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Abstract

Biomass-based energy transitions depend not only on resource availability but also on
whether regional capabilities match the material and organisational requirements of dif-
ferent feedstocks. Using a balanced panel of 30 Chinese provinces during 2012–2022, this
study treats New Quality Productive Forces (NQPF) as a proxy for regional productive and
innovative capabilities and examines their association with five theoretical biomass resource
potentials. Two-way fixed effects, a stacked province–resource–year model, a Mundlak
Within–Between decomposition, province-specific trend checks, small-cluster inference,
multiplicity adjustment, and a provincial diagnostic typology are combined to distinguish
aggregate relationships, resource-specific heterogeneity, and persistent cross-provincial
structure. Under the baseline entropy-weighted specification, aggregate NQPF is positively
associated with theoretical carbon-mitigation potential, but the association is attenuated by
province-specific trends and is not reproduced by equal-weight or PCA re-aggregations. At
the resource level, New Modes–agricultural residues and New Industries–livestock ma-
nure retain nominal support under wild-cluster inference but not family-level multiplicity
adjustment. The strongest multiplicity-adjusted evidence concerns overall cross-resource
differentiation for New Drivers and is persistent between structural sorting for New Indus-
tries, whose long-term provincial mean is negatively associated with agricultural residues,
forestry and orchard residues, livestock manure, and wastewater biomass and positively
associated with municipal solid waste. Component-level patterns are therefore treated
as exploratory. A 2022 four-quadrant typology further shows that capability–resource
configurations are resource-specific, with livestock manure displaying the most gap-type
configurations and municipal solid waste showing the strongest tendency toward same-
direction capability–resource configurations. Capability–resource alignment is thus best
treated as an ex ante screening condition rather than a causal or project-readiness measure;
ecological retention, competing uses, lifecycle performance, circularity, logistics, finance,
and governance remain necessary sustainability filters.

Keywords: regional capabilities; sustainable bioenergy transitions; biomass resource
heterogeneity; capability–resource alignment; structural sorting; place-based governance

1. Introduction
Sustainable bioenergy transitions require more than identifying where biomass re-

sources are abundant. Biomass can contribute to renewable energy supply, waste val-
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orisation, and fossil energy substitution, but feedstocks differ sharply in their material
properties, spatial concentration, collection requirements, and competing uses. Agricultural
residues are dispersed and seasonal; forestry and orchard residues are sensitive to transport
distance; livestock manure requires continuous treatment and nutrient management link-
ages; and wastewater and municipal solid waste depend on urban collection and treatment
networks. These differences mean that the development value of a resource depends partly
on whether local productive, organisational, technological, and infrastructural capabilities
fit its requirements. Sustainability adds a further constraint: greater mobilisation is not
inherently preferable if it undermines soil retention, nutrient cycling, lifecycle performance,
or other resource uses.

Research on sustainability transitions increasingly treats regions as more than pas-
sive locations of technological change. Green-development pathways are shaped by
inherited industrial structures, knowledge bases, institutions, labour skills, infrastruc-
ture, and cross-scalar linkages, so regions differ in both their transition opportunities
and their capacity to act on them [1–5]. This perspective builds on the geography of
sustainability transitions [6,7] and evolutionary accounts of regional assets and path de-
pendence [8–10]. Regional capability is therefore better understood as a configuration of
productive and innovative conditions than as a single measure of income or R&D intensity.

Bioenergy research has developed a complementary but largely separate line of inquiry
around resource potential and supply chain feasibility. Resource assessments document
pronounced geographical differences in agricultural, forestry, livestock, and urban waste
streams [11–16], while supply chain studies show how feedstock density, seasonality, stor-
age, transport, preprocessing, and facility location affect cost, resilience, and environmental
performance [17–20]. These studies establish why biomass cannot be treated as a ho-
mogeneous resource, but they usually say less about whether the regional capabilities
surrounding different feedstocks are equally favourable for mobilisation.

China’s bioenergy transition is also embedded in a heterogeneous policy and gover-
nance environment. Recent evidence shows that renewable energy outcomes depend not
only on policy intensity but also on the combination of policy instruments across provinces
and the degree of coordination between central and local governments [21,22]. For biomass
specifically, subsidy design can reshape incentives along feedstock supply chains, while the
gradual withdrawal of fiscal support raises questions about local fiscal capacity, enterprise
adaptation, and market self-sustainability [23,24]. These findings reinforce the distinction
between physical resource potential and the wider regional capabilities and institutional
conditions required to mobilise biomass resources effectively.

Bringing these strands together raises a set of related empirical questions. A region
may possess strong innovation or organisational capacity without having abundant land-
based biomass, while urban infrastructure may coincide with wastewater and municipal
waste rather than agricultural or forestry resources. Aggregate relationships can therefore
conceal resource-specific patterns. They can also mix two statistically distinct sources of
variation: persistent cross-regional co-location created by long-term resource, industrial,
and urban structures, and within-province co-movement during the sample period. Finally,
even a favourable resource–capability combination should be interpreted as an enabling
condition rather than as proof of sustainability, because ecological retention, competing
uses, transport requirements, and lifecycle emissions may alter the desirability of resource
mobilisation. Resource type, territorial structure, and sustainability boundaries therefore
need to be considered together.

China provides a useful setting in which to examine these issues because provinces
differ markedly in agricultural and forestry production, livestock systems, population
concentration, urban waste streams, and productive structures. New Quality Productive
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Forces (NQPFs) span the digital economy, rural industrial integration, production organ-
isation, energy and materials, data factors, R&D and innovation, new types of workers,
and infrastructure and production tools [25]. We do not treat NQPF as a direct measure of
biomass-development capability. Instead, it is used as an empirical proxy for provincial
productive and innovative capabilities, allowing us to ask how multidimensional regional
capabilities are associated with heterogeneous biomass resource bases and whether those
relationships reflect persistent territorial structure or within-region change.

The empirical strategy follows this question in linked stages. Two-way fixed-effects
models first relate aggregate NQPF and its three first-level dimensions to overall carbon-
mitigation potential (CMP). A stacked province–resource–year model then estimates di-
rectly comparable slopes across five bioenergy potentials (BEPs). A Mundlak correlated-
random-effects specification separates within-province deviations from persistent between-
province structure, while eight second-level capability components provide exploratory
diagnostics. Province-specific and province–resource-specific trends, wild-cluster bootstrap
inference, multiplicity adjustments, lagged specifications, wastewater exclusion, flexible
control slopes, and alternative re-aggregation are used to define the sensitivity and mea-
surement boundaries of the main evidence. Finally, a four-quadrant provincial typology
operationalizes capability–resource alignment as an ex ante screening device.

This paper connects two studies that are often treated separately: the geography of
regional transitions and the material geography of biomass resources. Its central contribu-
tion is the concept of capability–resource alignment, which shifts attention from whether a
region is generally ‘advanced’ to whether particular productive and innovative capabilities
are compatible with the biomass resources actually present there. Empirically, the resource-
specific panel design and Within–Between decomposition show that capability–resource
associations vary across feedstocks and across sources of variation, while stricter small-
cluster and multiplicity-adjusted inference distinguishes evidence retained under stricter
inference from localized or exploratory patterns. For planning, the framework functions
as an ex ante diagnostic for differentiated regional bioenergy pathways, and the revised
analysis further translates it into a resource-specific provincial typology. The empirical anal-
ysis focuses on province-level capability–resource relationships; cross-provincial network
interactions and spillover processes are outside the scope of the present design. Ecological
retention, circular resource use, lifecycle performance, competing uses, and governance
constraints remain outside the estimated alignment measure and therefore require separate
sustainability assessment.

2. Theoretical Background and Research Questions
2.1. Place-Based Sustainability Transitions and Regional Capabilities

Sustainability transitions are inherently place-embedded. Green development paths
depend on regional knowledge bases, industrial structures, firm networks, labour skills,
infrastructure, and institutions [6,7]. Recent work further shows that regional transi-
tions emerge from interactions among inherited assets, actor capabilities, and cross-
scalar linkages, while rural transitions require alignment with local resources and
policy mixes [1–3,26]. For bioenergy, similar resource quantities therefore need not im-
ply similar development readiness: dispersed feedstocks must be connected to production
organisation, technology absorption, infrastructure, and cross-actor coordination.

Regional capabilities are also cumulative and path-dependent. Industrial structures,
skills, infrastructure, and institutions form durable assets that shape the emergence and
recombination of green activities [4,8]. Capability–resource relationships may therefore
contain two statistically distinct sources of variation: persistent cross-provincial structure
shaped by resource endowments, industrial systems, and urbanisation, and deviations
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within the same province during the sample period. Separating these sources distinguishes
durable territorial context from within-province co-variation without assigning a causal
time-scale interpretation to either component.

2.2. Material Heterogeneity of Biomass Resources and Resource-Specific Supply Chain Requirements

Biomass resources are materially heterogeneous: many have low energy density or
high moisture content and are spatially dispersed, seasonal, or perishable. Their energy use
depends on collection radius, transport and storage, preprocessing, treatment facilities, and
organisational coordination. Feedstock quantity and quality, inventory decisions, transport
networks, and facility location jointly influence supply chain stability and sustainabil-
ity [17,18]. The constraints also vary by resource: agricultural residues require seasonal
collection and storage; forestry and orchard residues are transport-sensitive; manure re-
quires continuous treatment; and wastewater and municipal solid waste depend more
strongly on urban collection and treatment networks.

No single directional relationship between capability and resource potential should
therefore be assumed. Industrialised and urbanised regions may possess stronger organisa-
tional and infrastructural capabilities without having more land-based resources, while
population concentration may co-locate with urban waste streams. The same capability
can thus relate differently to different resources, and the same resource can require several
capabilities. We term these jointly conditioned relationships resource-contingent associ-
ations and treat them as empirical manifestations of capability–resource alignment. The
corresponding material attributes, major supply-chain requirements, and theoretically
relevant regional capabilities of the five biomass resource types are summarized in Table 1.

Table 1. Material attributes, major supply chain requirements, and theoretically relevant regional
capabilities of five biomass resource types.

Resource Type Main Material Attributes Major Supply Chain
Requirements

Theoretically Relevant
Regional Capabilities

Agricultural residues Dispersed, highly seasonal,
multiple actors

Seasonal collection, storage,
cross-actor coordination,
equipment allocation

Production organisation,
data coordination, energy
and materials, rural service
networks

Forestry and orchard
residues

Spatially dispersed; sensitive
to transport radius

Harvesting/transport
networks, transport cost,
links to processing nodes

Infrastructure, processing
chains, R&D and
technological adaptation

Livestock manure
High moisture, perishable,
requires continuous
treatment

Livestock organisation,
centralised treatment,
treatment–utilisation
linkages

Rural industrial integration,
organised services, treatment
facilities

Wastewater biomass Highly dependent on urban
pipe networks

Network coverage,
centralised treatment,
technical facilities

Urban infrastructure, digital
operation and maintenance,
treatment technologies

Municipal solid waste
Concentrated urban
generation; systematised
collection

Classified collection,
transport, centralised
disposal

Urban governance,
production organisation,
infrastructure and treatment
networks

Note: The table establishes a theoretical correspondence between resource material attributes and
regional capabilities. It does not imply that this study directly observes or estimates collection rates,
supply chain efficiency, or actual energy utilisation rates.
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2.3. Capability–Resource Alignment and Resource-Contingent Associations

Resource-specific collection, storage, transport, processing, and organisational require-
ments provide the theoretical basis for variation in capability–resource relationships. These
supply chain stages are not directly observed and are not treated as identified mediators.
BEP and CMP represent theoretical resource and substitution potential rather than realised
collection, logistics efficiency, project output, or lifecycle mitigation. The estimated coeffi-
cients therefore describe conditional associations between capabilities and resource bases.
They diagnose the starting conditions for local bioenergy development but do not identify
how theoretical resources are converted into realised energy output.

The three first-level NQPF dimensions capture different combinations of industrial
foundations, production organisation, factor allocation, innovation, and infrastructure. If
NQPF represented only general development, their slopes should be broadly similar across
the five resources. Resource-contingent relationships instead imply different directions or
magnitudes. We therefore estimate both aggregate and resource-specific relationships and
formally test cross-resource equality.

These considerations motivate the first two research questions.
Research Question 1: Is aggregate regional capability associated with aggregate

theoretical bioenergy carbon mitigation potential after accounting for province and
year fixed effects?

Research Question 2: Do capability–resource associations differ across biomass re-
source types?

Figure 1 summarises the analytical logic, empirical evidence chain, and interpretive
boundaries of the study. Heterogeneous biomass resources are first distinguished by
their material attributes and supply chain requirements, while regional productive and
innovative capabilities are proxied by NQPF and its three dimensions. The empirical
evidence proceeds from descriptive capability evolution (Figure 2) to the spatial evolu-
tion and resource composition of biomass carbon mitigation potential (Figure 3), then to
the diagnostic typology and its empirical distribution in 2022 (Figure 4), and finally to
resource-specific provincial alignment patterns (Figure A1). Robustness and inference are
further supported by a series of sensitivity analyses, including alternative fixed-effects
specifications, Mundlak/CRE decomposition, wild bootstrap inference, multiplicity ad-
justment, re-aggregation, lag specification, wastewater exclusion, and flexible-slope tests.
The framework also clarifies that capability–resource alignment is an ex ante descriptive
screening tool rather than a causal classification or project readiness assessment, and that
sustainability and implementation conditions must be evaluated separately.

2.4. Sources of Variation in Capability–Resource Relationships

We distinguish persistent between-province structural association from within-
province temporal co-variation. The former refers to co-location, in long-term provincial
means, among resource endowments, industrial systems, urban structures, and regional
capabilities; the latter captures deviations from each province’s own long-term mean during
the sample period. Both are statistical associations rather than causal effects, and neither
should be interpreted as a spatial spillover effect.

This distinction follows the Within–Between logic of Mundlak [27] and related random-
effects formulations that explicitly model contextual heterogeneity [28]. The Between
component captures relationships among long-term provincial means, whereas the Within
component captures deviations from each province’s own long-term mean. Divergent
coefficients imply that a single average relationship may not adequately represent both
sources of variation, but the comparison does not identify causal effects at distinct horizons.
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Figure 1. Analytical framework and evidence chain of regional capability–resource alignment and
heterogeneous biomass resources.

(a) 

Figure 2. Cont.
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(b) 

Figure 2. (a). Three-dimensional kernel density evolution of aggregate NQPF. (b). Long-term average
provincial capability structures.

Figure 3. Provincial spatiotemporal evolution and national resource composition of biomass carbon-
mitigation potential.

This distinction motivates the third research question.
Research Question 3: Do capability–resource associations based on within-province

variation differ from those observed across provinces’ long-term means? Empirically, we
address this question by formally testing whether the corresponding resource-specific
Within and Between coefficients are equal.
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Figure 4. Provincial capability–resource alignment diagnostic typology and its empirical distribution
in 2022. (a) Four-quadrant diagnostic framework. (b) Distribution of provincial configurations across
five biomass resource types.

3. Data, Variables, and Methods
3.1. Sample and Data Sources

We construct a balanced panel of 30 Chinese provincial-level regions for 2012–2022,
yielding 330 province–year observations. Hong Kong, Macao, and Taiwan are excluded
because of incompatible statistical coverage, and Tibet because key socioeconomic variables
are continuously missing. Resource and socioeconomic data are drawn mainly from the
China Statistical Yearbook, China Agriculture Statistical Yearbook, China Energy Statistical
Yearbook, and related official sectoral sources. A common period and harmonised resource
conversion conventions are used across provinces to preserve comparability, particularly
for the Within–Between decomposition.
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The province is the unit of analysis because both the capability indicators and the har-
monised biomass resource series are consistently available at this level over 2012–2022. The
resulting estimates therefore characterise province-level capability–resource relationships.
They do not resolve sub-provincial variation in feedstock density, transport accessibility,
facility location, competing uses, or environmental constraints.

Aggregate models use theoretical biomass carbon-mitigation potential (CMP), that
is, the CO2 reduction implied by substituting fossil-based electricity with five biomass
resources under a common coal-power benchmark and specified conversion parameters.
Resource heterogeneity models use resource-specific bioenergy potential (BEP), obtained
by converting utilisable quantities into standard-coal equivalents (104 tce). CMP captures
aggregate resource–environment potential, whereas BEP preserves differences among
agricultural residues, forestry and orchard residues, livestock manure, wastewater biomass,
and municipal solid waste.

3.2. Variable Measurement
3.2.1. Outcome Variables: BEP and CMP

Resource accounting follows a common sequence from raw quantity to utilisable
quantity, standard-coal equivalent, and substitution-based mitigation potential. Each
resource is quantified using resource-specific statistical bases and collection/utilisation
and conversion parameters and converted to standard-coal equivalents to obtain BEP;
aggregate CMP is derived from potential electricity output under a common coal-
power substitution boundary. The complete parameter set is reported in Appendix A
(Tables A1–A5), including crop- and residue-specific generation ratios, collection coeffi-
cients, standard-coal conversion coefficients, livestock manure and biogas parameters,
wastewater and municipal solid waste parameters, power generation efficiencies, and
emission factors. These coefficients are applied uniformly across provinces and years.
Both measures are theoretical potentials and exclude realised collection, installed capac-
ity, project efficiency, and market realisability. Regression coefficients therefore describe
conditional capability–resource associations rather than realised conversion effects.

3.2.2. Core Explanatory Variable: NQPF and Capability Dimensions

NQPF characterises provincial productive and innovative capabilities through an
aggregate index, three first-level dimensions, and eight second-level components. The
term New Industries comprises the digital economy and rural industrial integration; New
Modes comprises production organisation, energy and materials, and data factors; and
New Drivers comprises R&D and innovation, new types of workers, and infrastructure
and production tools (Table 2). The aggregate index is used in the baseline model, the
three dimensions in resource and Within–Between analyses, and the eight components in
diagnostic analysis.

The NQPF measure is organised hierarchically into three capability dimensions, eight
second-level components, and 34 underlying indicators. Appendix B reports the com-
plete indicator list, definitions, data sources, directions, and the eight component entropy
weights. All 34 underlying indicators are benefit-type indicators. For each indicator,
min–max normalization is conducted over the common 2012–2022 province–year sample
as z = (x − min x)/(max x − min x). The normalized indicators are combined into the eight
second-level component scores following the stated indicator hierarchy; the entropy-weight
procedure is then applied to these component scores by calculating each observation’s rela-
tive share, information entropy, the corresponding information divergence coefficient, and
finally normalized component weights that sum to one. The eight final component weights
are 0.07169 (digital economy), 0.04920 (rural industrial integration), 0.07292 (production
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organisation), 0.08242 (energy and materials), 0.18420 (data factors), 0.25005 (R&D and
innovation), 0.07735 (new types of workers), and 0.21217 (infrastructure and production
tools). These are component-level weights rather than raw indicator-level final weights.
A common full-sample weighting structure is applied across years to preserve intertem-
poral comparability. No NQPF indicator directly reuses the crop production tonnage or
livestock headcounts that mechanically determine corresponding BEP quantities; however,
several rural industrial integration indicators reflect agricultural structure, land use, or rural
population scale, so mechanical overlap is reduced but conceptual correlation cannot be
ruled out. Descriptive statistics use the original 0–1 indices; regressions use pooled-sample
z-standardised capability measures. Because fixed-effects estimates are identified from
within-province variation, substantive effect size interpretations are additionally expressed
on the within-province standard deviation scale.

Table 2. Hierarchical structure of the NQPF-based regional capability indicators.

Level Capability Dimension Second-Level Components Role in Analysis

Aggregate level Aggregate NQPF index
Composite representation of
New Industries, New Modes,

and New Drivers
Aggregate baseline

First-level dimension New Industries Digital economy; rural
industrial integration

Resource heterogeneity
and scale decomposition

First-level dimension New Modes Production organisation; energy
and materials; data factors

Resource heterogeneity
and scale decomposition

First-level dimension New Drivers
R&D and innovation; new types
of workers; infrastructure and

production tools

Resource heterogeneity
and scale decomposition

Note: The aggregate index, first-level dimensions, and second-level components correspond to
the aggregate baseline, resource/scale decomposition, and component diagnostics used in this
study, respectively.

3.2.3. Control Variables

Controls include the log of regional GDP per capita, log population, energy consump-
tion structure, environmental regulation, industrial structure, urbanisation, and openness
(Table 3). Their definitions are held constant across models unless stated otherwise.

Table 3. Definitions and analytical roles of the main variables.

Category Variable Definition/Construction Analytical Role

Aggregate outcome CMP Theoretical biomass carbon-mitigation
potential; entered in natural logs

Aggregate
resource–environment
potential

Resource outcome BEP
Theoretical bioenergy potential of five
resource types (104 tce); entered
separately in natural logs

Resource-specific potential

Core explanatory variable NQPF
Existing aggregate NQPF measure;
proxy for regional productive and
innovative capabilities

Aggregate capability

Capability dimension New Industries Digital economy; rural industrial
integration Capability dimension 1

Capability dimension New Modes Production organisation; energy and
materials; data factors Capability dimension 2
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Table 3. Cont.

Category Variable Definition/Construction Analytical Role

Capability dimension New Drivers
R&D and innovation; new types of
workers; infrastructure and production
tools

Capability dimension 3

Control variable ln GDPpc Natural log of regional GDP per capita Development level

Control variable ln POP Natural log of year-end resident
population Population size

Control variable ECS Industrial coal consumption/total
primary energy consumption

Energy-consumption
structure

Control variable ER Composite environmental-regulation
index Environmental regulation

Control variable IS Secondary-industry value added/GDP Industrial structure

Control variable URB Urban population/year-end resident
population Urbanisation

Control variable OPEN (Imports + exports)/GDP Openness

3.3. Econometric Specifications

The present empirical design focuses on province-level capability–resource associ-
ations and the distinction between within-province variation and persistent between-
province differences. It does not explicitly estimate interprovincial spillover effects. Po-
tential cross-regional processes, such as knowledge diffusion, production linkages, and
biomass movements, are not directly observed and may operate through different spa-
tial or network structures; accordingly, no single spatial weighting structure is imposed.
The empirical strategy is designed to estimate conditional associations rather than causal
effects. Province fixed effects absorb time-invariant provincial heterogeneity, year fixed
effects account for common shocks, and observed controls capture several time-varying
socioeconomic factors, but unobserved time-varying factors, joint regional development
processes, and feedback between regional development and capability formation cannot be
ruled out.

3.3.1. Aggregate Fixed-Effects Baseline

The aggregate baseline is a two-way fixed-effects model with province and year effects
(Equation (1)). We first estimate the association between aggregate NQPF and CMP and
then jointly enter the three first-level dimensions to examine internal differentiation.

ln(CMPit) = α + βCit + γ′Xit + µi + λt + εit (1)

In Equation (1), i and t index province and year, respectively; CMPit denotes theoretical
biomass carbon-mitigation potential; Cit is the standardised capability measure, defined as
either aggregate NQPF or one of the three first-level capability dimensions; Xit is the vector
of control variables; µi and λt denote province and year fixed effects, respectively; and
εit is the idiosyncratic error term. The coefficient β measures the conditional association
between regional capability and CMP after province and year effects and observed controls
are accounted for.

3.3.2. Resource-Type Heterogeneity and Cross-Resource Equality Tests

To test resource heterogeneity, the five BEP series are stacked into a province–resource–
year panel (Equation (2)), yielding 1650 observations. Interactions between capability
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dimensions and resource indicators estimate directly comparable resource-specific slopes
within one model and permit formal equality tests across resources.

ln(BEPirt) = α +
3

∑
k=1

5

∑
s=1

βks(Ckit × Dsr) +
M

∑
m=1

5

∑
s=1

γms(Xmit × Dsr) + ηir + τrt + εirt (2)

In Equation (2), r indexes resource type, k indexes the three first-level capability
dimensions, s indexes the five resource categories, and m indexes the M control variables.
Dsr is an indicator equal to 1 when resource observation r belongs to category s. The
coefficients βks are the resource-specific capability slopes, while γms allow the slope of each
control variable to vary by resource type. ηir denotes province-by-resource fixed effects,
τrt denotes resource-by-year fixed effects, and εirt is the error term. Standard errors are
clustered at the province level.

3.3.3. Mundlak/CRE Within–Between Decomposition

We use a Mundlak correlated random-effects (CRE) decomposition to separate within-
province deviations from persistent between-province structure. The specification follows
the Mundlak approach of representing the correlation between observed regressors and
unobserved unit heterogeneity through unit-level means, while retaining a random-effects
representation for estimation and Within–Between comparison [27,29,30]. We use the CRE
framework primarily as a decomposition rather than as an independent replication of the
fixed-effects estimates.

Ckit = (Ckit − C̄ki) + C̄ki ≡ CW
kit + CB

ki (3)

In Equation (3), Ckit is the observed value of capability dimension k for province i in
year t, and Cki is province i’s 2012–2022 mean for that capability dimension. The Within
component is CW

kit = Ckit − Cki, whereas the Between component is CB
ki = Cki. These two

components are then entered into Equation (4).

ln(BEPirt) = α +
3
∑

k=1

5
∑

s=1
θW

ks
(︁
CW

kit × Dsr
)︁
+

3
∑

k=1

5
∑

s=1
θB

ks
(︁
CB

ki × Dsr
)︁

+
M
∑

m=1

5
∑

s=1
ΓW

ms
(︁
XW

mit × Dsr
)︁
+

M
∑

m=1

5
∑

s=1
ΓB

ms
(︁
XB

mi × Dsr
)︁
+ uir + τrt + εirt

(4)

In Equation (4), the resource-specific Within and Between capability slopes capture,
respectively, associations based on deviations from provincial long-term means and differ-
ences across provincial long-term means. The corresponding Within and Between terms
for the controls are included, together with a province-by-resource random intercept and
resource-by-year fixed effects. For each capability–resource combination, we formally test
equality of the Within and Between coefficients. Importantly, the Between component
captures persistent differences across provinces but does not represent spatial dependence
or spillover effects between provinces.

3.3.4. Second-Level Capability Component Diagnostics

The three first-level dimensions are further decomposed into eight components—
digital economy, rural industrial integration, production organisation, energy and materials,
data factors, R&D and innovation, new types of workers, and infrastructure and produc-
tion tools. Resource-specific slopes and cross-resource joint tests are used as exploratory
diagnostics for whether first-level patterns can be localised to narrower capability elements.
Because the component analysis involves many related hypotheses, individual component
coefficients are not treated as confirmed pathways unless they remain supported after
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the multiplicity adjustments described below. The analysis is diagnostic rather than a
mediation analysis because the components are not identified transmission mechanisms.

3.3.5. Provincial Capability–Resource Diagnostic Typology

To operationalize capability–resource alignment as an ex-ante planning diagnostic, we
construct a four-quadrant provincial typology for 2022. Provinces are classified according
to whether their NQPF level is above or below the 2022 national median and whether the
corresponding theoretical BEP is above or below the resource-specific provincial median.
This yields four relative configurations: co-advantage, capability gap, resource gap, and
dual constraint. The median thresholds provide a transparent and outlier-resistant relative
classification. The typology is descriptive and is not interpreted as a project-readiness score,
a causal classification, or a measure of realised bioenergy utilisation.

3.4. Inference and Sensitivity Strategy

Robustness and sensitivity checks address six issues. First, because inference is based
on only 30 province clusters, conventional province-clustered standard errors are supple-
mented with 9999-repetition wild-cluster bootstrap inference for the 15 first-level capability–
resource slopes and the three cross-resource joint equality tests, following recent guidance
on finite-cluster inference [31–34]. Second, multiplicity is addressed using Holm family-
wise error adjustment and Benjamini–Hochberg false-discovery-rate adjustment within
pre-specified hypothesis families covering first-level slopes, component slopes, CRE Within
slopes, CRE Between slopes, Within–Between equality tests, and first- and second-level
joint resource-equality tests. Third, capability variables are lagged one year. Fourth, the
aggregate model is re-estimated with province-specific linear trends and the stacked model
with province–resource-specific linear trends to assess sensitivity to persistent medium-
term trajectories. Fifth, key models are re-estimated after excluding wastewater and under
alternative control-slope structures. Sixth, equal-weight and PCA re-aggregations of the
eight component scores test sensitivity to internal index composition. These checks define
robustness boundaries; none is interpreted as a causal identification strategy. Statistical
analyses were conducted using Stata/MP 17 (64-bit) (StataCorp LLC, College Station, TX,
USA), while spatial mapping and figure preparation were performed using ArcGIS Pro
3.4.2 (Esri, Redlands, CA, USA), MATLAB R2024b (The MathWorks, Inc., Natick, MA,
USA), and PyCharm Community Edition 2023.3.7 (JetBrains s.r.o., Prague, Czech Republic).

4. Empirical Results
4.1. Evolution of NQPF and Regional Capability Differences

Figure 2a describes the joint distribution of NQPF and year over 2012–2022. The high-
density region shifts generally from lower toward medium and higher NQPF values, while
peak height, tails, and distributional width also change. The figure is therefore descriptive
rather than a test of pairwise temporal differences.

Figure 2b shows long-term provincial means for the three standardised capability
dimensions. Several eastern regions score highly on multiple dimensions, but capabil-
ity structures remain uneven. Between-province variation dominates within-province
variation: between standard deviations for New Industries, New Modes, and New
Drivers are 0.966, 0.957, and 1.001, compared with within standard deviations of 0.310,
0.336, and 0.168. The especially limited within variation of New Drivers foreshadows
lower precision in its Within estimates and motivates both dimensional analysis and
the Within–Between decomposition.

Table 4 confirms substantial variation in both capabilities and resources. Aggregate
NQPF averages 0.218; New Industries and New Modes have higher means than New
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Drivers. Agricultural residue BEP is by far the largest resource component, while CMP
averages 3780.40 × 104 t CO2 and is highly dispersed across provinces. This variation
supports analysis beyond aggregate measures.

Table 4. Descriptive statistics of the main variables (N = 330).

Variable Mean Std. Dev. Minimum Maximum

NQPF 0.218 0.218 0.008 0.934
New Industries 0.250 0.209 0.000 1.000
New Modes 0.226 0.215 0.006 0.837
New Drivers 0.144 0.203 0.001 1.000
CMP(104 t CO2) 3780.40 2821.45 348.30 11,282.49
Total BEP (104 tce) 1653.30 1201.72 167.33 4778.05
Agricultural residue BEP 1150.89 1074.36 18.44 4388.78
Forestry/orchard residue BEP 192.48 244.76 1.90 1762.30
Livestock manure BEP 154.18 110.41 2.52 458.17
Wastewater biomass BEP 7.08 6.01 0.24 23.28
Municipal solid waste BEP 148.67 115.42 13.99 706.29
ln GDPpc 10.906 0.444 9.841 12.156
ln POP 8.210 0.741 6.347 9.448
ECS 0.455 0.172 0.006 0.810
ER 0.510 0.536 0.000 2.877
IS 42.010 9.001 15.900 63.400
URB 0.602 0.119 0.354 0.942
OPEN 0.259 0.259 0.007 1.317

4.2. Spatiotemporal Evolution and Resource Composition of Biomass Carbon Mitigation Potential

Figure 3 shows provincial spatial patterns and national resource composition. Total
theoretical biomass CMP increases from approximately 1040.18 million tonnes of CO2 in
2012 to 1230.26 million tonnes in 2022, representing an 18.3% increase. The spatial pattern
is persistent: Heilongjiang, Henan, and Shandong remain in the high-value group, and
major agricultural provinces in Northeast China and the Huang–Huai–Hai region form a
stable high-potential belt. More visible increases in Inner Mongolia, Guangxi, and several
other regions indicate local reordering within this persistent structure.

Agricultural residues remain dominant, although their share falls from 73.6% to 71.1%
between 2012 and 2022. Forestry/orchard residues rise from 11.7% to 14.2%, wastewater
plus municipal solid waste from 6.6% to 7.9%, and livestock manure falls from 8.2% to
6.8%. In absolute terms, forestry/orchard and urban water/waste components grow much
faster than agricultural residues. Aggregate growth therefore reflects changing resource
composition rather than proportional expansion across feedstocks.

These patterns motivate the subsequent models: persistent high-CMP regions indicate
an important historical and resource endowment component, while divergent resource
trajectories show why aggregate totals can mask heterogeneity. We therefore retain CMP
for the baseline and use five resource-specific BEPs plus Within–Between decomposition
for the main heterogeneity analysis.

4.3. Aggregate Capability–Potential Association

Table 5 shows a positive aggregate association under the baseline fixed-effects specifica-
tion. The NQPF coefficient is 0.0682 without controls and 0.0772 after controls (SE = 0.0257,
conventional p = 0.005), and the point estimate is not materially altered by the observed
socioeconomic controls. Because NQPF is standardised using the pooled province–year
sample, 0.0772 corresponds to an approximately 8.0% conditional difference in CMP for
a one pooled-sample standard deviation increase. Fixed-effects identification, however,
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relies on substantially smaller within-province variation. The within-province standard
deviation of the standardised NQPF measure is 0.179, implying that a one within-province
standard-deviation change corresponds to an approximately 1.4% conditional difference in
CMP. We therefore use the within-standard-deviation scale for substantive interpretation
of the fixed-effects magnitude.

Table 5. Aggregate fixed-effects regression results.

Variable M0: No Controls M1: Aggregate
NQPF

M2: Three
Dimensions Jointly

Aggregate NQPF 0.0682 ***
(0.0220)

0.0772 ***
(0.0257) —

New Industries — — 0.0153
(0.0147)

New Modes — — 0.0323 ***
(0.0089)

New Drivers — — 0.0175
(0.0219)

ln GDPpc — 0.0633
(0.1055)

0.0775
(0.1182)

ln POP — 0.1852
(0.2415)

0.1415
(0.2476)

ECS — 0.2462 **
(0.1155)

0.2629 **
(0.1153)

ER — 0.0149
(0.0090)

0.0179 *
(0.0092)

IS — −0.0022
(0.0023)

−0.0025
(0.0025)

URB — −0.0887
(0.2336)

−0.0501
(0.2408)

OPEN — −0.0641
(0.1131)

−0.0362
(0.1051)

Province fixed effects Yes Yes Yes

Year fixed effects Yes Yes Yes

Observations 330 330 330

Within R2 0.516 0.551 0.545
Note: Province-clustered robust standard errors are reported in parentheses. *** p < 0.01, ** p < 0.05,
* p < 0.10. The aggregate NQPF coefficient is based on pooled-sample standardisation; substantive
interpretation on the within-province standard deviation scale is provided in the text.

When the three capability dimensions are entered jointly, only New Modes is individ-
ually significant (β = 0.0323, SE = 0.0089, p < 0.01); confidence intervals for New Industries
and New Drivers include zero. This does not constitute a formal test of coefficient differ-
ences, but it indicates that the aggregate NQPF relationship is not expressed uniformly
across dimensions and motivates the resource-specific analysis.

4.4. Three Capability Dimensions and Five Resources: Resource-Specific Associations

The stacked fixed-effects model yields 15 resource-specific point estimates (Table 6).
Small-cluster and multiplicity-adjusted inference narrows the set of individually sup-
ported slopes. The New Modes–agricultural residue and New Industries–livestock ma-
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nure slopes remain nominally supported under wild-cluster inference, whereas the New
Drivers–agricultural residue slope does not. At the dimension level, only the New Drivers
cross-resource joint test remains significant under wild-cluster inference and family-level
multiplicity adjustment. We therefore distinguish localized point estimates from evidence
of overall resource differentiation.

Table 6. Resource-type heterogeneity results (dependent variable: ln BEP).

Capability
Dimension

Agricultural
Residues

Forestry and
Orchard Residues

Livestock
Manure

Wastewater
Biomass

Municipal
Solid Waste Cluster p Wild p

New Industries 0.021
(0.025)

0.047
(0.036)

0.075
(0.030)

−0.001
(0.059)

0.015
(0.024) 0.0177 0.1348

New Modes 0.044
(0.015)

−0.020
(0.043)

0.008
(0.036)

0.067
(0.088)

0.039
(0.027) 0.2813 0.3186

New Drivers 0.243
(0.086)

−0.072
(0.051)

0.131
(0.101)

0.146
(0.099)

0.014
(0.042) <0.001 0.0096

Controls × resource
type Yes Yes Yes Yes Yes — —

Province × resource
fixed effects Yes Yes Yes Yes Yes — —

Resource × year
fixed effects Yes Yes Yes Yes Yes — —

Clustering level Province Province Province Province Province — —

N 1650 (single stacked-panel model) — —

Note: The five resource columns are marginal capability slopes from a single stacked province–
resource–year interaction model, not five independent regressions. Province-clustered robust stan-
dard errors are reported in parentheses. The specification includes province-by-resource fixed effects
and resource-by-year fixed effects and allows control slopes to vary by resource type. Significance
stars are intentionally omitted because the 30-cluster design requires small-cluster inference and
family-level multiplicity adjustment. The final two columns report, respectively, the conventional
cluster-based and wild-cluster-bootstrap joint tests of equality across the five resource-specific slopes.
Additional wild-cluster and multiplicity-adjusted results are discussed in the subsequent analysis.

4.4.1. New Industries and Livestock-Manure Potential

New Industries is positively associated with livestock-manure potential in the main
specification (β = 0.0754, SE = 0.0297, conventional p = 0.017), and the association remains
nominally supported under wild-cluster inference (p = 0.0465). However, it does not
survive correction across the 15 first-level capability–resource slopes. Moreover, the conven-
tional cross-resource equality test (p = 0.0177) is not retained under wild-cluster bootstrap
inference (p = 0.1348). We therefore interpret the livestock manure coefficient as a localized
association rather than as statistically retained dimension-wide resource heterogeneity.

4.4.2. New Modes and Agricultural Residue Potential

For New Modes, the agricultural residue slope remains positive under wild-cluster
inference (β = 0.0437, conventional p = 0.008, wild-bootstrap p = 0.0176). This coefficient
does not survive family-level multiplicity adjustment, and the dimension-level cross-
resource equality test is not supported under wild-cluster inference (p = 0.3186). The
Within–Between equality test for this relationship is also not significant (p = 0.191), so the
evidence does not support a claim of Within-component predominance. Moreover, no
single second-level New Modes component reproduces the first-level agricultural residue
association after multiplicity adjustment. We therefore treat this as a localized, model-
dependent association whose mechanism remains unverified.
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4.4.3. New Drivers and Agricultural Residue Potential

New Drivers exhibits the clearest evidence of overall cross-resource differentiation.
Although the agricultural residue point estimate is comparatively large (β = 0.2426), its
individual wild-cluster bootstrap p-value is 0.1279. By contrast, the joint null of equal slopes
across the five resources remains rejected under wild-cluster inference (p = 0.0096) and
after both Holm and BH-FDR adjustment (adjusted p = 0.0288). We therefore interpret New
Drivers as displaying resource-dependent association patterns overall, without attributing
this evidence to a statistically confirmed agricultural residue slope in isolation.

4.5. Structural Sorting and Within-Province Co-Variation: Within–Between Decomposition

Table 7 places Within and Between coefficients side by side. The clearest structural
contrast concerns New Industries: its Between coefficients are negative for agricultural
residues, forestry and orchard residues, livestock manure, and wastewater biomass, and
positive for municipal solid waste, whereas the corresponding Within coefficients are much
smaller. Multiplicity-adjusted evidence is concentrated in the Between component. For
New Modes and agricultural residues, the Within estimate is positive, but the formal
Within–Between equality test does not reject equality (p = 0.191); the association is therefore
not interpreted as showing a statistically greater Within than Between association.

Table 7. Resource-specific Within and Between slopes for the three capability dimensions.

Component/Dimension Agricultural
Residues

Forestry and
Orchard Residues

Livestock
Manure

Wastewater
Biomass

Municipal
Solid Waste Joint p

Within—New Industries −0.011
(0.041)

0.067 *
(0.038)

0.063 *
(0.032)

0.015
(0.059)

0.025
(0.028) 0.0003

Within—New Modes 0.045 **
(0.021)

−0.032
(0.039)

0.018
(0.043)

0.074
(0.079)

0.032
(0.028) 0.1351

Within—New Drivers 0.211
(0.138)

−0.055
(0.093)

0.150
(0.170)

0.144
(0.092)

0.011
(0.081) 0.0007

Between—New Industries −0.368 ***
(0.128)

−0.338 ***
(0.107)

−0.398 ***
(0.108)

−0.194 **
(0.076)

0.293 ***
(0.085) <0.001

Between—New Modes −0.269
(0.248)

−0.102
(0.153)

−0.508 **
(0.214)

−0.195
(0.126)

−0.106
(0.174) 0.335

Between—New Drivers −0.116
(0.179)

0.212 **
(0.100)

−0.007
(0.138)

0.137 **
(0.069)

0.143
(0.130) 0.189

Within = Between test
p—New Industries 0.013 <0.001 <0.001 0.022 0.003 —

Within = Between test
p—New Modes 0.191 0.645 0.011 0.043 0.438 —

Within = Between test
p—New Drivers 0.129 0.044 0.518 0.950 0.378 —

Note: Province-clustered robust standard errors are in parentheses. The Mundlak/CRE models
include Within and Between components of capability and controls together with resource-by-year
fixed effects. The final three rows report conventional p-values from the corresponding Within–
Between coefficient equality tests. When the CRE model uses the same resource-specific control slope
structure as the fixed-effects model, the Within point estimates coincide with the fixed-effects estimates
by construction; this is expected and is not an independent robustness check. Family-level multiplicity
results are summarized in Appendix C Table A8. In particular, the New Modes–agricultural residue
Within–Between equality test has p = 0.191 and does not support a claim of Within-component
predominance for that association. Significance stars refer to conventional unadjusted inference
only and should be interpreted together with the family-level multiplicity adjustments reported in
Appendix C Table A8. *** p < 0.01, ** p < 0.05, * p < 0.10.
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4.5.1. Within-Province Capability–Resource Associations

Under the parsimonious CRE specification with common control slopes, the Within
estimate for the New Modes–agricultural residue relationship is 0.0454. When resource-
specific control slopes are allowed, the Within coefficient is 0.0437, matching the main
fixed-effects estimate. This equivalence is expected because both specifications then rely
on the same within-province identifying variation and a comparable resource-specific
slope structure. The CRE framework is therefore used to place the Within association
alongside the corresponding Between estimate rather than as an independent replication of
the fixed-effects result. More generally, no individual Within slope remains significant after
family-level multiplicity adjustment, so the Within estimates are interpreted as descriptive
within-province co-variation rather than confirmed dynamic effects.

4.5.2. Between-Province Structural Sorting

The Between component indicates the clearest persistent structural contrast for New
Industries: its provincial long-term mean is negatively associated with agricultural residues,
forestry/orchard residues, livestock manure, and wastewater biomass but positively as-
sociated with municipal solid waste. Because the Between estimates are identified from
150 province–resource long-term means corresponding to only 30 independent province
clusters, and several long-term covariates are relatively collinear, we evaluated this pattern
using substantially more parsimonious alternatives. In the New Industries-only model
with Between controls, the slopes are −0.544 for agricultural residues (p = 0.0009), −0.213
for forestry/orchard residues (p = 0.052), −0.669 for livestock manure (p < 0.001), −0.175
for wastewater biomass (p = 0.024), and +0.376 for municipal solid waste (p < 0.001), with
a joint cross-resource test of F(4,29) = 30.09 (p < 0.001). The highest VIFs are 8.95 for New
Industries and 8.85 for openness (mean VIF = 3.54). An even more minimal no-control
specification preserves all five signs, although the forestry and wastewater slopes are less
precise (p = 0.054 and p = 0.076). Appendix C Table A9 reports the three specifications. We
therefore interpret this pattern as persistent descriptive structural sorting whose magnitude
and precision remain parameterisation-sensitive, not as a causal long-term effect.

Multiplicity adjustment further concentrates the strongest evidence in the New In-
dustries Between pattern. Its Between slopes for agricultural residues, forestry/orchard
residues, livestock manure, and municipal solid waste remain significant under both Holm
and BH-FDR adjustment, while the wastewater coefficient is retained under BH-FDR but
not Holm. Between results for the other dimensions are more localised and are interpreted
more cautiously. Here, ‘territorial structure’ refers to persistent cross-provincial differ-
ences in capability–resource configurations; it should not be interpreted as evidence of
interprovincial spatial spillovers.

4.5.3. Within–Between Contrasts Across Resource Types

Formal Within–Between equality tests assess whether associations based on within-
province temporal variation differ from associations across provinces’ long-term means. Af-
ter multiplicity adjustment, the strongest New Industries contrasts are for forestry/orchard
residues, livestock manure, and municipal solid waste; the agricultural residue contrast
is retained under BH-FDR only, while the wastewater contrast does not survive either
adjustment. For New Modes–agricultural residues, equality is not rejected (p = 0.191).
These contrasts are interpreted as differences between sources of variation, not as causal
effects operating at different horizons.

4.6. Exploratory Capability Component Diagnostics

To examine whether first-level patterns can be localised to narrower capability el-
ements, we estimate resource-specific slopes for eight second-level components. Full
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numerical results are reported in Appendix C Table A7. A total of 4 component–resource
slopes have conventional p-values below 0.05, but none remains significant after correction
across the 40 component–resource tests. The component analysis is therefore treated as ex-
ploratory diagnostic evidence rather than as confirmation of component-specific pathways.

Nominal component-level signals include rural industrial integration with livestock ma-
nure, the digital economy with wastewater biomass, production organisation with municipal
solid waste, and infrastructure and production tools with livestock manure. Because none
survives family-level multiplicity adjustment, these coefficients are interpreted as candidate
patterns for further investigation. At the joint-test level, rural industrial integration retains
cross-resource heterogeneity after Holm and BH-FDR adjustment. The remaining component-
level joint tests do not survive the 5% adjusted threshold. Importantly, no individual New
Modes component reproduces the first-level New Modes–agricultural residue association.

4.6.1. Component Structure of New Industries

Within New Industries, rural industrial integration provides the clearest nominally
localised signal for livestock manure, but the individual slope does not survive correction
across the component–resource family. Its cross-resource joint heterogeneity test does
survive family-level adjustment, so the component is retained as an exploratory source
of differentiation rather than a confirmed pathway. The digital-economy–wastewater
coefficient is likewise treated as a nominal signal only.

4.6.2. Component Structure of New Modes

The first-level New Modes–agricultural residue relationship cannot be localised to a
single component in the present data. Production organisation, energy and materials, and
data factors do not individually reproduce the first-level pattern after the stricter inferential
checks. We therefore avoid interpreting the relationship as a demonstrated component-level
mechanism or capability bundle.

4.6.3. Component Structure of New Drivers

Signals within New Drivers are dispersed across components and resources, and
no individual component–resource slope remains significant after family-level correction.
The component results therefore do not identify a unique mechanism underlying the
dimension-level cross-resource heterogeneity documented above.

4.7. Operationalizing Capability–Resource Alignment: A Provincial Diagnostic Typology

The 2022 diagnostic typology reveals marked resource-specific differences in provincial
alignment patterns. Agricultural residues are distributed relatively evenly across the four
configurations (eight co-advantage, seven capability-gap, seven resource-gap, and eight
dual-constraint provinces). Forest/orchard residues and wastewater biomass each place 18 of
30 provinces in the two same-direction configurations. Livestock manure exhibits the strongest
mismatch pattern, with 18 of 30 provinces falling into the two given gap configurations.
By contrast, municipal solid waste shows the strongest tendency toward same-direction
capability–resource configurations: 28 of 30 provinces fall into either the co-advantage or
dual-constraint category, with only one province in each gap category. These contrasts show
that alignment is resource-specific rather than a single province-level ranking.

5. Robustness and Measurement Boundaries
5.1. Main Robustness Checks

Table 8 compares four focal relationships—aggregate NQPF–CMP, New Modes–agricultural
residues, New Industries–livestock manure, and New Drivers–agricultural residues—
across alternative timing, sample, control, trend, and small-cluster inference specifications.
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Table 8. Main robustness checks for the aggregate model and key resource relationships.

Panel A. Aggregate-level robustness

Variable Baseline FE One-year lag FE Three dimensions jointly

Aggregate NQPF 0.0772 ***
(0.0257) — —

L.Aggregate NQPF — 0.0679 **
(0.0280) —

New Industries — — 0.0153
(0.0147)

New Modes — — 0.0323 ***
(0.0089)

New Drivers — — 0.0175
(0.0219)

Controls Yes Yes Yes

Province FE/Year FE Yes/Yes Yes/Yes Yes/Yes

Observations 330 300 330

Within R2 0.551 0.546 0.545

Panel B. Specification sensitivity of key resource-specific relationships

Capability–resource relationship Main 3 × 5
specification

Excluding
wastewater

CRE Within: common
control slopes

CRE Within:
resource-specific control

slopes

New Modes–agricultural residues 0.0437 ***
(0.0154)

0.0470 **
(0.0199)

0.0454 **
(0.0212)

0.0437 ***
(0.0149)

New Industries–livestock manure 0.0754 **
(0.0297)

0.0664 **
(0.0300)

0.0625 *
(0.0321)

0.0754 ***
(0.0287)

New Drivers–agricultural residues 0.2426 ***
(0.0856)

0.2111
(0.1488)

0.2113
(0.1376)

0.2426 ***
(0.0828)

Panel C. Province-specific linear trend sensitivity

Relationship Baseline β Trend-adjusted β Trend-adjusted p

Aggregate NQPF–CMP 0.0772 0.0047 0.898

New Modes–agricultural residues 0.0437 0.0041 0.804

New Industries–livestock manure 0.0754 −0.0162 0.527

New Drivers–agricultural residues 0.2426 0.1729 0.119

Panel D. Small-cluster inference for focal estimates and cross-resource joint tests

Test Conventional p Wild-cluster p Revised interpretation

Aggregate NQPF → CMP 0.005 0.0081 Retained under small-cluster inference

New Modes → Agricultural residues 0.008 0.0176 Nominally retained; not multiplicity-adjusted

New Industries → Livestock manure 0.017 0.0465 Nominally retained but weaker

New Drivers → Agricultural residues 0.008 0.1279 Not retained under wild-cluster inference

Joint equality: New Industries 0.0177 0.1348 Not retained

Joint equality: New Modes 0.2813 0.3186 Not rejected

Joint equality: New Drivers <0.001 0.0096 Retained

Note: Province-clustered robust standard errors are reported in parentheses. *** p < 0.01, ** p < 0.05,
* p < 0.10 denotes conventional unadjusted significance. Panel A reports aggregate-model timing
and dimensional-specification checks. Panel B compares focal resource-specific relationships across
sample and control specifications; the FE-equivalent CRE Within estimates reproduce the main FE
point estimates when the slope structure is matched and are not independent robustness confir-
mations. Panel C reports province-specific and province–resource-specific linear trend sensitivity
using coefficient and p-value pairs. Panel D reports wild-cluster-bootstrap p-values based on 9999
replications with province as the clustering unit for focal coefficients and cross-resource joint tests.
Family-level multiplicity-adjusted inference is summarized in Appendix C Table A8.

Aggregate NQPF remains positive when lagged one year (β = 0.0679, SE = 0.0280,
p = 0.022). This indicates that the baseline association is not driven solely by contemporane-
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ous covariance, but the lagged specification is a temporal-ordering robustness check rather
than a causal identification strategy. Small-cluster inference retains the baseline aggregate
coefficient (wild-bootstrap p = 0.0081). At the resource level, New Modes–agricultural
residues and New Industries–livestock manure retain nominal wild-bootstrap support,
whereas New Drivers–agricultural residues does not. The additional trend controls are
more consequential: the aggregate NQPF–CMP coefficient declines from 0.0772 (p = 0.005)
to 0.0047 (p = 0.898), New Modes–agricultural residues declines from 0.0437 (p = 0.008) to
0.0041 (p = 0.804), and New Industries–livestock manure changes from 0.0754 (p = 0.017)
to −0.0162 (p = 0.527). New Drivers–agricultural residues remains positive but less pre-
cise (0.1729, p = 0.119). These results indicate that part of the baseline within-province
association is not distinguishable from medium-term provincial trajectories; the trend-
adjusted estimates are therefore treated as an important robustness boundary rather than
as a replacement for the baseline specification.

5.2. Capability-Composition Sensitivity

Table 9 compares the original entropy-weighted NQPF measure with equal-weight
and PCA re-aggregations under the same fixed-effects specification. The original coefficient
is 0.0772 (SE = 0.0257, p = 0.005), compared with 0.0228 (p = 0.116) for equal weights
and 0.0113 (p = 0.550) for PCA. The alternative indices remain highly correlated with the
original NQPF measure (0.933 and 0.904), indicating that they capture broadly similar
overall capability structure even though the fixed-effects association differs.

Table 9. Fixed-effects comparison of NQPF composition sensitivity.

Statistic (1) Original NQPF (2) Equal-Weight Re-Aggregation (3) PCA Re-Aggregation

Capability index 0.0772 ***
(0.0257)

0.0228
(0.0141)

0.0113
(0.0186)

Correlation with original NQPF 1.000 0.933 0.904
Control variable Yes Yes Yes
Province fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes
Observations N 330 330 330
Within R2 0.551 0.526 0.522
Clustering level Province Province Province

Note: Province-clustered robust standard errors are reported in parentheses. *** p < 0.01, The
alternative indices are estimated under the same fixed-effects specification as the baseline entropy-
weighted NQPF measure.

Although the alternative indices remain highly correlated with the original NQPF
measure, this does not imply that their fixed-effects coefficients must be identical. The
correlations mainly reflect similarity in overall index levels and rankings, whereas the fixed-
effects estimator is identified from within-province changes over time. Equal weighting and
PCA alter the relative contribution of the underlying components to this within variation
and may therefore change both the estimated coefficient and its precision. We thus interpret
the aggregate NQPF–CMP association as sensitive to index composition rather than as a
relationship invariant to the measurement scheme.

6. Discussion
6.1. Regional Capabilities and Place-Based Bioenergy Transitions

The empirical results reinforce a place-based interpretation of regional transition
capacity. Higher productive and innovative capability is not associated with every biomass
resource in the same way, which suggests that capability cannot be read simply as a generic
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development advantage. Its relevance depends on the resource base with which it is
combined. In this sense, regional bioenergy transitions emerge from the interaction of
productive capabilities, inherited resource endowments, industrial trajectories, and spatial
organisation rather than from any one of these elements in isolation. This interpretation
is consistent with work on spatial embeddedness and differentiated regional transition
pathways [1,7,35].

The Within–Between decomposition makes the territorial character of these relation-
ships more explicit, but the revised robustness evidence also narrows its interpretation.
Between-province associations capture relatively durable configurations formed through
agricultural and livestock geographies, urban systems, industrial structures, and resource
endowments; Within associations capture co-variation as provinces move relative to their
own long-term means. Province-specific trend controls show that several baseline Within
relationships are sensitive to underlying medium-term trajectories, so they should not
be interpreted as trend-independent dynamic effects. Here, territorial structure refers to
persistent cross-provincial differences in capability–resource configurations and not to
interprovincial spatial spillovers.

This distinction sharpens the idea of place-based pathways without turning the coeffi-
cients into intervention effects. Regional strategies should begin from the specific resource
system and identify capability domains that warrant further assessment, while recognising
which observed patterns mainly reflect long-standing territorial organisation. The ‘place’
identified in the present analysis is the province as an analytical unit; finer-scale align-
ment within provinces remains unresolved. One plausible interpretation is that regional
capabilities and resource-producing systems co-evolve: productive structures, agricultural
and livestock systems, urbanisation, infrastructure, and innovation capacity may develop
jointly within broader regional trajectories. The observed associations should therefore be
read as features of joint regional configurations rather than as evidence that changes in
NQPF independently cause changes in theoretical biomass potential.

6.2. Resource Heterogeneity and Capability–Resource Alignment in Sustainable Bioenergy Transitions

Capability–resource alignment brings resource potential and regional transition capac-
ity into the same empirical frame. Resource assessment identifies where biomass exists;
research on regional transitions identifies the productive and institutional conditions under
which change can occur. The present results show that these two geographies do not simply
overlap. The three first-level capability dimensions have different relationships with the
five BEPs, so an aggregate capability score can conceal which kinds of resources are actually
associated with particular regional strengths.

The differentiation is consistent with the material organisation of biomass supply. Agri-
cultural residues require seasonal collection, storage, equipment scheduling, and coordina-
tion across dispersed actors; manure requires continuous treatment and links between waste
management and subsequent utilisation; wastewater and municipal solid waste depend
more heavily on urban networks, collection systems, and centralised treatment. Supply
chain research similarly shows that feedstock density, transport distance, inventory, facility
location, and uncertainty shape both economic and environmental performance [17–19,36].
These mechanisms are not observed directly in our data, so the estimated slopes should
not be read as identified supply chain channels. They instead indicate where theoreti-
cal resource availability coexists with regional conditions that are plausibly more or less
compatible with mobilisation.

The component analysis further shows why broad capability indices should be inter-
preted cautiously. Component-level coefficients provide exploratory diagnostic clues, but
none of the 40 individual component–resource slopes remains significant after family-level
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multiplicity adjustment, and the first-level New Modes–agricultural residue association
cannot be localised to a single component. These results, together with the sensitivity of
re-aggregated NQPF measures, suggest that composite capability indices are useful for
describing broad regional configurations but cannot by themselves identify causal bottle-
necks or specific mechanisms. The provincial typology illustrates how the same province
can occupy different alignment configurations across biomass resources, reinforcing the
value of resource-specific screening rather than uniform province-level prioritisation.

6.3. Regional Innovation and Differentiated Capability Building for Bioenergy Transitions

The results herein have implications for how regional innovation is interpreted in a
sustainable bioenergy transition, but not as a causal policy recipe. Innovation capacity
includes organisational, infrastructural, digital, technical, and coordination conditions
that may coexist differently with particular resource systems. A region may therefore be
high-capability in aggregate terms yet have limited local availability of a specific biomass
resource, while a resource-rich region may exhibit capability domains that warrant closer
project-level assessment. The policy question is thus not how to raise a single regional
capability score but which candidate capability domains should be evaluated for the
resource system actually present. This differentiated perspective is consistent with regional
innovation policy arguments against one-size-fits-all strategies [37].

The contrast between New Modes and New Industries illustrates this point. The New
Modes–agricultural residue Within estimate is positive, but the formal Within–Between
equality test does not reject equality (p = 0.191), the individual association does not survive
family-level multiplicity adjustment, and province–resource-specific trends substantially
attenuate it. It should therefore not be described as concentrated in within-province change.
By contrast, the persistent New Industries Between pattern is the clearest adjusted structural
evidence, with negative associations for several rural resources and a positive association
for municipal solid waste. These differences identify candidate domains and structural
constraints for further evaluation; they do not establish that changing a particular capability
would causally change biomass potential or mitigation outcomes.

A place-based transition strategy should therefore connect capability building with
governance. Regional innovation policies need to be coordinated with resource planning,
infrastructure provision, rural and urban service systems, and the institutions that organise
collection and treatment. The same logic is compatible with the implementation of SDGs 7,
12, and 13, but the contribution here is more specific: global sustainability objectives become
actionable only when they are translated into resource-specific capability requirements and
regional governance arrangements. In a broader sustainable bioeconomy, this is also the
point at which circularity becomes operational rather than rhetorical, because the value
of residual biomass depends on how effectively local systems can organise its recovery
without displacing higher-value or ecologically necessary uses.

6.4. Sustainability Conditions and the Limits of Capability–Resource Alignment

Capability–resource alignment is a necessary enabling condition for sustainable bioen-
ergy transitions, but it is not a sufficient condition for sustainability. BEP and CMP measure
theoretical resource and substitution potential; they do not incorporate ecological thresh-
olds, lifecycle emissions, competing uses, or realised project performance. A favourable
alignment result should therefore be interpreted as evidence that resource availability and
regional capabilities are mutually compatible at an ex-ante planning stage, not as evidence
that a region or project is intrinsically sustainable. Sustainable mobilisation also requires
that the resulting pathway preserve ecological functions, perform favourably over the
lifecycle, and fit within wider circular-resource and governance objectives [38–40].
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Agricultural residues illustrate this distinction clearly. Their use for energy can con-
tribute to fossil energy substitution, yet excessive removal may reduce soil organic matter
and nutrients and affect long-term productivity, with the magnitude depending on soil,
climate, and management conditions [41,42]. Forestry residues raise related questions
through nutrient export, carbon storage, and biodiversity [39]. In both cases, the technically
or organisationally feasible level of mobilisation may exceed the ecologically desirable
level. Capability building therefore needs to be paired with resource retention rules and
competing use assessments rather than treated as a mandate to maximise extraction.

Manure, wastewater, and urban organic waste introduce a different set of sustainability
conditions because energy recovery is intertwined with nutrient cycling, water governance,
sanitation, and waste management objectives [43,44]. Transport also matters: long haulage
distances for low-density feedstocks can erode part of the mitigation advantage expected
from substitution [36,45,46]. The subsequent practical steps are twofold. Capability–
resource alignment can identify promising regional starting points, after which ecological
retention thresholds, lifecycle performance, circularity, competing uses, and project-level
governance need to be assessed before a pathway is considered sustainable.

7. Policy and Planning Implications
For regional screening and project planning, theoretical resource volume should not be

treated as a sufficient basis for prioritisation. The four-quadrant typology can be used as an
initial screening device to identify where further assessment of collection systems, logistics,
infrastructure, technology, finance, realised utilisation, ecological constraints, and compet-
ing uses is warranted. Because the empirical design is associational, these configurations
should guide diagnostic prioritisation rather than be treated as direct investment rankings
or causal policy prescriptions. At the province scale, the results are best used for strategic
screening and regional prioritisation rather than direct project siting or local feedstock
allocation decisions, which require finer-scale information on resource density, transport
networks, existing facilities, competing uses, and environmental constraints [47–49].

Planning should also distinguish candidate capability domains from persistent ter-
ritorial structures without assuming that either category is a demonstrated policy lever.
Land use, agricultural and livestock geographies, historical industrial systems, and ur-
ban form provide part of the structural background captured by Between relationships.
Organisational, digital, technical service, equipment, and infrastructure conditions con-
stitute policy-relevant domains for further assessment rather than empirically identified
intervention levers. Regional innovation policy can therefore use the alignment diagnos-
tic to identify domains warranting further evaluation rather than to prescribe uniform
intervention packages [50].

Resource-specific planning follows from the same logic, but the supply chain mecha-
nisms remain theory-consistent interpretations rather than identified mediators. Agricul-
tural residue regions may require seasonal collection and storage, equipment scheduling,
and coordination services; manure-rich regions may require livestock organisation, con-
tinuous treatment, and links between treatment and subsequent utilisation; forestry and
orchard resources depend on viable harvesting, transport, and processing networks; and
wastewater and municipal waste rely on collection, pipe, treatment, and digital operation
systems. These requirements should be treated as candidate domains for project-level
diagnosis, not as mechanisms demonstrated by the regressions [51,52]. For agricultural
and forestry residues in particular, lifecycle-based assessment further underscores that
energetic valorisation should be evaluated alongside competing management options and
their soil and agro-ecosystem consequences [53,54].
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Governance remains essential because resource mobilisation crosses administrative
and sectoral boundaries. Recent Chinese evidence similarly suggests that renewable energy
deployment depends on the coordination and combination of policy instruments across
jurisdictions, while biomass-specific subsidy design affects incentives along the supply
chain [21–23]. Resource-rich but capability-constrained regions may therefore warrant
assessment of shared services, equipment, technical platforms, or interregional value chain
linkages, subject to transport cost and lifecycle emission constraints. The present data do not
observe interprovincial logistics, project networks, or actual environmental performance,
so these implications are region-level guidance requiring project-scale validation rather
than identified causal prescriptions.

8. Conclusions and Limitations
This study develops a capability–resource alignment perspective on sustainable bioen-

ergy transitions using a balanced panel of 30 Chinese provinces from 2012–2022. Under
the baseline entropy-weighted specification, aggregate NQPF is positively associated with
theoretical CMP, but equal-weight and PCA re-aggregations do not reproduce the same
statistical significance and province-specific trends substantially attenuate the association.
At the resource level, New Modes–agricultural residues and New Industries–livestock
manure retain nominal support under wild-cluster inference but not family-level multiplic-
ity adjustment, while New Drivers retains statistically supported overall cross-resource
differentiation (wild p = 0.0096; family-adjusted p = 0.0288) without a separately confirmed
agricultural residue slope. The strongest adjusted evidence is the persistent New Industries
Between structure: long-term capability means are negatively associated with agricultural
residues, forestry and orchard residues, livestock manure, and wastewater biomass and
positively associated with municipal solid waste. Component-level results are exploratory
and do not identify unique mechanisms. The 2022 diagnostic typology further shows that
alignment configurations vary sharply by resource, with livestock manure exhibiting the
most gap-type configurations and municipal solid waste showing the strongest tendency
toward same-direction capability–resource configurations. These findings are interpreted
as conditional capability–resource associations and structural patterns rather than causal
effects of NQPF on biomass potential.

Taken together, the results suggest that regional bioenergy pathways should be organ-
ised around the fit between heterogeneous resources and territorial capabilities rather than
around resource abundance or aggregate capability alone. The revised typology makes this
idea operational as a descriptive screening tool, but it does not rank project readiness or
policy effectiveness. Alignment also does not establish sustainability by itself. Ecological
retention, nutrient and water management, circular resource use, transport emissions,
competing uses, financing, governance, and lifecycle performance remain necessary filters
before theoretical potential is translated into investment or deployment. This framing
supports differentiated regional pathways while keeping the evidence boundary explicit:
province-level screening can identify configurations and candidate domains for further
assessment, not causal intervention effects or local project feasibility.

Several limitations define the boundary of these conclusions. First, BEP and CMP mea-
sure theoretical potential rather than realised utilisation; installed capacity, biogas output,
project operation, and actual lifecycle mitigation occur further downstream and are jointly
shaped by siting, finance, infrastructure, policy incentives, logistics, and plant performance.
Second, the province-level unit of analysis necessarily aggregates substantial within-province
heterogeneity. Local feedstock density, transport accessibility, infrastructure, project loca-
tion, ecological constraints, and competing resource uses may differ markedly within the
same province, so province-level associations should not be interpreted as evidence of local
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spatial coincidence or project-level feasibility. Third, the analysis does not explicitly model
interprovincial spatial dependence. Knowledge diffusion, production linkages, and biomass
movements may connect provinces through different geographical or economic networks;
future research could combine spatial-panel or network approaches with observed relational
data on trade, transport, innovation linkages, or biomass flows. Fourth, the observational
design leaves open potential endogeneity from time-varying omitted factors, joint regional
development processes, and feedback between capability formation and resource-producing
systems. Fixed effects, observed controls, lags, and trend checks reduce some alternative expla-
nations but do not establish causal identification. Fifth, the aggregate NQPF–CMP association
is sensitive to the internal weighting scheme and is not reproduced under equal-weight or
PCA re-aggregation; independently constructed capability measures and raw indicator-based
alternatives are therefore needed. Finally, the Between estimates rely on only 30 independent
province clusters and relatively collinear long-term means, so they are interpreted as structural
descriptive evidence rather than precise causal effects. Future work should link finer-scale
resources and capabilities to realised utilisation, environmental performance, and credible
sources of exogenous capability variation.
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Appendix A. Biomass Energy Conversion Parameters
Appendix A reports the parameter values used to harmonise the five biomass resource

series into theoretical bioenergy potential (BEP) and to derive aggregate carbon-mitigation
potential (CMP), corresponding to the resource-accounting sequence described in Section 3.2.1.
The parameters define theoretical resource quantities and a common substitution boundary;
they are not estimates of realised collection, installed capacity, project operation, or actual
lifecycle mitigation. Collection/utilisation and conversion coefficients are applied uni-
formly across provinces and years. Standard-coal conversion follows the Chinese national
standard GB/T 2589-2020 [55], while the collection/utilisation and biogas parameters draw
on the cited national statistical and administrative sources.
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Table A1. Biomass conversion parameters for agricultural residues.

Crop Type Straw-to-Grain Ratio Collection Coefficient Standard Coal Coefficient Lower Heating Value (MJ/kg)

Rice 1.10 0.74 0.423 —
Wheat 1.23 0.73 0.570 —
Maize 1.52 0.90 0.495 —

Sorghum 1.10 0.74 0.423 —
Other
Grains 1.10 0.74 0.423 —

Tubers 1.12 0.73 0.482 —
Soybean 2.21 0.56 0.585 —
Peanut 1.50 0.83 0.523 —

Sunflower 2.05 0.64 0.583 —
Tobacco 1.60 0.95 — 16.1

Sources: Ministry of Agriculture and Rural Affairs, Notice on Establishing Crop Straw Resource
Inventory (2021); GB/T 2589-2020 [55].

Table A2. Biomass conversion parameters for forestry and orchard residues.

Type Calculation Parameter Collection Coefficient Standard
Coal Coefficient Biomass Conversion

Apple 5.51 (t/hm2) 0.70 0.607 —
Citrus 4.38 (t/hm2) 0.70 0.616 —
Pear 3.78 (t/hm2) 0.70 0.621 —

Grape 5.25 (t/hm2) 0.70 0.614 —
Urban Park Green Land 9.75 (t/hm2) 0.50 0.570 —

Timber and Wood
Chips 0.70 (t/hm3) 0.26 0.570 3.91 (t/hm3)

Sources: China Statistical Yearbook; national agricultural statistical yearbooks.

Table A3. Biomass conversion parameters for livestock manure.

Livestock Type Manure Production
Rate (kg/d) Breeding Days (d) Dry Matter Ratio Collection

Coefficient
Biogas Yield per Unit

Dry Mass (m3/kg)

Large livestock
(cattle) 27.67 365 0.18 0.60 0.20

Swine 5.30 200 0.20 1.00 0.30
Sheep/Goat 2.38 365 0.40 0.60 0.24

Note: Biogas-to-standard coal conversion coefficient = 0.714, sourced from China Energy Statistical
Yearbook (2020). Biogas yield parameters are sourced from the Handbook of Accounting Methods
and Coefficients for Pollution Generation and Discharge from Emission Sources Statistical Survey
(Ministry of Ecology and Environment, 2021).

Table A4. Biomass conversion parameters for wastewater biomass and municipal solid waste.

Type Calculation Parameter Collection Coefficient Standard Coal Coefficient

Urban COD (wastewater) 0.008 t per capita per year 0.665 0.734
Rural COD (wastewater) 0.004 t per capita per year 0.665 0.734

Urban municipal solid waste 0.42 t per capita per year 0.619 0.570
Rural municipal solid waste 0.20 t per capita per year 0.551 0.570

Note: Wastewater utilization rate of 0.665 is sourced from the 14th Five-Year Plan for Urban Sewage
Treatment and Resource Utilization. Collection coefficients are sourced from the Handbook of
Accounting Methods and Coefficients for Pollution Generation and Discharge from Emission Sources
Statistical Survey (Ministry of Ecology and Environment, 2021).
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Table A5. CO2 emission and power generation parameters used in CMP construction.

Pollutant Agricultural Waste (kg/t) Orchard Waste (kg/t) Coal-fired Power Generation (kg/kWh)

CO2 2634.00 2539.40 0.791

Note: Per IPCC Guidelines for National Greenhouse Gas Inventories, CO2 emissions from biomass
combustion are not counted in greenhouse gas accounting, as the CO2 released during utilization is
considered offset by the CO2 absorbed during crop growth. Biogas CO2 emission factor: 748.00 kg/t.
Power generation efficiency: agricultural and forestry waste 21%, biogas 19%, municipal solid waste
26%. Unit heat-to-power conversion: 1 MJ = 0.278 kWh. Fossil fuel emission factors are sourced from
Life Cycle Inventory Analysis of China’s Provincial Coal-fired Power Supply.

Appendix B. Complete NQPF Indicator System, Sources, Direction,
and Entropy Weights

Appendix B reports all 34 underlying indicators used to construct the NQPF-based
regional capability measures, together with indicator definitions and data sources, direction,
and the entropy weights applied to the eight second-level component scores. The tables are
part of the manuscript’s reproducibility documentation and should be read together with
the construction algorithm in Section 3.2.2.

Table A6. Complete indicator system for NQPF: New Industries.

Capability
Dimension

Second-Level
Component Subcomponent Underlying

Indicator
Definition and Data

Source Direction
Component

Entropy
Weight

New Industries
Digital

economy

Digital services

Employment in
information

services

Number of employees in
the information service
industry. Source: China

Industry Statistical
Yearbook (annual

editions).

+

0.07169
(7.169%)

Information
technology

service
revenue/GDP

Information technology
service revenue as a

share of provincial GDP.
Source: China Industry

Statistical Yearbook
(annual editions).

+

Software
business

revenue/GDP

Software business
revenue as a share of

provincial GDP. Source:
China Industry Statistical

Yearbook (annual
editions).

+

Digital industri-
alisation

Websites per
100 enterprises

Number of websites
owned per 100

enterprises. Source:
China Industry Statistical

Yearbook (annual
editions).

+

Digital
Financial

Inclusion Index

Provincial Digital
Financial Inclusion Index.

Source: Institute of
Digital Finance, Peking

University.

+
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Table A6. Cont.

Capability
Dimension

Second-Level
Component Subcomponent Underlying

Indicator
Definition and Data

Source Direction
Component

Entropy
Weight

New Industries
Rural industrial

integration

Agricultural
value chain
extension

Share of agro-
processing
industry

Main business revenue
of agricultural product

processing/gross
agricultural output value.

Source: China
Agricultural Statistical

Yearbook (annual
editions).

+

0.04920
(4.920%)

Scale of farmers’
professional
cooperatives

Number of farmers’
professional cooperatives
per 10,000 rural residents.

Source: China
Agricultural Statistical

Yearbook (annual
editions).

+

Agricultural
multifunction-

ality

Share of leisure
agriculture

Annual operating
revenue of leisure

agriculture/gross output
value of the primary

industry. Source: China
Agricultural Statistical

Yearbook (annual
editions).

+

Facility-
agriculture

level

Total area of facility
agriculture/cultivated

land area. Source: China
Agricultural Statistical

Yearbook (annual
editions).

+

Rural
service-sector

integration

Share of
agriculture,

forestry, animal
husbandry and
fishery services

Output value of
agriculture, forestry,

animal husbandry and
fishery services/gross

output value of the
primary industry. Source:

China Agricultural
Statistical Yearbook
(annual editions).

+

Complete indicator system for NQPF: New Modes

New Modes
Production

organisation

Intelligentisation

Number of
e-commerce
enterprises

Number of enterprises
conducting e-commerce

transactions. Source:
provincial statistical

yearbooks.

+

0.07292
(7.292%)

Number of
artificial-

intelligence
enterprises

Number of AI
enterprises. Source:

Tianyancha enterprise
database.

+

Greening

Completed
investment in

industrial-
pollution
control

Completed investment in
industrial-pollution

control. Source:
provincial statistical

yearbooks.

+
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Table A6. Cont.

Capability
Dimension

Second-Level
Component Subcomponent Underlying

Indicator
Definition and Data

Source Direction
Component

Entropy
Weight

New Modes

Production
organisation Integration

Integration of
informatization
and industrial-

ization

Indicator of the
integration of

informatization and
industrialization.

Compiled from official
documents of the

Ministry of Industry and
Information Technology

(MIIT).

+ 0.07292
(7.292%)

Energy and
materials

New energy

Share of new
energy power

generation

New energy power
generation/total power
generation; new energy
includes hydropower,

nuclear, wind and solar
power. Source: National

Bureau of Statistics of
China (NBS).

+

0.08242
(8.242%)

Number of
UHV

transmission
lines

Proxy for new energy
transmission and

absorption capacity.
Compiled from official

documents.

+

New energy
utilisation
efficiency

GDP/new energy power
generation. Source:
National Bureau of

Statistics of China (NBS).

+

New materials

Output value of
the new

materials
industry

Operating revenue of
listed companies related
to new materials. Source:
company annual reports.

+

Number of
listed new
materials

enterprises

Number of listed
companies related to

new materials. Source:
company annual reports.

+

Data factors

Big data
generation

Mobile Internet
access data

traffic

Proxy for the scale of big
data generation. Source:
Ministry of Industry and
Information Technology

(MIIT).

+

0.18420
(18.420%)Big data

processing

Revenue from
data-processing
and operation

services

Proxy for the scale of big
data processing. Source:
Ministry of Industry and
Information Technology

(MIIT).

+

Big data trading Number of data
exchanges

Proxy for the scale of big
data trading. Compiled
from official documents.

+
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Table A6. Cont.

Capability
Dimension

Second-Level
Component Subcomponent Underlying

Indicator
Definition and Data

Source Direction
Component

Entropy
Weight

Complete indicator system for NQPF: New Drivers

New Drivers

R&D and
innovation

R&D

High-tech R&D
personnel

Number of R&D
personnel in high-tech

enterprises. Source:
China Statistical

Yearbook on Science and
Technology.

+

0.25005
(25.005%)

High-tech R&D
expenditure

R&D expenditure of
high-tech enterprises.

Source: China Statistical
Yearbook on Science and

Technology.

+

Number of
high-tech R&D

institutions

Number of R&D
institutions in high-tech

enterprises. Source:
China Statistical

Yearbook on Science and
Technology.

+

Innovation
output

High-tech
invention-

patent
applications

Number of
invention-patent

applications by high-tech
enterprises. Source:

China Statistical
Yearbook on Science and

Technology.

+

Sales revenue
from high-tech
new products

Sales revenue from new
products of high-tech
enterprises. Source:

China Statistical
Yearbook on Science and

Technology.

+

New types of
workers

Number of
new-type
workers

Employees in
New Industries

Employees of listed
companies in strategic
emerging and future

industries, aggregated to
the province of

registration. Source:
company annual reports.

+

0.07735
(7.735%)

Structure of
new-type
workers

Education
structure of

employees in
New Industries

Share of employees with
a bachelor’s degree or

above in listed
companies in strategic
emerging and future

industries. Source:
company annual reports.

+

Skill structure
of employees in
New Industries

Share of employees
working in technical
departments of listed
companies in strategic
emerging and future

industries. Source:
company annual reports.

+
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Table A6. Cont.

Capability
Dimension

Second-Level
Component Subcomponent Underlying

Indicator
Definition and Data

Source Direction
Component

Entropy
Weight

New Drivers
Infrastructure

and production
tools

New
production

tools

Industrial-
robot

penetration

Provincial penetration of
industrial robots,

following the industrial
robot measurement

approach used in the
literature. Source:

International Federation
of Robotics (IFR).

+

0.21217
(21.217%)

Integrated-
circuit output

Output of integrated
circuits. Source: Ministry

of Industry and
Information Technology

(MIIT).

+

New
infrastructure

5G mobile
subscribers

Number of 5G mobile
subscribers. Source:

Ministry of Industry and
Information Technology

(MIIT).

+

Number of
national major

science and
technology

infrastructures

Number of national
major science and

technology
infrastructures; compiled
from official documents,
following Han et al. [56].

+

Notes: (1) ‘+’ denotes a benefit-type indicator: a larger value represents a higher level of the cor-
responding NQPF capability. All 34 underlying indicators are treated as positive-direction indi-
cators. (2) The reported entropy weights are the weights of the eight second-level component
scores used in the final aggregate NQPF index; they sum to 1.000 and should not be interpreted
as raw indicator-level final weights. A common full-sample weighting scheme is used to preserve
intertemporal comparability over 2012–2022. (3) The indicator framework is informed primar-
ily by Han et al. [56] for NQPF measurement and by Zou and He [57] for the digital economy/
rural-industrial-integration context.

Appendix C. Supplementary Results and Inference Diagnostics
Table A7 reports the complete resource-specific slopes and standard errors for the eight

second-level capability components across five resource types. These estimates are retained
for transparency, but the component-level analysis is exploratory because none of the 40
individual component–resource slopes survives family-level Holm or BH-FDR adjustment.
Table A8 summarizes family-level multiplicity-adjusted inference, and Table A9 reports
the parsimonious sensitivity analysis for the New Industries Between pattern. Small-
cluster wild-bootstrap results for focal first-level estimates and cross-resource joint tests are
reported in Table 8, Panel D.

Table A7. Resource-specific slopes between eight second-level capability components and five
biomass resource potentials.

Second-Level
Capability Component

Agricultural
Residues

Forestry and
Orchard Residues

Livestock
Manure

Wastewater
Biomass

Municipal
Solid Waste

Cross-Resource
Joint-Test p

Digital economy −0.017
(0.028)

0.104 *
(0.057)

0.016
(0.030)

0.187 **
(0.069)

0.052
(0.036) 0.147

Rural industrial
integration

0.002
(0.028)

0.033
(0.032)

0.076 **
(0.029)

0.036
(0.060)

0.012
(0.025) 0.005
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Table A7. Cont.

Second-Level
Capability Component

Agricultural
Residues

Forestry and
Orchard Residues

Livestock
Manure

Wastewater
Biomass

Municipal
Solid Waste

Cross-Resource
Joint-Test p

Production organisation −0.010
(0.028)

0.053 *
(0.030)

−0.073
(0.051)

−0.029
(0.076)

0.074 **
(0.029) 0.311

Energy and materials 0.024
(0.030)

−0.036
(0.037)

−0.030
(0.043)

0.045
(0.070)

0.010
(0.022) 0.059

Data factors −0.039
(0.039)

−0.027
(0.029)

−0.073
(0.056)

−0.084
(0.088)

−0.018
(0.022) 0.876

R&D and innovation 0.033
(0.051)

−0.054
(0.066)

0.056
(0.087)

0.031
(0.180)

0.068
(0.047) 0.019

New types of workers −0.030
(0.035)

0.113 *
(0.065)

−0.017
(0.046)

0.075
(0.116)

0.030
(0.052) 0.330

Infrastructure and
production tools

0.004
(0.048)

−0.019
(0.065)

−0.147 **
(0.070)

−0.173
(0.173)

−0.039
(0.041) 0.019

Note: Each cell reports a resource-specific marginal slope, with province-clustered robust standard
errors in parentheses. ** p < 0.05, * p < 0.10 denote conventional unadjusted significance only.
The joint test assesses whether the slope of a given second-level component is equal across the
five resource types. None of the 40 individual component–resource slopes remains significant
after family-level Holm or BH-FDR adjustment; component coefficients are therefore interpreted as
exploratory diagnostics.

Table A8. Summary of family-level multiplicity adjustment.

Hypothesis Family N Tests Raw p < 0.05 Holm < 0.05 BH-FDR < 0.05

First-level resource slopes 15 2 0 0
Component resource slopes 40 4 0 0

CRE Within slopes 15 1 0 0
CRE Between slopes 15 8 4 6

Within = Between tests 15 8 3 5
First-level joint tests 3 1 1 1

Component-level joint tests 8 3 1 1

Note: Adjustments are applied within pre-specified conceptually coherent hypothesis families. Holm
controls the family-wise error rate; BH-FDR controls the false discovery rate.

Table A9. Sensitivity of New Industries Between slopes to parsimonious parameterisation.

Resource Reference Three-Dimension
Compact Model β (p)

New Industries Only +
Between Controls β (p)

New Industries Only, No
Between Controls β (p)

Agricultural residues −0.368 (0.011) −0.544 (0.0009) −0.641 (0.010)
Forestry and orchard residues −0.338 (0.006) −0.213 (0.052) −0.311 (0.054)

Livestock manure −0.398 (0.002) −0.669 (<0.001) −0.767 (<0.001)
Wastewater biomass −0.194 (0.023) −0.175 (0.024) −0.273 (0.076)

Municipal solid waste 0.293 (0.003) 0.376 (<0.001) 0.278 (0.030)

Note: Coefficients are Between associations based on province-level long-term means and are reported
as descriptive structural evidence. The New Industries-only model with Between controls yields a
joint cross-resource test of F(4,29) = 30.09, p < 0.001. The highest VIFs in that parsimonious model are
8.95 for New Industries and 8.85 for openness (mean VIF = 3.54).

https://doi.org/10.3390/su182110975

https://doi.org/10.3390/su182110975


Sustainability 2026, 18, 10975 34 of 37

Figure A1. Provincial capability–resource alignment by biomass resource, 2022.
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