010) and the last year (2022) of the sample, to draw the
Local Moran Scatter Plot of EGC, as shown in Figure 1. Observation of the two sub-figures
shows that most provinces fall into the first quadrant (High-High (H-H) Cluster) and the
third quadrant (Low—Low (L-L) Cluster), while the number of provinces located in the
second quadrant (low values surrounded by high values, i.e., L-H Cluster) and the fourth
quadrant (high values surrounded by low values, i.e., H-L Cluster) is relatively small.
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Figure 1. Local Moran scatter plot of energy green controllability (EGC) under the economic distance
spatial weight matrix. (a) Local Moran scatter plot of EGC in 2010. (b) Local Moran scatter plot of
EGC in 2022.

This distribution structure indicates that the spatial pattern of EGC is dominated by
positive agglomeration in both 2010 and 2022, with an obvious polarization between high
and low levels. Some provinces have formed a virtuous cycle and agglomeration ad-
vantages of energy green governance, while others are deeply trapped in low-level lock-
in, and the spatial boundary between the two types of regions has strong stability. Com-
pared with 2010, the scatter distribution in 2022 has no essential structural change. The
shift in a small number of provinces indicates that some regions have achieved relative
level improvement during the sample period, but the original agglomeration pattern has
not been broken on the whole. This further strengthens the aforementioned conclusion
that EGC has always maintained a non-negligible spatial interaction characteristic among
provinces with similar economic structures.

Based on the above test results, it can be concluded that EGC is not independently
distributed among provinces during the sample period, but it has sustained a significant
positive spatial autocorrelation. Therefore, in the subsequent policy effect analysis, it is
necessary to adopt a model specification that can incorporate the spatial interaction mech-
anism to accurately estimate the respective contributions of direct and indirect effects.

4.3. Diagnostic Tests of the Spatial Econometric Model

The spatial autocorrelation test confirms the stable positive spatial agglomeration of
energy green controllability (EGC) among provinces, but this fact alone is insufficient to
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determine the specific transmission structure of spatial correlation. Spatial dependence
may arise from different channels: it may stem from the direct feedback of local EGC on
neighboring regions (spatial autoregressive effect), from the systematic diffusion of unob-
servable factors omitted by the model across regions (spatial error effect), or from both
mechanisms.

Different model specification assumptions correspond to different logics of effect es-
timation, and specification bias will lead to misjudgments of the direction and intensity of
the direct policy effect and spillover effect. Therefore, before the formal decomposition of
policy effects, it is necessary to identify the specification that best fits the data generation
process from competitive model settings through a progressive diagnostic procedure.

The starting point of the diagnosis is the fundamental question of “whether spatial
effects need to be introduced”. Based on the residuals of ordinary least squares (OLS) re-
gression, the Lagrange Multiplier (LM) test provides a statistical basis for judging the ex-
istence of spatial error effects and spatial lag effects. However, the standard LM test has a
non-negligible limitation: when the spatial error effect exists in the data, the LM statistic
for testing the spatial lag effect will have an over-rejection bias due to model misspecifi-
cation, and vice versa.

The Robust Lagrange Multiplier test proposed by Anselin et al. (1996) [49] is designed
to overcome this defect. By making a local correction for another spatial effect when test-
ing one spatial effect, it ensures that the two tests maintain their respective asymptotic
validity in the presence of the other effect. From the perspective of construction principles,
the Robust LM test applies a local adjustment term dependent on the score vector and
elements of the information matrix to the standard LM statistic, thereby correcting the
direction and magnitude of misspecification bias.

For the data structure of this paper, the Robust LM statistic of the spatial error effect
far exceeds the 1% critical value, and the Robust LM statistic of the spatial lag effect is also
significant at the 10% level. Both reject the null hypothesis that there is no spatial effect in
their respective directions. This result indicates that there are non-negligible spatial error
effects and spatial lag effects in the data simultaneously. Adopting either the Spatial Au-
toregressive Model (SAR) or the Spatial Error Model (SEM) alone will lose information
adequacy due to incomplete specification. Therefore, the generalized nested form of the
two—the Spatial Durbin Model (SDM)—should be taken as the candidate starting point
for the analysis.

The second round of diagnosis addresses the determination of the effect form. The
x*(7) statistic of the Hausman test is 61.10, which rejects the null hypothesis that there is
no systematic difference between random effects and fixed effects, and clearly points to
the fixed effects specification. It is further necessary to confirm the dimension of the fixed
effects. Taking the SDM with spatio-temporal dual fixed effects as the benchmark, the
likelihood ratio (LR) test is carried out with the simplified versions, including only time
fixed effects and only spatial fixed effects as the constrained models, respectively.

The results show that the LR x?*(10) for the time fixed effect is as high as 598.17, and
the LR x*(10) for the spatial fixed effect also reaches 52.46, both of which reject the null
hypothesis of the simplified specification at the 1% level. This indicates that there are non-
negligible intertemporal common trends and persistent heterogeneous characteristics
among provinces in the sample data. Controlling only one source of heterogeneity is in-
sufficient to provide a clean identification environment. Therefore, the spatio-temporal
dual fixed effects constitute the benchmark specification for the empirical analysis of this
paper.

The final round of diagnosis confirms whether the SDM can be further simplified into
SAR or SEM from the perspective of ex post verification. If SAR or SEM is already a suffi-
cient summary of the data generation process, the parameters of the spatial lag terms of
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explanatory variables additionally included in the SDM are statistically redundant —they
will not substantially improve the goodness of fit of the model, nor will they challenge the
parameter constraints.

The likelihood ratio test provides the first basis for this judgment: the LR x*(7) of
SDM relative to SAR is 20.74 (p = 0.0042), and that relative to SEM is 17.54 (p = 0.0142),
with both rejecting the null hypothesis of simplification at the 5% level. The Wald test
provides a second independent verification from the perspective of linear constraints. The
test of the null hypothesis that the coefficients of the spatial lag terms of all explanatory
variables are jointly zero yields a Wald x?*(7) of 24.43 (p = 0.0010), ruling out the possibility
of simplifying SDM to SAR.

A more refined test targets the “spatial error degradation constraint” —the specific
condition that there is a fixed proportional relationship between the spatial lag term coef-
ficients of all explanatory variables and their main equation coefficients. The Wald x*(7)
is 21.19 (p = 0.0035), which also rejects the notion that SDM can be simplified to SEM. The
two types of tests are logically complementary: the likelihood ratio test compares the over-
all difference in the degree of data fit between the two models, while the Wald test directly
evaluates whether a specific parameter constraint holds under unconstrained estimation.
When the two reach a consistent conclusion, the reliability of model selection is cross-
verified.

All diagnostic test results are summarized in Table 6. After the above three rounds
of diagnosis, this paper locks the Spatial Durbin Model with spatio-temporal dual fixed
effects based on the economic distance spatial weight matrix as the benchmark specifica-
tion. This choice means that when decomposing the effects of the regional IP strong chain
and deep synergy on EGC, it is necessary to simultaneously incorporate the spatial auto-
regressive channel of the explained variable and the spatial spillover channel of the ex-
planatory variables, and jointly control the unobserved heterogeneity in the time and spa-
tial dimensions in the estimation. Before formally entering the effect decomposition, this
paper strictly follows the complete screening path from the judgment of the existence of
spatial effects to the determination of the effect form and then to the verification of the
non-simplifiability of the model, to ensure that the adopted spatial econometric strategy
has a sufficient empirical basis at the model specification level.

Table 6. Diagnostic tests for the Spatial Econometric Model.

Test Category Test Content Statistic p-Value
Existence of Spatial Effects Robust LM (Spatial Error) 31.308 0.000
Robust LM (Spatial Lag) 3.387 0.066
Effect Form Selection Hausman Test 61.10 0.0000

Model Simplification Test

LR (Spatio-Temporal Dual Fixed Effects vs. Time Fixed Effects) 598.17 0.0000
LR (Spatio-Temporal Dual Fixed Effects vs. Spatial Fixed Effects) 52.46 0.0000

LR (SDM vs. SAR) 20.74 0.0042

LR (SDM vs. SEM) 17.54 0.0142

Wald (Joint Zero of Spatial Lag Terms) 24.43 0.0010
Wald (Spatial Error Degradation Constraint) 21.19 0.0035

4.4. Effect Decomposition and Analysis Based on the Benchmark Regression of the Spatial
Econometric Model

After the optimal model form is confirmed, the next task is to convert the estimation
results of the Spatial Durbin Model (SDM) into marginal effects with clear policy implica-
tions. A well-known but easily overlooked technical detail in spatial econometrics is that
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the point estimation coefficients of explanatory variables in models containing spatial in-
teraction terms are not directly equal to their marginal effects on the explained variable.
The fundamental reason for this phenomenon is the existence of the spatial feedback loop.

When an explanatory variable in the local region changes, this change not only has a
direct effect on the explained variable in the local region, but also transmits to neighboring
regions through the spatial weight matrix and changes the explained variable in neigh-
boring regions. The change in the explained variable in neighboring regions will in turn
affect the local region through the spatial autoregressive channel, forming a circular trans-
mission path of “local region — neighboring regions — local region”. LeSage and Pace
(2009) [42] elaborated on this mechanism in Introduction to Spatial Econometrics, and
proposed a partial differential method to decompose the total effect into direct effect and
indirect effect. The direct effect incorporates the net contribution of the above spatial feed-
back loop and measures the average impact of changes in local explanatory variables on
the local explained variable. The indirect effect excludes local feedback and purely
measures the average spillover effect of changes in local explanatory variables on the ex-
plained variable in all other regions.

Table 7 presents the decomposition results of the benchmark SDM and the extended
model with the interaction term in the two dimensions of direct effect and indirect effect
under the spatiotemporal dual fixed effects specification.

Table 7. Estimation results for direct and indirect effects of the Spatial Durbin Model.

Variable (1) Benchmark Regression (2) Model with Interaction Term
Direct Effect  Indirect Effect Total Effect Direct Effect  Indirect Effect Total Effect
IP 0.018 * 0.236 ** 0.254 ** -0.056 ** 0.374 * 0.318
(1.84) (2.20) (2.21) (-2.37) (1.74) (1.39)
COL 0.369 *** 0.758 1.128 ** 0.259 *** 1.391 ** 1.649 **
(5.26) (1.57) (2.23) (3.42) (2.17) (2.47)
IP x COL 0.145 *** -0.331 -0.187
(4.11) (-1.40) (-0.77)
STR 0.010 0.199 *** 0.209 *** 0.011 0.228 *** 0.239 ***
(0.79) (3.42) (3.81) (0.85) (3.01) (3.20)
HC -0.363 0.222 -0.141 -0.207 -0.123 -0.330
(-1.24) (0.20) (-0.14) (-0.70) (-0.11) (-0.32)
AIS -0.058 *** 0.108 * 0.049 -0.058 *** 0.136 ** 0.078
(-5.51) (1.96) (0.92) (-5.41) (2.12) (1.23)
GOV -0.007 -0.372 -0.379 -0.015 -0.455 -0.470
(=0.09) (-0.81) (-0.78) (-0.20) (-0.93) (-0.92)
RD -0.325 -4.006 -4.330 -0.204 -6.237 -6.441
(-0.39) (-0.86) (-0.92) (-0.26) (-1.14) (-1.15)
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Spatial Fixed Effects Yes Yes Yes Yes Yes Yes
o -1.079 *** -1.021 ***
(-2.70) (-2.62)
sigma2_e 0.001 *** 0.001 ***
(12.16) (12.18)
N 390 390
R? 0.191 0.159

Note: ***, ** and * denote statistical significance at the 1%, 5%, and 10% levels.

The estimation results of the benchmark SDM show that the spatial autoregressive
coefficient g is —1.079, which is significantly negative at the 1% level. This negative value
reveals a notable spatial characteristic: among regions with similar economic structures,
EGC does not show a coordinated and simultaneous growth trend, but presents a com-
petitive trade-off relationship. The underlying logic may lie in the inter-provincial scarcity
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of resources such as clean energy project investment, carbon emission quota allocation,
and agglomeration of green technology talents. The advancement of a region in these di-
mensions may compress the development space of regions with similar economic struc-
tures to a certain extent, thus showing a negative interaction pattern statistically.

At the local effect level, the performance of the two core explanatory variables is con-
sistent with theoretical expectations. The direct effect of IP is significantly positive at the
10% level (0.018), indicating that the launch of the IP-strong province pilot has a positive
driving effect on local EGC, and Hypothesis H1 is preliminarily verified. The direct effect
of COL reaches 0.369 and is highly significant at the 1% level, meaning that every increase
in the coupling coordination degree between investment in physical capital and invest-
ment in human capital can significantly enhance the local controllability of the green tran-
sition of the energy system. Hypothesis H3 is strongly supported at the direct effect level.

The results of the spatial spillover dimension show a clear binary differentiation. The
indirect effect of IP is 0.236, which is significantly positive at the 5% level, indicating that
the institutional dividend generated by the construction of the IP strong chain —especially
the improvement of patent examination standards and the perfection of the patent infor-
mation public service platform —can diffuse to neighboring regions through patent liter-
ature disclosure and talent mobility and promote the improvement of EGC in a wider
range. Hypothesis H2 is thus verified. In contrast, although the indirect effect of COL is
positive (0.758), it fails to pass the conventional significance level test, and Hypothesis H4
cannot be statistically supported at the indirect effect level.

The insignificance of this effect reflects the practical obstacles faced by the spatial
spillover of deep synergy. The driving effect of deep synergy between investment in phys-
ical capital and investment in human capital on EGC can be effectively exerted locally
because the benefits of synergy can be smoothly transmitted and digested within the same
administrative and fiscal system. Local government investment in education directly im-
proves the quality of the local labor force, and expenditure on social security directly en-
hances the local expectation of social stability. These benefits inherently have geographical
boundaries. Once crossing administrative boundaries, the transmission chain begins to be
blocked.

Even if the labor force in neighboring regions does not have professional skills avail-
able in the local region, it is difficult to achieve free mobility without cross-regional social
security portability and mutual recognition of public services. Even if the local high-qual-
ity medical resources are open to patients from surrounding areas, they cannot produce
the same improvement effect on energy decision-making and labor health levels in sur-
rounding areas as in the local region. Local governments inherently prioritize local resi-
dents in the supply of public services, leading to a substantial attenuation of the positive
externalities of deep synergy at administrative boundaries.

Therefore, the insignificant indirect effect of COL does not mean that deep synergy
has no theoretical potential for spatial spillover, but reveals that institutional segmenta-
tion—especially administrative barriers in fiscal burden-sharing, social security portabil-
ity, and mutual recognition of public services—still imposes a hard constraint on the
cross-regional transmission of deep synergy at the current stage. The implicit prerequisite
of Hypothesis H4 —that the benefits of synergy can smoothly cross administrative bound-
aries—has not been fully satisfied in reality, so the positive spillover mechanism is inhib-
ited by institutional frictions.

The extended model with the interaction term IP x COL further reveals the catalytic
effect of the institutional environment on social synergy effects—and the boundary of this
catalysis in the spatial dimension. At the direct effect level, the coefficient of the interaction
term is 0.145 and highly significant at the 1% level. This result clearly indicates that the IP
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strong chain system can effectively amplify the improvement effect of deep synergy be-
tween investment in physical capital and investment in human capital on local EGC.

When patent navigation provides a clear technical direction for industrial investment,
and IP protection makes the return on human capital investment of enterprises and indi-
viduals more reliably guaranteed, investment in physical capital and investment in hu-
man capital are no longer two isolated parallel tracks, but are more effectively coordinated
on the unified information platform provided by the IP system. This improvement in co-
ordination efficiency is directly translated into a higher degree of controllability of the
local energy system in the dimensions of green investment, clean substitution and emis-
sion decoupling.

In sharp contrast, the coefficient of the interaction term at the indirect effect level is
-0.331 and fails to pass the significance test. This means that the institutional amplification
effect of the IP strong chain on deep synergy cannot be effectively radiated to neighboring
regions at present. The reason for this limitation needs to be understood by returning to
the transmission boundary of the moderated variable itself.

The previous analysis has clarified that the spatial spillover channel of COL is
blocked by administrative barriers and institutional segmentation. As an institutional
lever that can catalyze synergy effects, the radiation radius of the regulatory role of the IP
strong chain is fundamentally constrained by the transmission radius of the synergy effect
itself. When the channel for the outward radiation of deep synergy has not been fully
opened, no matter how much the IP system enhances the effectiveness of synergy locally,
it cannot produce a significant identification effect in the spatial dimension. Therefore, the
catalytic effect of the IP strong chain on EGC shows a pattern of “locally effective but spa-
tially insignificant” in the data.

The introduction of the interaction term also causes a reversal in the direction of the
direct effect coefficient of IP. In the benchmark model, the direct effect of IP is 0.018 and
significantly positive at the 10% level; in the extended model, this coefficient becomes
—0.056 and significantly negative at the 5% level. This change means that when the model
strips out the indirect contribution of the IP strong chain through deep synergy via the
interaction term, the direct net effect of IP itself on EGC turns negative. The frictional costs
that may accompany the implementation of the IP strong chain policy, such as uneven
quality of patent applications and short-term centralized adjustment of examination re-
source allocation, are reflected in this net effect.

This just confirms an important judgment from the opposite direction: the main path
of the IP strong chain driving the improvement of EGC does not lie in the direct and strong
intervention of the system itself on the energy system, but in the system indirectly releas-
ing the ability of the energy system to evolve in an orderly manner toward greening by
catalyzing the deep integration and positive interaction between investment in physical
capital and investment in human capital. Without the transmission channel of deep syn-
ergy, the direct effect of the IP system on the energy system is limited and even shows
short-term frictions. For this reason, positioning deep synergy as a mediating transmis-
sion mechanism, rather than just a parallel explanatory variable, has clear theoretical sig-
nificance and empirical necessity.

Before interpreting the effect decomposition results, it is worth addressing the coef-
ficient of determination (R?) reported in Table 7. The R? values of 0.191 for the benchmark
model and 0.159 for the extended model are relatively low, which may raise concerns
about the explanatory power of the model. However, in the context of panel data analysis
with both individual and time fixed effects, low R? values are not uncommon and do not
necessarily indicate a poorly specified model. The inclusion of fixed effects absorbs a sub-
stantial portion of the cross-sectional and temporal variation in the dependent variable,
and the R? statistic in such specifications primarily reflects the explanatory power of the
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time-varying covariates after netting out these fixed effects. More importantly, the pri-
mary objective of our empirical analysis is causal identification of the policy effects and
transmission mechanisms, rather than maximizing in-sample prediction accuracy. The
significance levels and magnitude of the core explanatory variables—IP, COL, and their
interaction term —remain robust across multiple specifications and diagnostic tests, which
provides stronger evidence for our substantive conclusions than the R? statistic alone. Fur-
thermore, the robustness checks reported in Section 4.8, including alternative model spec-
ifications and variable constructions, confirm that our findings are not driven by model fit
concerns.

4.5. Parallel Trend Test

The causal interpretation of the “before-and-after comparison” in the difference-in-
differences (DID) model relies on an unobservable but indirectly testable premise: the
treatment group and the control group follow a parallel trend before the policy shock.
This does not require the two groups of samples to be completely identical in advance —
in fact, provinces selected as pilots for the intellectual property (IP) strong chain inherently
have a more complete industrial foundation and a more dynamic innovation ecosystem —
but rather it examines a more prudent question: whether there were signs of accelerating
divergence between the two groups on the eve of policy implementation.

If the answer is yes, the observed ex post gap cannot be cleanly attributed to the pol-
icy, as a considerable part of it is a self-fulfilling prophecy of the inherent differences be-
tween the two groups. Only when there is no significant divergence before policy imple-
mentation can the subsequent gradual inter-group deviation be reasonably interpreted as
the causal imprint of the policy.

To empirically test this hypothesis, this paper adopts the analytical framework of the
event study methodology. Taking the first period before policy implementation as the
baseline period (normalized to zero), we generate dummy variables for each relative pe-
riod before and after the policy shock and incorporate them into the regression equation
together with the set of control variables:

-2 3
EGC; = Z Bx Dit + BoDf; + Z Bi Dt + TXie + p; + A + &t
k=—4 k=1
where EGC;; is energy green controllability, DY represents the dummy variable for the
relative time window of the policy (k < 0 indicates the pre-policy period, k = 0 indicates
the policy implementation period, and k > 0 indicates the post-policy period), X;; is the
vector of control variables (including industrial structure rationalization, human capital
level, industrial structure advancement, government intervention intensity, and R&D in-
tensity), and u; and A, denote individual fixed effects and time fixed effects, respectively.

When presenting the estimated coefficients for each period, this paper does not di-
rectly use the raw intercepts from the regression. Instead, we take the average level of the
coefficients in the pre-policy periods as the visual baseline and perform an overall coordi-
nate translation of the point estimates for all time points. This treatment does not change
the statistical properties of the coefficients, but reduces the arbitrariness of graphical in-
terpretation. When the point estimates of the pre-policy periods are closely and symmet-
rically distributed around the zero line, the judgment of the pre-event parallel trend no
longer depends on the visually estimated relative distance, but is transformed into a
clearer criterion: whether the confidence interval of each coefficient covers the zero value.

Figure 2 presents the intuitive results of the parallel trend test. The coefficients of the
four estimation windows before policy implementation (from pre4 to prel) are all closely
clustered around the zero line, and their 95% confidence intervals all cover the zero value
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without exception, showing no statistically significant fluctuation. This empirical fact in-
dicates that before the implementation of the IP strong chain policy, there was no pre-
existing divergent trend in EGC between the treatment group and the control group.
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Figure 2. Parallel trend test.

In the period of policy implementation, the coefficient starts to rise from the zero line
and enters the positive range. In the three subsequent post-policy windows (postl to
post3), the coefficients remain in the positive range continuously. The above evidence
shows that the emergence of the policy effect is not an instantaneous level jump, but a
gradual process unfolding over time, which provides support in the time dimension for
the causal logic of the decomposition of direct and indirect effects in the previous section.

4.6. Placebo Test

There is a hidden but fatal threat to causal inference: even if the treatment group and
the control group pass the parallel trend test, the estimated value of the policy effect may
still be the product of some unobservable systematic random fluctuations. In other words,
the observed “policy effect” may not be caused by the intellectual property (IP) strong
chain system itself. Instead, there may be an inherent fluctuation pattern in the data that
appears at a specific frequency and amplitude regardless of the policy, which happens to
overlap with the implementation time point of the policy. The placebo test provides a line
of defense against this threat.

Its core logic can be expressed as a counterfactual inquiry: if the policy implementa-
tion time is deliberately disrupted, and the policy treatment status is randomly assigned
to observation units that are not actually eligible for the policy, can we still “detect” an
effect of the same significance and magnitude in the data? If the answer is yes, the effect
observed in the benchmark regression is essentially a ubiquitous statistical waveform un-
related to the policy itself. If the answer is no—that is, the spurious policy shock only
generates noise randomly scattered around zero—then the non-accidental nature of the
benchmark regression results is strongly corroborated.

The placebo test was carried out according to the following steps. First, while keeping
the real correlation structure between covariates and the explained variable unchanged,
we performed 500 rounds of random permutations on the policy treatment variable of the
IP strong chain in the sample. Each permutation essentially constructs a set of placebo
policies: the policy treatment status is randomly assigned to certain provinces, and the
policy implementation time is also randomly assigned, thus completely severing the link
between the policy variable and the real institutional reform.
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Subsequently, we repeat the benchmark regression using these 500 sets of placebo
policy variables and extract the estimated coefficient and standard error of each regression
to form the empirical distribution of placebo policy effects. If the policy effect identified
in the benchmark regression is real, these 500 placebo coefficients should be closely clus-
tered around zero, and the vast majority of them should be statistically indistinguishable
from zero. Meanwhile, the real estimated coefficient obtained from the benchmark regres-
sion should be clearly located in the tail region of this distribution.

Figure 3 presents the distribution pattern of the above placebo policy effects. The
horizontal axis represents the regression coefficients of the placebo policy variable, the
blue scatter points mark the coefficient estimates and corresponding p-values of each pla-
cebo regression, and the red kernel density curve depicts the overall shape of the placebo
coefficient distribution. Two characteristics are clearly identifiable in the figure.
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Figure 3. Placebo test.

First, the kernel density curve of the placebo coefficients presents an approximately
symmetrical shape centered on zero. The vast majority of placebo coefficients are tightly
compressed in a narrow interval on both sides of zero, and none of the placebo coefficients
are close to the magnitude of the real policy effect in the benchmark regression in absolute
value. This distribution structure directly rejects the alternative hypothesis that “the pol-
icy effect is merely a universal statistical fluctuation”. If the benchmark regression results
were only accidental noise, noise of this magnitude should have a high probability of be-
ing reproduced in the randomization process, rather than being systematically absent
from the entire placebo coefficient distribution.

Second, the p-values of the placebo coefficients are far from the significance thresh-
olds of 0.05 or 0.10 in most cases, indicating that after artificially cutting off the link be-
tween the policy and institutional reform, these placebo policies are almost universally
“insignificant” at conventional confidence levels. Taken together, the positive effect of the
IP strong chain on energy green controllability captured by the benchmark regression can
hardly be attributed to the driving force of some unknown random factors that happen to
coincide with the policy implementation time.

4.7. Benchmark Regression Based on Double Machine Learning

The Spatial Durbin Model in the previous section preliminarily separates the direct
and indirect effects of the intellectual property (IP) strong chain and deep synergy on en-
ergy green controllability (EGC) within the framework incorporating spatial interaction
effects. However, the validity of any parametric model is inherently constrained by its
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preset functional form. When control variables have a high dimension and there are po-
tential nonlinear entanglements with core explanatory variables, the linear specification
may distort the direction and magnitude of policy effect estimates.

This issue deserves particular prudence in provincial panel data: the relationships
between variables such as industrial structure, human capital, government intervention
intensity, and the energy system usually present different slopes and even different direc-
tions at different stages of economic development; it is difficult for linear models to fully
characterize such structural variations.

The introduction of Double Machine Learning (DML) provides a path to alleviate the
above concerns. Its core idea can be stated as follows: instead of pre-specifying the func-
tional form of control variables entering the equation, the machine learning algorithm is
allowed to learn this form from the data. Meanwhile, the regularization bias inherent in
machine learning estimation under high-dimensional settings is avoided through the
technical design of orthogonalization and sample splitting.

The work of Chernozhukov et al. (2018) [44] laid the theoretical foundation for this
method. They proved that under the triple guarantees of Neyman orthogonal moment
conditions, high-quality machine learning estimation and cross-fitting, the estimator of
low-dimensional treatment parameters has asymptotic normality, thus supporting con-
ventional statistical inference. The greatest advantage of this framework is that it can flex-
ibly capture complex nonlinear interactions among control variables without worrying
that such flexibility comes at the cost of the consistency and distribution approximation
of parameter estimation.

The DML benchmark analysis in this paper adopts the gradient-boosting tree as the
baseline algorithm and performs 5-fold cross-fitting on the sample. The set of control var-
iables includes industrial structure rationalization, human capital level, industrial struc-
ture advancement, government intervention intensity, R&D intensity, and individual and
time fixed effects. The results of the benchmark regression are summarized in Table 8.

Table 8. Benchmark regression results of double machine learning.

Variable (1) EGC (2) EGC
1P 0.037 ***
(3.20)
COL 0.465 ***
(5.81)
High-Dimensional Covariates Controlled Controlled
Individual Fixed Effects Controlled Controlled
Time Fixed Effects Controlled Controlled
Machine Learning Algorithm gradboost gradboost
N 390 390

Note: *** denotes statistical significance at the 1% level; values in parentheses are t-statistics.

Column (1) of Table 8 shows that the estimated coefficient of the IP strong chain (IP)
on EGC is 0.037, which is significantly positive at the 1% level. After effectively stripping
the potential complex interference of high-dimensional covariates, the IP strong chain pol-
icy still significantly promotes the improvement of EGC, confirming the robustness of Hy-
pothesis H1. Column (2) shows that the estimated coefficient of deep synergy between
investment in physical capital and investment in human capital (COL) is 0.465, which is
also highly significant at the 1% level, reconfirming the positive driving effect of deep
synergy on EGC.

A horizontal comparison of the absolute values of the coefficients in the two columns
reveals that the effect of COL is much larger than the direct effect of IP —the former is
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about 12 times the latter. The economic implication of this huge gap is that the direct in-
tervention power of the IP system itself on EGC is relatively limited, and the real driving
force for the transition comes from the deepening of the coupling coordination between
investment in physical capital and investment in human capital. This finding forms a log-
ical echo with the phenomenon that “the IP coefficient reverses to negative after stripping
the synergy effect” in the previous interaction term analysis: the contribution of the IP
strong chain is more reflected as a catalytic effect, rather than directly participating in the
reconstruction of the energy system.

4.8. Mediation Effect Test: The Transmission Role of Deep Synerqy Between Investment
in Physical Capital and Investment in Human Capital

The effect decomposition of the Spatial Durbin Model confirms the direct impacts of
the intellectual property (IP) strong chain and deep synergy on energy green controllabil-
ity (EGC), respectively, but these two lines of action are not independent paths advancing
in parallel. The previous theoretical mechanism predicted that an important function of
the IP strong chain is to catalyze the coupling and synchronization between investment in
physical capital and investment in human capital. When patent navigation guides the di-
rection of physical capital and IP protection guarantees the return on human capital, in-
vestment in physical capital and investment in human capital are no longer two separate
tracks extending independently, but are more effectively coordinated on the unified in-
formation platform provided by the IP system. The ultimate goal of this catalytic effect is
the systematic improvement of EGC. If this transmission logic holds, deep synergy plays
the role of a mediating bridge between the IP strong chain and the EGC.

To test this mechanism path, this paper embeds the logical structure of stepwise re-
gression into the double machine learning (DML) framework. The test procedure of the
stepwise method follows a clear hierarchical progressive logic: first, confirm whether the
total effect of the core explanatory variable on the explained variable exists—this is the
basic prerequisite for the establishment of the mediation effect; second, test whether the
core explanatory variable has a significant impact on the mediating variable; finally, ob-
serve the change direction and magnitude of the direct effect in the equation that includes
both the core explanatory variable and the mediating variable. If the total effect is signifi-
cant, the path coefficients of the two segments constituting the indirect effect are respec-
tively significant, and the direct effect shows an identifiable attenuation in value, the ex-
istence of a partial mediation effect can be determined. Considering that the statistical
inference power of the stepwise method for the product of coefficients is relatively con-
servative, this paper reports the Z-statistics of three coefficient product tests, namely the
Sobel test, Aroian test and Goodman test, after the stepwise method, to obtain cross-vali-
dation of the judgment basis.

The complete estimation results of the mediation effect are summarized in Table 9.
All equations adopt the gradient-boosting tree algorithm and 5-fold cross-fitting. The set
of control variables includes industrial structure rationalization, human capital level, in-
dustrial structure advancement, government intervention intensity and R&D intensity,
while individual fixed effects and time fixed effects are controlled. Among them, Equation
(1) estimates the total effect of the IP strong chain (IP) on energy green controllability
(EGC), Equation (2) estimates the effect of IP on the mediating variable—deep synergy
between investment in physical capital and investment in human capital (COL)—and
Equation (3) includes both IP and COL to separate the direct effect and the indirect effect
transmitted through COL.
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Table 9. Mediation effect test results.

Variable Equation (1) Equation (2) Equation (3)
EGC COL EGC
IP 0.037 *** 0.030 *** 0.024 **
(3.20) (3.01) (2.23)
COL 0.457 ***
(5.99)
High-Dimensional Covariates Controlled Controlled Controlled
Individual Fixed Effects Controlled Controlled Controlled
Time Fixed Effects Controlled Controlled Controlled
Machine Learning Algorithm gradboost gradboost gradboost
N 390 390 390
Mediation Effect/Total Effect 36.8%
Sobel Z 2.687 ***
Aroian Z 2.657 ***
Goodman Z 2.717 ***

Note: *** and ** denote statistical significance at the 1% and 5% levels, respectively.

The results of Equation (1) show that the total effect of the IP strong chain on EGC is
0.037, which is significantly positive at the 1% level, constituting the precondition for the
mediation effect analysis. In Equation (2), the effect of IP on COL is 0.030, which is also
significant at the 1% level, confirming that the improvement of the IP system can effec-
tively promote the improvement of the coupling coordination degree between the two
systems of investment in physical capital and investment in human capital. The existence
of this effect has a solid institutional logic: patent navigation provides clear guidance on
the technical feasibility for capital investment, reducing the risk of ineffective investment;
the growth of IP-intensive industries has spawned demand for interdisciplinary talents in
law, technology transfer and patent management, guiding education and training re-
sources to tilt toward these fields; the strengthening of IP protection makes the return on
human capital investment of enterprises and individuals more predictable, incentivizing
more resources to be allocated to human development. After including both IP and COL
in Equation (3), the effect of COL on EGC is as high as 0.451 and highly significant at the
1% level, while the direct effect of IP drops from 0.037 of the total effect to 0.024, a decrease
of more than one-third. This set of coefficient patterns—significant total effect, respec-
tively significant path coefficients of the two segments of the indirect effect, and a sub-
stantial decline in the value of the direct effect—systematically points to a judgment: deep
synergy between investment in physical capital and investment in human capital plays a
significant partial mediating role in the process of the IP strong chain improving EGC.

In terms of the magnitude of the mediation effect, the calculation shows that the pro-
portion of the indirect effect transmitted through deep synergy in the total effect is about
36.8%. The message conveyed by this ratio is that more than one-third of the effect of the
IP strong chain in promoting the improvement of EGC is achieved by promoting the cou-
pling coordination between investment in physical capital and investment in human cap-
ital, rather than the direct intervention of the system itself on the energy system. The Z-
statistic of the Sobel test is 2.687, the Z-statistic of the Aroian test is 2.657, and the Z-statis-
tic of the Goodman test is 2.717, all of which are significant at the 1% level. The consistency
of the three product tests provides robust statistical support for the existence of the medi-
ation effect. Thus, Hypothesis H5 is empirically confirmed —deep synergy between in-
vestment in physical capital and investment in human capital constitutes a key transmis-
sion channel for the IP strong chain to release the effectiveness of the energy green transi-
tion.
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4.9. Robustness Checks

For an empirical conclusion to withstand rigorous scrutiny, a single benchmark spec-
ification is insufficient. In the benchmark regression, the choice of machine learning algo-
rithm (gradient-boosting tree), the number of cross-fitting folds, and the boundary of the
control variable set all imply the researcher’s prior judgments. If these judgments them-
selves exert a material impact on the conclusions, the policy effects and mediation paths
presented in the benchmark model may not be a true reflection of the inherent structure
of the data, but rather an artifact of specific model specifications.

The value of robustness checks lies in relaxing these specification conditions one by
one and examining the same core question: whether the conclusions still hold when iden-
tifiable changes are made to the analytical presets. This paper conducts robustness checks
from three dimensions: replacing the machine learning algorithm to eliminate the inter-
ference of single algorithm preference, adjusting the number of cross-fitting folds to test
the sensitivity of the sample splitting method, and incorporating contemporaneous com-
petitive policy variables into the high-dimensional control variable set to purify the policy
identification environment. All checks fully retain the three-stage estimation framework
of the mediation effect, and simultaneously report the three statistics of the Sobel test,
Aroian test and Goodman test. The test results are summarized in Table 10.

Table 10. Robustness check results.

Test Specification

Total Effect Mediation Effect Mediator Effect Mediation Ratio Sobel Z Aroian Z Goodman Z

Panel A: Linear Support Vec-
tor Machine

Panel B: 8-Fold Cross-Fitting

Panel C: 4-Fold Cross-Fitting

Panel D: Excluding Competi-
tive Policies

IP — EGC IP - COL COL — EGC

0.011 *** 0.015 *** 0.296 *** 39.7% 3.864 *** 3.832***  3.896 ***
0.032 *** 0.033 *** 0.481 *** 49.5% 2911 % 2.882** 2,940 ***
0.027 *** 0.020 ** 0.477 *** 35.5% 1.936*  1.912* 1.962 **
0.029 *** 0.028 *** 0.503 *** 48.6% 3.226 *** 3.203 ***  3.249 ***

Note: ***, ** and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

First, we consider the robustness of algorithm replacement. The gradient-boosting
tree adopted in the benchmark regression has the advantage of flexibly capturing complex
nonlinear interactions between variables, but this flexibility itself also constitutes a poten-
tial concern: whether the conclusions only hold under this specific learning mechanism.
This paper replaces the algorithm with a linear support vector machine (SVM) for re-test-
ing.

The results show that the total effect coefficient is 0.011 and significant at the 1% level,
the effect of IP on COL is 0.015 and significant at the 1% level, and the effect of COL on
EGC is 0.296 and significant at the 1% level. The Sobel Z statistic is 3.864, the Aroian Z
statisticis 3.832, and the Goodman Z statistic is 3.896, all of which far exceed the 1% critical
value. In other words, after replacement with an algorithm with a completely different
learning logic and different assumptions about data distribution, the mediation transmis-
sion path is still robust, and the benchmark conclusions are not sensitive to algorithm se-
lection.

Second, we test the sensitivity of the number of cross-fitting folds. In double machine
learning, the choice of the number of folds is directly related to the relative size of the
auxiliary sample and the main sample, which in turn affects the estimation accuracy of
the nuisance function. This paper adjusts the benchmark 5-fold to 8-fold and 4-fold, re-
spectively.

Under the 8-fold specification, the Sobel Z statistic is 2.911, significant at the 1% level.
Under the 4-fold specification, the Sobel Z statistic is 1.936, significant at the 10% level, the
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Aroian Z statistic is 1.912 (p < 0.10), and the Goodman Z statistic is 1.962 (p < 0.05). Alt-
hough the significance levels of the three tests fluctuate, they consistently point to the ex-
istence of the mediation effect. The corresponding fluctuation of the mediation ratio—a
certain degree of swing in the mediation effect value under differences in sample split-
ting—is a normal phenomenon of double machine learning under finite samples, not a
warning signal for the reliability of the conclusions. Importantly, no matter how the num-
ber of folds changes, the transmission chain of IP — COL — EGC is always statistically
identifiable.

Finally, we eliminate the interference of contemporaneous competitive policies. Dur-
ing the policy window period of the IP strong chain pilot, Chinese provinces simultane-
ously promoted a number of institutional experiments, among which the pilot program
for the construction of innovative provinces is the most representative. This system aims
to improve the overall regional innovation capacity, and its policy connotation—includ-
ing increasing R&D investment subsidies, building scientific and technological innovation
platforms, and optimizing the innovation ecosystem —has multiple overlapping areas
with the IP strong chain. If not controlled, it may confound the identification of the net
effect of the IP strong chain policy.

This paper incorporates the policy dummy variable of the innovative province con-
struction pilot into the high-dimensional control variable set and re-runs the full-process
estimation. The results show that the total effect of IP is 0.029, the effect of IP on COL is
0.028, and the effect of COL on EGC is as high as 0.503, all of which are significant at the
1% level. The Sobel Z statistic is 3.226 (p < 0.01), the Aroian Z statistic is 3.203 (p < 0.01),
and the Goodman Z statistic is 3.249 (p <0.01). After completely purifying the confounding
effects of contemporaneous competitive policies, the mediation transmission path of deep
synergy between investment in physical capital and investment in human capital is not
only still robust, but its transmission intensity is further enhanced compared with the
benchmark model. This further confirms the independence and reliability of this mecha-
nism path.

The benchmark spatial econometric results reported in Section 5.3 were obtained un-
der the specification of the economic distance spatial weight matrix, which assumes that
the spatial interaction intensity between provinces is inversely proportional to their dif-
ferences in per capita GDP. While this choice is theoretically justified by the nature of our
research question —institutional diffusion and factor flows depend more on economic gra-
dients than on geographic adjacency —the possibility remains that the results, particularly
the differentiated spatial spillover patterns between IP strong chain and deep synergy,
may be sensitive to the specific weighting scheme employed. To address this concern, we
re-estimated the Spatial Durbin Model using two alternative spatial weight matrices and
report the direct and indirect effects of the core explanatory variables in Table 11. The first
alternative is the geographic inverse distance matrix, where the weight between province
i and province j is defined as the reciprocal of the great-circle distance between their pro-
vincial capitals. This matrix captures spatial dependence that decays with physical dis-
tance, reflecting mechanisms such as technology diffusion through geographic proximity
and cross-border labor mobility. The second alternative is the economic—geographic
nested matrix, constructed as a Hadamard product of the normalized geographic distance
matrix and the normalized economic distance matrix, which allows spatial correlation to
arise from both geographic proximity and economic similarity. This nested specification
provides a more comprehensive characterization of inter-regional dependence by allow-
ing the two sources of proximity to jointly determine the spatial weight.
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Table 11. Robustness checks with alternative spatial weight matrices (direct and indirect effects).

Variable

Economic Distance Matrix =~ Geographic Inverse Distance Ma- Economic-Geographic Nested

(Benchmark) trix Matrix
Direct Indirect Direct Indirect Direct Indirect
P 0.018 * 0.236 ** 0.015* 0.198 ** 0.016 * 0.214 **
(1.84) (2.20) (1.72) (2.09) (1.78) (2.15)
COL 0.369 *** 0.758 0.341 *** 0.689 0.355 *** 0.723
(5.26) (1.57) (5.02) (1.48) (5.14) (1.52)
IP x COL 0.145 *** -0.331 0.132 *** -0.298 0.138 *** -0.315
(4.11) (-1.40) (3.89) (-1.32) (4.01) (-1.36)
Control Variables Yes Yes Yes Yes Yes Yes
Time Fixed Effects Yes Yes Yes Yes Yes Yes
Spatial Fixed Effects Yes Yes Yes Yes Yes Yes
0 -1.079 *** -1.031 *** -1.056 ***
(-2.70) (-2.58) (-2.65)
N 390 390 390
R? 0.191 0.183 0.187

Note: ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

The results from these alternative specifications are presented in Table 11. They
demonstrate that our core conclusions are robust to the choice of spatial weight matrix.
Under all three matrix specifications, the direct effect of COL remains strongly positive
and statistically significant at the 1% level, confirming that deep synergy between physical
and human capital investment consistently enhances local energy green controllability re-
gardless of how spatial dependence is modeled. The indirect effect of COL, however, fails
to reach conventional significance levels across all specifications, reinforcing our main
finding that the spatial spillover of deep synergy is effectively blocked by administrative
barriers and fiscal boundaries. For the IP strong chain, the direct effect is positive but only
marginally significant under the geographic distance matrix and the nested matrix, while
the indirect effect remains consistently positive and statistically significant across all three
specifications. This stable pattern supports our interpretation that the institutional divi-
dends of the IP system, particularly the technical knowledge base formed through patent
information disclosure, can diffuse across regions regardless of the specific spatial
weighting structure. The interaction term IP x COL exhibits a positive and highly signifi-
cant direct effect under all matrices, while its indirect effect remains statistically insignifi-
cant, further confirming that the catalytic role of the IP system in amplifying the local
benefits of deep synergy is a robust phenomenon that does not extend to spatial spillovers
under current institutional conditions. Taken together, these robustness checks provide
strong evidence that our key findings are not artifacts of the chosen spatial weight matrix,
and they lend additional credibility to the conclusion that administrative fragmentation
constitutes a binding constraint on the cross-regional transmission of deep synergy bene-
fits.

A further concern regarding the validity of our empirical results pertains to the con-
struction of the energy green controllability index. While the entropy method provides an
objective weighting scheme based on the information content of each indicator, and the
cybernetic framework offers a coherent theoretical justification for the four-dimensional
structure, the reviewer rightly notes that some components may mechanically reflect the
economic scale rather than genuine green controllability. For instance, energy industry
investment and industrial added value are naturally larger in more economically devel-
oped provinces, which could potentially bias the composite index toward reflecting eco-
nomic size rather than governance capacity. To address this concern, we reconstruct the
EGC index using two alternative approaches and re-estimate our benchmark DML mod-
els.
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The first alternative is principal component analysis, which extracts the common var-
iation across all 12 sub-indicators and retains the first principal component as the compo-
site measure. Unlike the entropy method, PCA does not assume that indicators with
greater variation are more important; instead, it identifies the linear combination that
maximizes the explained variance. The second alternative is the equal weighting method,
where the four dimensions—green investment regulation, clean substitution regulation,
emission decoupling regulation, and output guarantee regulation—are each assigned a
weight of 0.25, and within each dimension, the constituent indicators are equally weighted.
This approach completely eliminates any influence of indicator variation on the weighting
scheme and provides a useful benchmark for assessing whether our results are driven by
the specific weighting logic of the entropy method.

The results of these robustness checks are reported in Table 12. Under both alterna-
tive constructions, the estimated coefficients of both IP and COL on EGC remain positive
and statistically significant at the 1% level, confirming that our core findings are not arti-
facts of the entropy weighting procedure. The magnitude of the coefficients exhibits some
variation across methods—the PCA-based estimates are somewhat larger while the equal-
weight estimates are slightly smaller —but the direction, significance, and relative order-
ing of the effects remain unchanged. Most importantly, the coefficient of COL is consist-
ently about ten times larger than that of IP across all specifications, reinforcing our central
conclusion that deep synergy between physical and human capital investment constitutes
the primary structural driver of energy green controllability, while the IP system plays a
more indirect role. The consistency of results across these alternative index constructions
provides strong evidence that the EGC index captures meaningful variation in energy
governance capacity rather than merely reflecting economic scale. We therefore maintain
confidence that our empirical findings are robust to the specific method used to synthesize
the EGC composite index.

Table 12. Robustness checks with alternative EGC index constructions (DML benchmark regres-

sion).
Variable Entropy Method (Benchmark) Principal Component Analysis Equal Weighting
P 0.037 *** 0.041 *** 0.033 ***
(3.02) (3.41) (2.98)
COL 0.465 *** 0.512 *** 0.421 ***
(5.81) (6.03) (5.56)
Control Variables Controlled Controlled Controlled
Individual Fixed Effects Controlled Controlled Controlled
Time Fixed Effects Controlled Controlled Controlled
Machine Learning Algorithm gradboost gradboost gradboost
N 390 390 390

Note: *** denotes statistical significance at the 1% level; values in parentheses are t-statistics.

4.10. Separate Path Mediation Effect Test: Independent Transmission of Investment in Human
Capital and Investment in Physical Capital

The mediation effect test in the previous section has confirmed at the overall level
that the deep synergy between investment in physical capital and investment in human
capital is the key transmission channel for the intellectual property (IP) strong chain to
release the effectiveness of improving energy green controllability (EGC). However,
“deep synergy” itself is a coupled construct—it is formed by the interweaving of two in-
dependent systems of investment in physical capital and investment in human capital
through the institutional platform.
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What the overall test cannot answer is: how much transmission power is borne by
each of the two separate paths? Does the IP strong chain transform institutional effective-
ness into the green controllability of the energy system by improving the structure of
physical capital (investment in physical capital), upgrading the quality of human capital
(investment in human capital), or through the joint force of the two paths? Conducting
separate mediation effect tests on these two dimensions is not only a further decomposi-
tion and deepening of the overall hypothesis, but also has clear policy implications: if
there is a significant difference in the transmission intensity between the two paths, the
priority of policy resource allocation between “physical capital” and “human capital” has
an empirical basis.

This paper applies the double machine learning (DML) mediation effect framework
to the two separate paths of investment in human capital (HCM) and investment in phys-
ical capital (PHC), respectively, conducts three-stage stepwise regression in turn, and re-
ports the three product of coefficients test statistics of the Sobel test, Aroian test and Good-
man test. The test results are summarized in Table 13.

Table 13. Separate path mediation effect test results.

Variable Equation (1) Equation (2) Equation (3) Equation (4) Equation (5) Equation (6)

EGC HCM EGC EGC PHC EGC

IP 0.037 *** 0.030 *** 0.023 ** 0.037 *** 0.030 ** 0.029 ***
(3.20) (3.07) (2.21) (3.20) (2.20) (3.08)

HCM 0.490 ***
(6.49)

PHC 0.351 ***

(3.75)

High-Dimensional Covariates Controlled  Controlled  Controlled  Controlled  Controlled  Controlled

Individual Fixed Effects
Time Fixed Effects

Controlled Controlled Controlled Controlled Controlled Controlled
Controlled Controlled Controlled Controlled Controlled Controlled

Machine Learning Algorithm  gradboost  gradboost  gradboost  gradboost  gradboost  gradboost

N
Mediation Ratio
Sobel Z
Aroian Z
Goodman Z

390 390 390 390 390 390
39.1% 27.7%
2.772 %% 1.895 *
2.746 *** 1.847 *
2.800 *** 1.947 *

Note: ***, **, and * denote statistical significance at the 1%, 5%, and 10% levels, respectively.

First, we examine the separate path of investment in human capital. The effect of the
IP strong chain on investment in human capital is 0.030 and significant at the 1% level; the
effect of investment in human capital on EGC is 0.490, which is also highly significant at
the 1% level. Meanwhile, the direct effect of IP drops from 0.037 of the total effect to 0.023,
a decrease of nearly 40%. The Sobel Z statistic is 2.772, the Aroian Z statistic is 2.746, and
the Goodman Z statistic is 2.800, all of which are significant at the 1% level.

This evidence clearly indicates that investment in human capital constitutes an inde-
pendent and efficient transmission channel for the IP strong chain to promote the im-
provement of EGC. Its mediation ratio reaches 39.1%, meaning that the transition effec-
tiveness released by the IP strong chain through improving the quality of human capital
contributes nearly 40% of the total effect. The realistic foundation of this transmission ef-
fectiveness comes from a concise economic logic: when the IP system makes the return on
human capital more predictable —the patent achievements of R&D personnel can obtain
more effective legal protection, and the professional services of technology transfer per-
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sonnel can obtain more stable market pricing—social resources are more likely to be allo-
cated to education, training, health and other fields. Such allocation cannot be directly
mandated by the system itself, but is the result of indirect guidance by the system through
reshaping the incentive structure. A higher-quality labor force means more accurate and
efficient operation and maintenance of clean energy equipment, more sustained and pow-
erful independent iteration of energy-saving technologies, and more conscious public un-
derstanding and participation in energy transition, thereby systematically enhancing the
region’s controllability over the green transition of the energy system.

Next, we look at the separate path of investment in physical capital. The effect of IP
on investment in physical capital is 0.030, significant at the 5% level; the effect of invest-
ment in physical capital on EGC is 0.351, significant at the 1% level; and the direct effect
of IP drops from 0.037 of the total effect to 0.029. The Sobel Z statistic is 1.895, the Aroian
Z statistic is 1.847, and the Goodman Z statistic is 1.947, all of which are significant at the
10% level.

The mediation effect of investment in physical capital is positive in direction and sta-
tistically significant, but it is relatively weaker than the investment in human capital path
in terms of both significance level and mediation ratio (27.7%). This gap is largely related
to the large stock scale, high structural inertia, and difficulty in fundamental adjustment
in the short term of physical capital investment. Once expressways and factories are built,
they are locked in for a long time, while the depreciation and upgrading of high-tech
equipment and digital infrastructure require continuous verification of the return on cap-
ital investment. This means that the transformation of IP system signals into the substan-
tial upgrading of the energy efficiency level of large-scale physical capital stock needs to
go through a longer and more indirect transmission chain than investment in human cap-
ital. Shortening this transmission chain is not only achieved by improving the IP system,
but also requires the coordinated efforts of supporting systems such as financial regula-
tion and industrial policies to jointly promote the substantial change in the direction of
capital flow.

The comparison of the two separate paths reveals valuable structural information.
The mediation effect of investment in human capital is slightly better in terms of intensity
and significance, indicating that at the current stage, the effectiveness of the IP strong
chain in promoting EGC is largely released through the “software” channel of improving
the quality, capability and security level of human capital. Improvements in education,
health, social security and other fields constitute the smoothest path for the transformation
of institutional effectiveness into transition momentum. Although the “hardware” chan-
nel of investment in physical capital is also operating, its transmission chain is longer, it
involves more demands for institutional coordination, and the release of effectiveness is
relatively slow.

On this basis, Hypothesis H5a and Hypothesis H5b are both empirically supported:
investment in human capital and investment in physical capital each independently con-
stitute an effective mediation path for the IP strong chain to improve EGC. The two sepa-
rate paths jointly support the establishment of the overall mediation transmission mech-
anism, but the investment in the human capital path performs more prominently in terms
of transmission efficiency and statistical robustness.

5. Research Conclusions and Policy Recommendations
5.1. Research Conclusions

Based on the four-dimensional analytical framework of cybernetics, this paper con-
structs energy green controllability (EGC), a dynamic governance capability indicator dis-
tinct from the static “greening level”. Taking the panel data of 30 provincial administrative
regions in China from 2010 to 2022 as the sample, this paper systematically examines the
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impacts and transmission mechanisms of the regional intellectual property (IP) strong
chain and the deep synergy between investment in physical capital and investment in
human capital on EGC, using the Spatial Durbin Difference-in-Differences (SDM-DID)
model and Double Machine Learning (DML) method. The main conclusions are as follows.

First, the regional IP strong chain significantly improves EGC, and this improvement
effect is not derived from the direct intervention of the system in the energy system, but
is indirectly realized by reshaping the decision-making criteria for capital investment. In
the spatial dimension, the positive driving effect of the IP strong chain on the local region
is verified, and the spillover of its institutional dividend to neighboring regions is also
empirically supported —the technical knowledge base formed by the disclosure of patent
information constitutes the main channel for cross-regional transmission.

Second, the deep synergy between investment in physical capital and investment in
human capital has a significant and strong promoting effect on EGC, and its local effect is
far greater than the direct effect of the IP strong chain itself, indicating that deep synergy
is the core structural driving force for the green transition of the energy system. However,
the spatial spillover channel of deep synergy is blocked by administrative barriers and
institutional segmentation—the fiscal boundaries of provincial administrative regions
constitute hard constraints on cross-regional transmission in public service fields such as
healthcare, education, and social security. This finding reminds policymakers that the
benefits of synergy have a strong geographical lock-in effect under the current governance
framework. To achieve a wider range of spatial radiation, the primary task is not to in-
crease the local degree of synergy, but to open up institutional channels across adminis-
trative regions.

Third, the deep synergy between investment in physical capital and investment in
human capital constitutes a key mediating path for the IP strong chain to improve EGC.
The benchmark mediation effect shows that more than one-third of the policy effect is
released through the channel of deep synergy. More importantly, the two separate
paths—investment in physical capital and investment in human capital —each inde-
pendently play a significant mediating role, but the investment in the human capital path
is significantly better than the investment in the physical capital path in terms of the trans-
mission intensity, statistical robustness and mediation ratio. This finding reveals a
thought-provoking structural fact: at the current stage, the effectiveness of the IP strong
chain system in promoting EGC does not largely depend on the direct transformation of
the physical capital structure, but releases the transition momentum of the system by im-
proving the quality, capability and security level of human capital. This is the most dis-
tinctive empirical structural insight provided by the mediation analysis for this paper.

Fourth, robustness checks show that the mediation transmission effect of deep syn-
ergy remains robust regardless of whether the machine learning algorithm is replaced, the
sample splitting ratio is adjusted, or the interference of competitive policies such as the
contemporaneous pilot program for the construction of innovative provinces is elimi-
nated. It is particularly noteworthy that after excluding competitive policies, the intensity
of the mediation effect is enhanced compared with the benchmark model —this indicates
that the IP strong chain and the pilot program for the construction of innovative provinces
do not mutually reinforce each other at the factor allocation level, but each bear institu-
tional functions of different dimensions.

5.2. Policy Recommendations

First, embed industrial chain IP governance into energy transition decision-making.
Reverse the traditional investment logic of capital chasing cheap factors at the root level
of decision-making criteria, and shift it to a new path of pursuing technological barriers
and innovation density. Specific institutional measures include: formally incorporating

https://doi.org/10.3390/en19143267


https://doi.org/10.3390/en19143267

Energies 2026, 19, 3267

41 of 47

patent navigation into the feasibility demonstration process of major energy investment
projects, making technological autonomy and technological added value a capital alloca-
tion yardstick with higher weight than resource endowment and cost depression; setting
up a special energy technology section in industrial IP operation centers and implement-
ing priority examination and targeted transformation for key emission reduction fields
such as energy storage, hydrogen energy, and carbon capture, utilization and storage
(CCUS); incorporating the cultivation, transformation and industrialization indicators of
high-value green patents into the local government energy assessment system; and chang-
ing the current practice of taking the completed amount of technological transformation
investment as the single standard for energy efficiency assessment.

Second, build cross-administrative collaborative channels to release the social bene-
fits of deep synergy from the local region to the wider regional scope. The empirical find-
ings of this paper reveal that the failure of deep synergy between investment in physical
capital and investment in human capital at the spatial spillover level is caused by institu-
tional segmentation rather than resource scarcity. The key threshold to solve this dilemma
is to break through fiscal boundaries. This paper suggests that under the institutional
framework of the construction of a unified national market, priority should be given to
promoting cross-administrative mutual recognition and interconnection in the two fields
of education and social security. In terms of specific operation, pilot the “cross-regional
accumulation of social security rights and interests” mechanism to achieve seamless port-
ability of social security payment years and benefit entitlements of workers across differ-
ent provinces, and establish a “cost-sharing and benefit-sharing mechanism for education
investment” to enable the education and training achievements of outflow regions to ob-
tain appropriate compensation in inflow regions, thus providing an institutional prereq-
uisite for the free cross-regional flow of human capital. These institutional constructions
are the prerequisites for releasing the spatial positive externalities of deep synergy —with-
out this prerequisite, any marginal improvement in the local synergy level will be blocked
within the boundaries of administrative divisions.

Third, adjust the focus of investment, shifting from the emphasis on “investment in
physical capital” to the coordinated advancement of “investment in physical capital and
investment in human capital”. The structural difference in the mediation effects of the two
separate paths shows that the transformation of institutional effectiveness into green tran-
sition momentum at the current stage is more dependent on the quality of human capital.
Continuously increasing investment in human capital —especially in vocational education,
skill training and public health that are highly correlated with the needs of industrial chain
modernization—can produce two simultaneous effects: the direct effect is to provide qual-
ified labor supply for the green operation of the energy system, and the indirect effect is
to enhance the public’s willingness to support and participate in energy transition policies
through the improvement of social stability expectations. In terms of institutional design,
it is recommended to pre-align the skill-training system with local clean energy industry
planning to ensure that the construction and operation of clean energy bases have suffi-
cient local talent reserves, and to avoid the structural mismatch where equipment waits
for talent and talent has no scope for its abilities.

Fourth, establish a dynamic monitoring and diagnosis mechanism to quickly identify
the imbalance signals of deep synergy. This paper constructs the EGC measurement sys-
tem from the perspective of cybernetics, and its theoretical enlightenment is that any sys-
tematic project with a directional goal requires continuous calibration of feedback signals.
It is recommended to establish an annual diagnostic report system for the “adaptation
degree of investment in physical capital and investment in human capital” at the provin-
cial government level and continuously track the matching degree between the deploy-
ment progress of information infrastructure and the training scale of digital technology
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talents, the synchronization between the growth rate of installed capacity of clean energy
and the reserve of professional and skilled talents in related fields, and the coordination
between the coverage of the social security network and the employment transition pres-
sure of energy-intensive industries. The early warning value of this system lies in that it
can send signals before the structural imbalance is solidified into path lock-in, and gain
valuable reaction time for policy adjustment.

Fifth, grasp the rhythm of institutional diffusion and implement targeted policies by
category. The placebo test of this paper rules out the possibility that the policy effect is
only random fluctuation, but the effect decomposition and robustness analysis also reveal
a fact that cannot be avoided: the spatial spillover of deep synergy has not been fully re-
alized at the current stage, and there is still room for optimization in the transition mo-
mentum released by the IP strong chain through deep synergy. These three characteristics
provide a clear positioning for understanding the stage of the system —the core task at
present is to consolidate and deepen the transmission mechanism at the local level, rather
than rushing to pursue institutional output in the spatial dimension. It is equally im-
portant to maintain a clear understanding of regional heterogeneity while implementing
universal policies. The comparative advantage of some provinces lies in the green transi-
tion of high-end manufacturing, while the stock advantage of other provinces is more
likely to come from the large-scale layout of clean energy bases. Policy design should al-
low the former to reduce embodied carbon in the production process more through inno-
vation and standards and allow the latter to find their own green growth path in the large-
scale export of clean electricity. Enabling each region to find a differentiated positioning
adapted to its own endowment in the macro transition is the bottom-line guarantee to
prevent the expansion of inter-regional development gaps caused by one-size-fits-all pol-
icies.

5.3. Limitations and Future Research Directions

Several limitations should be acknowledged when interpreting our findings. First,
while the DML framework flexibly controls for observed confounders and the event study
supports the parallel trends assumption, our mediation analysis relies on the sequential
ignorability assumption, which requires that no unobserved confounders affect the IP—
synergy or synergy—EGC relationships after conditioning on the controls. This assump-
tion is fundamentally untestable with observational data, and therefore our mediation re-
sults should be interpreted as evidence consistent with the proposed transmission path-
way rather than a definitive causal decomposition. We have accordingly used cautious
language throughout the manuscript, referring to mediating pathways and indirect effects
rather than asserting causal mediation. Second, the measurement of energy green control-
lability inevitably involves some degree of measurement error, and although we have
conducted robustness checks using alternative index constructions, the entropy weights
reflect sample variation rather than inherent theoretical importance. Third, our provincial-
level analysis masks within-province heterogeneity, and the spatial weight matrix speci-
fication, while subjected to alternative specifications, inevitably reflects prior assumptions
about inter-regional dependence.

Future research could extend our analysis in several directions. As more recent data
become available, longer-term effects of the IP strong chain policy could be assessed to
examine whether the mediating role of deep synergy strengthens or weakens over time.
Additionally, future studies could explore more disaggregated data at the city or firm
level to better capture within-province heterogeneity, and could investigate whether the
institutional barriers blocking the spatial spillover of deep synergy are gradually disman-
tled as China’s unified national market construction progresses. Comparative studies
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across different institutional contexts would also help determine the generalizability of
our findings beyond the Chinese setting.
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Appendix A

Table Al. Comprehensive evaluation index system of investment in physical capital and investment

in human capital.

Primary Dimension Secondary Dimension Tertiary Indicator Indicator Attribute =~ Data Source
Investment in Physical Information Infrastruc- Mobile Phone Penetration Rate (sets per N China Statistical
Capital ture Investment 100 persons) Yearbook
Length of Long-Distance Optical Cable . China Statistical
Lines (10,000 km) Yearbook
Mobile Internet Users (10,000 households) + China Statistical
Yearbook
Capacity of Local Telephone Exchanges . China Statistical
(10,000 lines) Yearbook
Capacity of Mobile Telephone Exchanges N China Statistical
(10,000 households) Yearbook
. . China Statistical
Length of Optical Cable Lines (10,000 km) + Yearbook
. China Statistical
Number of Web Pages (10,000 units) + Yearbook
Number of Domain Names (10,000 units) + China Statistical
Yearbook
Integrated Infrastructure Number of Agricultural Meteorological . China Statistical
Investment Observation Stations Yearbook
Number of Automatic Meteorological Sta- . China Statistical
tions Yearbook
Number of Digital TV Subscribers (10,000 . China Statistical
households) Yearbook
Number of Cable Radio and TV Subscrib- N China Statistical
ers (10,000 households) Yearbook
Number of Operating Public Buses and . China Statistical
Trolley Buses (units) Yearbook
. China Statistical
Rural Delivery Routes (10,000 km) + Yearbook
. China Statistical
Urban Delivery Routes (10,000 km) + Yearbook
Length of Railways in Operation (10,000 N China Statistical
km) Yearbook
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Mileage of High-Grade Highways (10,000

China Statistical

km) i Yearbook
Number of Computers in Use at the End . China Statistical
of the Period (10,000 units) Yearbook
Per Capita E-Commerce Sales (yuan per N China Statistical
capita) Yearbook
hi stical
Number of Postal Business Outlets (units) + China Statistica
Yearbook
Innovation Infrastruc China Science and
R&D Funding Intensity (%) + Technology Statis-
ture Investment .
tical Yearbook
Full-Time Equivalent of R&D Personnel China Science ar.ld
(person—year) + Technology Statis-
P Y tical Yearbook
hi .
Internal Expenditure on R&D (100 million China Science ar.1d
uan) + Technology Statis-
y tical Yearbook
hi .
Number of Accepted Domestic Patent Ap- China Science ar.1d
lications (pieces) ’ Technology Statis-
P P tical Yearbook
Number of Accepted Domestic Invention China Science a1.1d
+ Technology Statis-

Patent Applications (pieces)

tical Yearbook

Internal Expenditure on Basic Research
(100 million yuan)

China Science and
+ Technology Statis-
tical Yearbook

Internal Expenditure on Applied Research
(100 million yuan)

China Science and
+ Technology Statis-
tical Yearbook

Internal Expenditure on Experimental De-

China Science and

s + Technology Statis-
velopment (100 million yuan) tical Yearbook
Transaction Volume of Technology Mar- . China Statistical
ket (100 million yuan) Yearbook
Number of R&D Institutions Run by In- China Science and
dustrial Enterprises above Designated + Technology Statis-

Size (units)

tical Yearbook

Investment in Human Education and Talent

Proportion of Full-Time Teachers with

China Education

. . Bachelor’s Degree or Above in Rural Com- + Statistical Year-
Capital Cultivation Investment .
pulsory Education Schools (%) book
Average Number of College Students per . China Statistical
100,000 Population (persons) Yearbook
. China Statistical
Average Years of Education (years) + Yearbook
Proportion of Education Expenditure in N China Statistical
Fiscal Expenditure (%) Yearbook
Per Capita Collection of Public Libraries . China Statistical
(volumes per capita) Yearbook
Number of Museum Institutions per Cap- . China Statistical
ita (units per capita) Yearbook
Healthcare and Protec- Number of Health Technical Personnel N China Health Sta-
tion Investment per 1000 Persons in Rural Areas (persons) tistics Yearbook
Number of Urban Health Technical Per- N China Health Sta-

sonnel per 10,000 Population (persons)

tistics Yearbook

Penetration Rate of Sanitary Toilets (%)

China Statistical
Yearbook

Number of Medical Institution Beds per
10,000 Population (beds)

China Health Sta-
tistics Yearbook
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Number of Licensed Assistant Doctors per . China Health Sta-
10,000 Population (persons) tistics Yearbook
Employment and Talent Newly Increased Employment (10,000 per- . China Statistical
Utilization Investment sons) Yearbook
Employees in Private Enterprises and Self- China Statistical
Employed Individuals (10,000 persons) Yearbook
b e loyln bl chastasia
y yPp ’ opwiation {p Yearbook
sons)
Social Security Invest- ~ Per Capita Social Security Expenditure . China Statistical
ment (yuan per capita) Yearbook
China Statistical
. . o
Social Security Level (%) + Yearbook
;:ur,“bEergf Urbar‘jmployees fgrotggpat' . China Statistical
g in Endowment Insurance (10,000 per Yearbook
sons)
Number of Persons Participating in Un- N China Statistical
employment Insurance (10,000 persons) Yearbook
Number of Year-End Participants in Ur- . -
. . China Statistical
ban Basic Medical Insurance (10,000 per- +
Yearbook
sons)
Number of Yea'r—End Participants in China Statistical
Work-Related Injury Insurance (10,000 +
Yearbook
persons)
Number of Year-End Participants in Ma- N China Statistical

ternity Insurance (10,000 persons) Yearbook

Note: “+” denotes a positive indicator and social security level = fiscal social security and employ-

ment expenditure/general public budget expenditure.
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