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Abstract

The logistics industry remains a critical bottleneck for decarbonization due to its extensive
physical networks and high-carbon path dependencies. To address the spatial hetero-
geneity and transition constraints in the logistics industry of China, this study proposes a
Performance-Topology—Mechanism (PTM) framework. Analyzing panel data from 30 Chi-
nese provinces, we integrate a Super-SBM model with the Global Malmquist-Luenberger
(GML) index, Dagum Gini decomposition, and a panel Tobit model to decode the spatiotem-
poral dynamics of green innovation performance (GIP) and its underlying spatial lock-in
mechanisms. The results reveal a steady but spatially uneven increase in the national GIP
(from 0.4526 to 0.5724), characterized by a leading East and a lagging West/Northeast.
GML decomposition indicates this growth is predominantly driven by outward shifts in the
technological frontier rather than efficiency improvements, highlighting the weak spatial
conversion of green technologies into transport optimization. Topological tracing demon-
strates that inter-regional disparities have become the dominant source of spatial inequality,
with their contribution rising from 60% to 75%. Spatial autocorrelation further exposes
a deepening core—periphery polarization and persistent low-performance spatial lock-in.
Crucially, the mechanism analysis identifies a pronounced infrastructure-based carbon
lock-in. While economic capacity and green patents stimulate GIP, road network density
exerts a significant negative effect, reflecting a systemic path dependence on high-carbon
road freight. The findings suggest that decarbonizing transport logistics requires shifting
from singular technological investments toward multimodal transport restructuring, over-
coming physical network dependencies, and promoting the regional diffusion of green
innovations. These findings provide an empirical basis for differentiated green-logistics
policies, coordinated low-carbon transport infrastructure planning, and cross-regional
diffusion of green technologies.

Keywords: green logistics; spatial inequality; infrastructure-based carbon lock-in; Dagum
Gini decomposition; spatiotemporal dynamics

1. Introduction

Driven by the global energy transition and carbon neutrality goals, breaking carbon
lock-in in energy-intensive industries has become a key issue in energy economics. The
IEA [1] reports that global energy-related carbon emissions reached 37.8 billion tons in 2024.
Large-scale clean technology deployment now avoids about 2.6 billion tons of emissions
each year. The share of oil in global energy demand has also fallen below 30% for the
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first time. However, transport and logistics remain a major barrier to emission reduction.
Road transport accounts for more than 70% of transport-sector carbon emissions. As the
backbone of logistics, road freight is therefore central to decarbonization [2]. E-commerce
logistics may also reduce pollution by replacing some individual shopping trips with
consolidated deliveries, although its net environmental benefit depends on the efficiency of
last-mile operations [3].

Beyond aggregate emission reduction, the green transition also raises an issue of
spatial and infrastructural equity. At the international policy level, the European Green
Deal calls for a just and inclusive transition, while the UN 2030 Agenda links sustainable
and resilient infrastructure with inclusive economic development, reduced inequality,
accessible transport, and climate action through SDGs 9, 10, 11, and 13 [4,5]. Unequal
access to transport networks, logistics hubs, and low-carbon technologies can concentrate
economic opportunities in well-connected regions while increasing transport disadvantage
and social exclusion in peripheral areas [6,7]. Against this background, China faces a
particularly pressing logistics decarbonization challenge. As the world’s largest logistics
market, transport and logistics generate nearly 15% of China’s carbon emissions, nearly
80% of which come from road freight [8]. China also accounts for two-thirds of global
electric vehicle sales. It has achieved its 2030 wind and solar capacity targets six years ahead
of schedule [9,10]. Even so, the extensive growth model of road freight has not changed
fundamentally. Transport infrastructure creates strong path dependence, and unequal
network connectivity and spatial accessibility may reinforce regional differences in low-
carbon mobility and logistics transition capacity [11,12]. Therefore, traditional extensive
management is no longer sufficient. A key breakthrough is to measure logistics green
innovation performance (GIP) accurately. It is also necessary to examine its spatiotemporal
evolution and driving mechanisms. This can support more precise regional energy policies
and low-carbon transport planning.

Although energy efficiency and green innovation have been widely discussed, logistics
remains underexplored. It is a highly energy-intensive network system. Existing studies
still show three main gaps.

First, efficiency measurement and dynamic tracking remain insufficient. Logistics GIP
evaluation should consider both resource allocation and undesirable outputs. Traditional
radial DEA models ignore slack variables. This may lead to biased efficiency results [13].
Tone’s Super-SBM model solves this problem. It can handle slack variables and undesirable
outputs [14]. However, many studies still use it only for static evaluation. Wu et al. [15] and
Zhao et al. [16] measured green logistics efficiency and transport carbon efficiency. Yet they
did not capture intertemporal change. The global Malmquist-Luenberger (GML) index
proposed by Oh [17] is useful for dynamic productivity analysis. Hamid et al. [18] and
Ge et al. [19] used it to study industrial green productivity. Yi et al. [20] further combined
GML with Super-SBM. Their study showed that this combination can separate technical
efficiency from technological progress. However, this integrated approach is still rare in
logistics GIP research. Some related studies focus on transport carbon emissions rather than
green logistics innovation [21]. Others still separate static and dynamic logistics-efficiency
analysis [22]. Addis et al. [23] also noted that evaluation frameworks are limited if they
lack slack adjustment and a global production possibility set. Thus, integrating Super-SBM
and GML is important for capturing logistics GIP more completely.

Second, the spatial sources of inequality have not been clearly identified. Logistics is a
physical network across geographic space. Its GIP depends not only on technology. It is
also shaped by economic agglomeration, infrastructure dependence, spatial heterogeneity,
and spillover effects [24]. Common measures include the Theil index and the coefficient
of variation. However, these methods cannot handle overlapping sample distributions
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well. This may cause measurement bias [25]. The Dagum Gini decomposition method
offers a better solution. Wang et al. [26] and Gao et al. [27] show that it can identify
the spatial structure of carbon-emission disparities more precisely. It separates intra-
regional disparities, inter-regional net disparities, and transvariation density. Jiao et al. [28]
applied this method to logistics carbon emissions. This confirms its potential in logistics
research. However, studies on logistics GIP still often use the coefficient of variation or
Theil index [29]. They also tend to ignore overlapping regional distributions [30]. Some
studies have examined green innovation performance, carbon emission efficiency, and
carbon networks with spatial methods [31-33]. Yet few extend Dagum decomposition
to logistics GIP. Li et al. [34] therefore argue that regional inequality in green logistics
innovation should be traced through Dagum Gini decomposition.

Third, the driving mechanisms of logistics GIP remain unclear. There are also econo-
metric problems. Super-SBM efficiency values are bounded dependent variables. If Or-
dinary Least Squares is used directly, the estimated parameters may be biased [35]. Tobit
or truncated regression is more suitable for two-stage DEA efficiency analysis [36]. Many
studies have followed this approach. Deng et al. [37] and Liu et al. [38] used Tobit models
to examine green transport and logistics efficiency. However, scholars still disagree on
the effects of key factors. For road-network density, Driscoll et al. [39] found a carbon
lock-in effect. They argued that road expansion may lock logistics into a high-carbon
path. It may also reduce green efficiency. Dong et al. [40] and Zhang et al. [41] reached
similar conclusions. For R&D investment, Hao et al. [42] proposed a “green paradox.”
Under resource misallocation, higher R&D expenditure may not promote green innova-
tion. It may even create structural inhibition. Wang et al. [43], Zhou et al. [44], and Qiu
et al. [33] also found complex spatial and paradoxical effects of technological innovation.
The effects of environmental regulation and economic development are also debated. Yao
et al. [45,46] found threshold effects of regulation. They also found nonlinear links between
economic development and green logistics efficiency. Moktadir et al. [47] stressed the need
for empirical clarification within a unified framework.

To address these gaps, this study builds a Performance-Topology-Mechanism (PTM)
framework. It examines logistics GIP in 30 Chinese provinces from 2013 to 2022. Hong
Kong, Macao, Taiwan, and Tibet are excluded. The study makes three contributions. First,
it combines the undesirable-output Super-SBM model with the GML index. This creates
an integrated static-dynamic evaluation system. It reduces slack-variable bias and avoids
spurious technological regression. It also supports static ranking and dynamic decompo-
sition of total factor productivity. Second, it introduces Dagum Gini decomposition and
Moran’s I. This helps trace spatial imbalance and identify the main sources of regional
inequality in logistics GIP. Third, it uses a random-effects panel Tobit model. This model
is suitable for bounded dependent variables. It improves the robustness of mechanism
identification. It also provides evidence for optimizing energy infrastructure and correcting
technological-factor misallocation.

The remainder of this paper is organized as follows. Section 2 introduces the PTM
framework, study sample, data, indicator system, and empirical methods. Section 3
presents the GIP measurement, dynamic decomposition, spatial analysis, mechanism
analysis, robustness tests, and endogeneity test. Section 4 summarizes the conclusions,
policy implications, research limitations, and future research directions.

2. Materials and Methods
2.1. Performance—Topology—Mechanism Analytical Framework

To systematically examine the green innovation performance (GIP) of China’s lo-
gistics industry, this study develops an integrated Performance-Topology—Mechanism
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(PTM) framework that connects efficiency dynamics, spatial differentiation, and structural

constraints through a common province-level GIP measure. The Performance dimension

measures static efficiency and decomposes intertemporal productivity change into technical

efficiency change and technological progress. Based on these results, the Topology dimen-

sion identifies whether performance improvements are spatially shared or concentrated

by decomposing regional inequality and detecting spatial agglomeration and lock-in. The

Mechanism dimension subsequently examines how infrastructure dependence, resource

allocation, and green technology conversion are associated with the identified performance

and spatial patterns, as shown in Figure 1.

Performance—Topology—Mechanism (PTM) analytical framework
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Figure 1. Performance-Topology—-Mechanism (PTM) Integrated Analysis Framework.
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Performance. This dimension aims to measure the static efficiency level of logistics
GIP and its dynamic changes in energy efficiency. First, the Super-SBM model incorpo-
rating undesirable outputs is used to measure logistics GIP in each province, thereby
identifying the relative efficiency of different regions in input utilization, desirable
output expansion, and carbon pollution reduction. Second, the global Malmquist—
Luenberger (GML) index based on the global production possibility set is introduced
to decompose changes in GIP into green technical efficiency change, green technologi-
cal progress change, pure technical efficiency change, and scale efficiency change, so
as to determine the sources of GIP improvement.

Topology. This dimension aims to reveal the sources of spatial inequality in logistics
GIP and its agglomeration patterns. Given the strong geographical proximity, in-
frastructure dependence, and regional interconnectivity of the logistics industry, this
study employs the Dagum Gini coefficient and its decomposition method to divide
overall spatial inequality into intraregional disparities, interregional disparities, and
transvariation density, thereby identifying the main sources of inequality. Further-
more, global and local Moran'’s I indices are used to analyze the spatial correlation,
agglomeration types, and low-performance lock-in areas of logistics GIP.
Mechanism. This dimension aims to explain the formation mechanisms of logistics
GIP disparities and carbon lock-in. Based on the Tobit model, this study identifies the
key factors affecting logistics GIP from six aspects, as follows: agglomeration pressure,
development capacity, path lock-in, technological human capital, resource allocation,
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and green technology conversion. Particular attention is paid to whether road network
density reinforces dependence on road freight and thereby creates infrastructure-based
carbon lock-in, and whether R&D investment suffers from resource misallocation that
is inconsistent with green transition objectives.

The PTM framework links the sources, spatial distribution, and structural constraints
of changes in GIP. This integration distinguishes a broadly shared regional green transi-
tion from a development pattern characterized by technological-frontier expansion, weak
efficiency conversion, and spatially concentrated gains, thereby providing a unified an-
alytical basis for explaining why productivity improvement may coexist with regional
inequality and infrastructure-based carbon lock-in. The framework is also modular and
methodologically replicable. Comparable decision-making units and locally available
indicators can be used in other countries or transport sectors while retaining the same
sequence of performance measurement, dynamic decomposition, spatial analysis, and
mechanism testing.

2.2. Study Area and Data Sources
2.2.1. Definition of the Study Area and Spatial Division

Considering administrative continuity, provincial-level statistical comparability, and
data availability, this study selects 30 provincial-level regions in mainland China, excluding
Hong Kong, Macao, Taiwan, and Tibet, as the spatial sample for the empirical analysis. The
study period covers 2013-2022. To capture the spatial heterogeneity and regional coordina-
tion characteristics of logistics GIP, this study develops an analytical functional classification
based on national regional development strategies and the pole—cluster—-group hierarchy of
China’s national comprehensive transport network. The classification further considers
spatial contiguity, logistics-hub functions, transport infrastructure endowments, and re-
gional low-carbon transition conditions [48-54]. It is a study-specific analytical grouping
rather than an official administrative division. Accordingly, the 30 provincial-level regions
are divided into seven functional regions, as follows: the Eastern Leading-Type Region
(EL-TR), Central Emerging Region (CER), Western Core Growth Pole Region (WCGPR),
Western Accelerated Development Region (WADR), Northern Optimized Development
Region (NODR), Northeastern Revitalization Region (NRR), and Featured Development
Region (FDR). The provincial composition and classification rationale of each region are
reported in Table Al.

2.2.2. Data Sources and Core Variable Processing

The data were mainly obtained from the China Statistical Yearbook, China Energy Statis-
tical Yearbook, China Environmental Statistical Yearbook, China Statistical Yearbook on Science
and Technology, China Transportation Statistical Yearbook, and provincial statistical yearbooks
and statistical communiqués. Table 1 reports the definitions, units, calculation methods, data
transformations, and sources of all GIP indicators.

Missing values were confined to the value added of the transport, storage, and postal
sector for all provinces in 2018. This missingness was mainly associated with adjustments
in statistical definitions during China’s Fourth National Economic Census. The missing
observations were imputed using multiple imputation by chained equations (MICE). All
monetary variables were converted to 2013 constant prices. Fixed-asset investment was
deflated using the fixed-asset investment price index, while sectoral value added and
technology-market transaction values were deflated using the corresponding provincial
price indices.
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Table 1. Evaluation Index System of Green Innovation Performance in Logistics Industry.
Type Prlfnary Seco.ndary Variable Definition or Calculation Formula Unit Attr.
Indicator Indicator
Industry L;; = number of persons employed in urban units 4
Employment . h d 1 10* persons +
Scale in the transport, storage, and postal sector
Human .
Resources Hj = Z’f ’/ Lﬁft”’ x 100, where L/ is
Investment High-quality =~ employment in information transmission, % +
Talent Reserve  software, and information technology services and
L't s total provincial employment
— FAI : : s
Fixed Asset I{I’t —d i/ (P{t /100), wheCrlePI:Alls.nolrlm?al . Clz\g?)lOO rr1n;111r112n, .
Investment .1xe -asset mvlest?nent an 1s the tixed-asset CQ S
investment price index prices
, Fixed Asset  Kj = (1—0)K;;_1 + I, where & = 10.96%; CNY 100 million,
Capital and _ ’ ! 2013 constant +
. Stock Kig = Iy /(i +9) .
Facility ! prices
Investment Green Facility ~ Ry = R} x 10,000, where R™ is railway km .
Input Foundation mileage reported in 10* km
indicators .. F;y = FI™ % 10,000, where F"*" is the length of
Digital it .
long-distance fiber-optic cable lines reported in km +
Infrastructure 4
10* km
ECj; = }_E;;1t;, where E;j; is consumption of
Total Energy i o 10* tonnes of +
Consumption  energy type jand 0; is its standard-coal standard coal
conversion coefficient
Optimization
of Energy EL;; = electricity consumption 108 kWh +
Structure
Energy and website enterprise
Innovation Enterprise WEB;; = Ny /Ny x 100, WEB;; where
Environment Website is the enterprise website penetration rate, Nl?fdjs”“ % +
Penetration is the number of websites owned by enterprises,
Rate and N]interp " is the total number of enterprises.
INF; = Nobile /pOP;; x 100, where INF;; is the
Informatization  jnformatization level, N{;"’b ile is the number of subscriptions .
Level mobile phone subscriptions, and POP;; is the per 100 persons
permanent resident population.
Y =Y /(PY /100), where Y" is nominal value CNY 100 million,
Industry it oo i ot
. added in the transport, storage, and postal sector 2013 constant +
Economic Scale Y. : L .
and P" is the corresponding price index prices
Economic LP; = Y},/Lj;, where LP;; is economic output
Benefits Economic efficiency, Y7, is the real value added of the
it CNY 10,000
Output transport, storage, and postal sector at er person +
Efficiency 2013 constant prices, and L;; is employment in perp
this sector.
Expected . .
Output Freight Service FS;y = FT;;/ POP;, where FT is total freight 10* tonne-km
Indicators .. turnover and POP is permanent +
Efficiency . . per person
resident population
Service and F.a.c111t.y FUj; = RFT;;/RM;j;, where RFT is road freight 10* tonne-km
. Utilization . . +
Operational . turnover and RM is road mileage per km
L Efficiency
Efficiency '
, GS; = RFT!™! /FT; x 100, where GS;; is the
Greening of . fl . RET?!
Transportation greening of transportation structulje, i 1s % +
Structure railway freight turnover, and FTj; is total

freight turnover.
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Table 1. Cont.
Type Prlfnary Seco.ndary Variable Definition or Calculation Formula Unit Attr.
Indicator Indicator
Innovation
Achievement  [A;; = TM],/L;y, where TM" is the real CNY 10,000
. . +
Absorption technology-market transaction value per 10,000 persons
Efficiency
Expected Innovation . IC; =Y}, / GDP}, x 100, where I Cj; is industrial
Output Benefits Industrial collaborative development, Y}, is the real value
Indicators Collaborative added of the transport, storage, and postal sector, % +
Development  and GDP}, is real regional GDP, both measured at
2013 constant prices.
Technology ~ TM, = TM!/(PZPF/100), where TM" is the CNY10,000,2013
Transaction nominal technology-market transaction value constant prices
COZ,it = ZEijt X NCV] X CC] X OF] X 44/12,
. j
CO, Emissions  \ here NCV is the net calorific value, CC is the 104 tonnes —
Volume carbon content per unit of calorific value, and OF
Carbon is the oxidation factor
Emissions CI;; = CO,,;/ Y}, where CIj; is carbon emission
Ca.rb(.)n intensity, CO, ;; is CO, emissions from the . tonnes per CNY
Emission transport, storage, and postal sector, and Y}, is the 10,000 —
Non- Intensity real value added of this sector at !
expected 2013 constant prices.
output Total Doll.
indicators otal Pollutant OX;; = total nitrogen oxides emissions from the 4
Emissions 10* tonnes -
transport, storage, and postal sector
Volume
Conventional Nl = NOX;;/FT; x 10,000, where N1j; is
Air Pollution pollutant emission intensity, NOXj; is total NOx
Pollutant .. 3
Emission emissions from the transport, storage, and postal tonnes per 10 _
. sector, and FTj; is total freight turnover. The factor tonne-km
Intensity

10,000 converts NOx emissions from 10* tonnes
to tonnes.

Note: “+” and “—" denote positive and negative indicators, respectively. CO, and NOXx represent
carbon emissions and conventional air pollution, respectively. In all formulas, i denotes province and
t denotes year.

Fixed-capital stock was estimated using the perpetual inventory method, with the
depreciation rate set at 10.96%. CO; emissions were calculated by energy type using
energy consumption and the net calorific values, carbon contents per unit of calorific value,
and oxidation factors recommended by the IPCC. NOx emissions were obtained from
environmental statistical sources and used to measure conventional air pollution. The
corresponding calculation formulas are presented in Table 1.

2.3. Evaluation Indicator System for Logistics GIP

Based on the connotation of green innovation and relevant studies on green innovation,
transport carbon efficiency, and logistics eco-efficiency [15,22,37,45,46], this study constructs
an environmental-economic logistics GIP evaluation system comprising inputs, desirable
outputs, and undesirable outputs. Digital-support inputs can promote green innovation
through resource allocation, information sharing, and innovation cooperation [55-57].
Accordingly, Enterprise Website Penetration Rate and Informatization Level are used to
measure digital support capacity. The undesirable outputs include both CO; emissions and
NOx pollution, representing carbon emissions and conventional air pollution, respectively.
The definitions, units, and calculation methods of all indicators are presented in Table 1.
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2.4. Analytical Methods for the Performance Dimension
2.4.1. Super-SBM Model

To overcome the limitations of traditional DEA models, which ignore slack variables,
fail to handle undesirable outputs, and cannot distinguish among efficient decision-making
units, this study adopts the Super-SBM model with undesirable outputs proposed by Tone,
K [14]. This model can eliminate slack bias, incorporate undesirable outputs, and allow
efficiency scores to exceed 1, thereby enabling a more accurate ranking and comparison of
logistics GIP across the 30 provinces.

Suppose there are n Decision Making Units (DMU). Each DMU consists of m inputs,
s1 expected outputs, and s, undesirable outputs, represented by vectors x € R",y8 € R*1,
and y¥ € R, respectively.

X =[x1,...,x4] € R™" 1)
Y8 = [yg,...,yﬁ] c RSV<M 2)
Yh = [yl;,...,yﬂ € Ro2Xn 3)

For a specific DMUk(xk,yf, y,’z), the programming formulation of the Super-SBM
model considering undesirable outputs is presented as follows:
1y
mi=1 Xik

(4)
S1 =8 S b

sttt \/S1yh Syl

" = min

b
)\]xﬁ

=
i M=

g

s.t.

D=1 M=
—
U1
2

v > Aj y?t

I
~ =

- = —b
Xi > Xjg Ty < yfk, 7> b
Aj>0

where p* represents the GIP value of the logistics industry; A; denotes the weight vector;
and %, 78, 7’ correspond to the target values for inputs, desirable outputs, and undesirable
outputs, respectively.

2.4.2. Global Malmquist-Luenberger Index and Its Decomposition

To investigate the dynamic evolution and driving effects of logistics GIP, this study
introduces the global Malmquist-Luenberger (GML) index model proposed by Oh [17],
building on the static measurement results obtained from the Super-SBM model. We are
assuming that all input-output data from the entire study period T spanning 2013-2022
constitutes a global baseline technology set PC (x), defined as follows:

PC(x) = PY(x) UP?(x)U...UP!(x) (6)

-G
Accordingly, the directional distance function based on global technology, D , is

defined as follows:

-G
D (x\y' b8y, &) = Sup{ﬁ >0: (x',y" + Bgy, b' — Bgy) € PG} 7)
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where ¢ = (g, —gp) is the directional vector, with g, > 0 and g, > 0. B > 0 represents
the maximum feasible expansion of desirable outputs and simultaneous contraction of
undesirable outputs, while inputs remain unchanged. This restriction ensures that the
directional distance function is non-negative, making the interpretation of the GML index in
Equation (8) consistent, as follows: GML > 1, GML < 1, and GML = 1 indicate performance
growth, decline, and no change, respectively.

Based on the aforementioned distance function, the GML index of logistics green
innovation performance from period t to period ¢ + 1 is defined as follows:

1+ DC(xf, !, b')

L1
GML” 1+ DG (xt1, i+ pieT)

(8)

Regarding this index, if GML"*! > 1, it indicates that from period t to ¢ + 1, the GIP
of the logistics industry in the province has achieved growth. Conversely, if GML"*1 < 1,
a decline is signified; if GML"*! = 1, the performance is shown to remain unchanged.

To deeply analyze the intrinsic drivers of performance variations, the GML index is
further decomposed into Green Technical Efficiency Change (GEC) and Green Technical
Progress Change (GTC), as follows:

GMLt,t+1 _ GEct,tJrl % GTct,tJrl
14D (x* ' bt
GECt = 1+Dt‘*‘1(x"(f1 zt+1,)ht+l) (9)

L1 _ GMLUH!
GTC - GECr,t+1

The function is further decomposed as follows:

GEct,t+1 — PEct,H-l % SEct,t+1
1+Dt(xt,yt,bt)

ti+1
PEC T 14D (xt+1,yt+1,bt+l) (10)
SECHH+1 — GECH!

pEct,t+1

where GEC is the change in green technological efficiency, reflecting the extent to which the
decision-making unit approaches the current optimal frontier and signifying improvements
in management standards and resource allocation capabilities; GTC is the change in green
technological progress, reflecting shifts in the technological frontier itself; PEC is the change
in pure technological efficiency, reflecting changes in the decision-making unit’s efficiency in
management and technological application; SEC is the change in scale efficiency, reflecting
whether the decision-making unit is moving towards an optimal production scale.

2.5. Analytical Methods for the Topology Dimension
2.5.1. Dagum Gini Coefficient and Subgroup Decomposition

To reveal the spatial imbalance characteristics and underlying causes of logistics GIP
in China, this study employs the Dagum Gini coefficient decomposition method [25].

Let G denote the overall Gini coefficient, which is used to measure the degree of
overall disparity in logistics GIP across the country. The calculation formula is as follows:

iy

Z Z Z Z‘]/]z yhr|
j=1h=1i=1r=1

G=
2-n%-y

(11)

where y;i(y;,) denotes the logistics GIP value of the i(r)-th province in the j(h)-th region;
y represents the national average logistics GIP; n denotes the number of provinces; k
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denotes the number of divided regions; and n;(n,) represents the number of provinces in
the j(h)-th region.

According to the Dagum decomposition method, the overall Gini coefficient G is
decomposed into three components, as follows:

G - Gw + an+ Gt
k

Co= L Gjj-pj-sj
]:

ki1 12
Guy = X X Gpu(pjsn + pus) Djn 1
j=2h=1
S e (pysn+ pusy) (1 - Dy )
t j=2h=1 AP T P "

where G, denotes the contribution of intraregional disparities, reflecting differences in
performance levels among provinces within each region. G;; is the Gini coefficient of region
jpj=nj/nands; = (n]-y]-) / (ny). G, denotes the contribution of interregional disparities,
reflecting differences in performance levels among different regional blocks. Gjj is the
Gini coefficient between regions j and h, and Dj, represents the relative influence and its
direction. G; denotes the contribution of transvariation density, reflecting the impact of
cross-overlapping phenomena among regions on overall disparities.

2.5.2. Spatial Autocorrelation Analysis

To examine the spatial agglomeration and spillover effects of logistics GIP across
Chinese provinces, this study employs spatial autocorrelation analysis. Specifically, the
global Moran’s I is used to assess overall spatial dependence, while the local Moran’s I
and Moran scatter plots are applied to identify specific agglomeration patterns and spatial
heterogeneity. Considering that spillover effects in the logistics industry mainly rely on
geographical proximity and transport connectivity, this study constructs a geographical
adjacency weight matrix Wj;.

1, If province i is geographically adjacent to province j
Wij = o o . . _. 1
0, If province i and province j are not geographically adjacent or i = j

ny ¥ Wii(x; —X)(x; — %)

i=1j=1
I = n n n _\2

L 1Wij.21(xi*x)

i=1j= i=

]7 " B (14)
n(x; — X),Zl Wij(x; — %)
]:

I =

3 (x; — %)
i1

where [ is the global Moran’s I, 1 is the total number of provinces, x;, Xj denote the logistics
GIP values of provinces i and j, X is the mean logistics GIP, Wj; represents the element of
the spatial weight matrix based on geographical adjacency, and I; is the local Moran’s 1.
The global Moran’s I takes values in the interval [—1,1].

2.6. Analytical Methods for the Mechanism Dimension

Given that logistics GIP measured by the Super-SBM model is a bounded dependent
variable truncated above zero, directly applying OLS may lead to biased and inconsistent
estimates. Therefore, this study draws on the Tobit model proposed by Tobin [58] and
incorporates a random-effects panel specification to address the data truncation problem.
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This approach also makes full use of the long-panel data characteristics of the 30 provinces
for the analysis of influencing factors.

]
GIP, = a+ Y BiXji +u; + ey, uj ~ N(0,02), ey ~ N(0,07) (15)
j=1
GIPy,if GIP;>0
GIP: = it ! 16
it { 0,if GIP; <0 (16)

where i denotes the province, t denotes the year, and j = 1, ..., ] indexes the explanatory
variables. GIP; is the latent logistics GIP, while GIP; is the observed value. « is the
intercept term, Xj;; denotes the j-th explanatory variable, and f; is its corresponding
regression coefficient. u; represents the province-specific random effect, and ¢;; is the
idiosyncratic error term.

3. Results and Analysis

3.1. Evaluation of Green Innovation Efficiency in the Logistics Industry
3.1.1. Static Efficiency Evaluation

Considering the undesirable output indicators of carbon emissions and environmental
pollution, logistics GIP is calculated according to Equations (1)—(5). Since provinces differ
in their levels of economic development and thus have different production frontiers, it is
necessary to calculate the Super-SBM efficiency values for each region over ten periods in

order to accurately analyze the annual situation. The logistics GIP of 30 Chinese provinces
from 2013 to 2022 is shown in Figures A1 and 2.

(b) 2015

(c)2018 (d) 2022

Figure 2. Distribution Map of GIP in the Logistics Industry in 30 Provinces of China, 2013-2022.
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As shown in Figures Al and 2, logistics GIP across the 30 Chinese provinces exhibited
a fluctuating upward trend from 2013 to 2022. The national average increased from 0.4526
in 2013 to 0.5268 in 2015 and 0.5458 in 2018, before temporarily declining to 0.5063 in 2020. It
subsequently recovered to 0.5576 in 2021 and reached a decade-high value of 0.5724 in 2022.
The number of provinces with GIP values equal to or greater than 1 also increased from
seven in 2013 to twelve in 2022, indicating a gradual expansion of the provincial efficiency
frontier. Nevertheless, the improvement was spatially uneven. Shanghai and Tianjin
maintained clear leading positions, with ten-year average values of 1.6481 and 1.2354,
respectively. Several central provinces showed evident catch-up trends, as follows: Henan
increased from 0.0749 in 2013 to 1.0334 in 2022, while Hubei rose from 0.3490 to 1.0004.
By contrast, persistent low values were observed in parts of western and northeastern
China. Liaoning declined from 0.4819 to 0.2743, Jilin from 0.1524 to 0.0565, and Inner
Mongolia from 0.2138 to 0.0494. Some provinces also experienced nonlinear fluctuations.
For example, Zhejiang increased from 0.3270 in 2013 to 1.0189 in 2018, but subsequently
declined to 0.5154 in 2022. Overall, the evolution of logistics GIP was characterized by
national improvement, a stable high-performance core, the emergence of central catch-up
provinces, persistent low-performance areas, and considerable provincial volatility.

To further characterize the temporal evolution and regional differentiation of provin-
cial GIP, Figures A2 and 3. present the spatiotemporal comparative heat map and the
changing trends, respectively.

EL-TR
CER

12 9— WCGPR|
—@— WADR
—a— NODR
—&—NRR
—&—FDR

1.0 —@— Mean

08 —

GIP
|

2013 2014 2015 2016 2017 2018 2019 2020 2021 2022

Year

Figure 3. Evolution of logistics GIP across the seven functional regions, 2013-2022.

As shown in Figures A2 and 3, the seven functional regions differed considerably in
both logistics GIP levels and temporal trajectories. Figure 3. highlights the regional trends,
while Figure A2. reports the corresponding annual values. The NODR maintained the
most stable high performance, fluctuating narrowly between 0.9024 and 0.9332. The EL-TR
showed the strongest overall improvement, increasing from 0.6991 in 2013 to 1.0820 in 2022,
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despite temporary declines in 2016 and 2018. The CER also displayed a marked catch-up
pattern, rising from 0.3890 in 2013 to 0.7419 in 2022, although its trajectory remained volatile.

By contrast, the WCGPR and WADR remained at relatively low levels, reaching only
0.2479 and 0.2404, respectively, in 2022. The NRR showed a persistent downward trend,
declining from 0.2709 in 2013 to 0.1535 in 2022. The FDR remained the lowest-performing
region during most of the study period. Although it recovered from 0.0580 in 2019 to 0.2177
in 2021, it decreased again to 0.1733 in 2022. Overall, the regional trajectories indicate
eastern leadership, central catch-up, persistent weakness in parts of western China, and
continued deterioration in Northeast China.

3.1.2. Energy-Efficiency Dynamics and Decomposition of Technological Drivers of
Logistics GIP

Using MATLAB R2023b, this study calculates the GML index of logistics GIP for
30 Chinese provinces and its decomposition components, including GEC, GTC, PEC, and
SEC. The national annual results are reported in Table 2, while the provincial temporal
evolution of the GML index is presented in Figure 4. The provincial trajectories of GEC,
GTC, PEC, and SEC are reported separately in Figure A3a-d.

Table 2. GML Index and Decomposition Changes of GIP in the Logistics Industry across
30 Chinese Provinces.

Year GEC GTC PEC SEC GML
2013-2014 1.0076 0.9837 1.0166 0.9912 0.9912
2014-2015 1.0131 0.9967 1.0096 1.0034 1.0097
2015-2016 1.0428 0.9745 1.0257 1.0168 1.0163
2016-2017 0.9916 1.0369 0.9984 0.9932 1.0282
2017-2018 0.9675 1.0301 0.9826 0.9846 0.9966
2018-2019 0.9972 1.0188 0.9868 1.0105 1.0160
2019-2020 0.9703 1.0657 0.9789 0.9912 1.0340
2020-2021 1.0205 1.0389 1.0083 1.0121 1.0602
2021-2022 1.0162 1.0344 1.0106 1.0056 1.0512

Mean 1.0030 1.0200 1.0019 1.0010 1.0226

As shown in Table 2, the GML index exhibits a fluctuating upward trend, with an aver-
age value of 1.0226, indicating an average annual growth rate of 2.26%. After 2019, the index
remained above 1.03 and reached its peak of 1.0602 during 2020-2021. The average value
of GTC is 1.0200, making it the main engine of growth. After a slight decline in the early pe-
riod, GTC strengthened rapidly. By contrast, the average value of GEC is only 1.0030, and it
declined continuously from 2016 to 2020, constrained by alternating fluctuations in PEC and
SEC. Overall, logistics GIP growth was driven primarily by green technological progress,
while improvements in technical efficiency remained limited. The divergence between GTC
and GEC reflects a gap between technological-frontier expansion and the operational appli-
cation of green technologies. Previous studies indicate that transport and logistics efficiency
depends not only on technological innovation but also on infrastructure configuration,
operational organization, scale coordination, and technology-absorption capacity [22,37].
Converting technological progress into efficiency gains therefore requires equipment re-
newal, low-carbon supporting infrastructure, multimodal coordination, and organizational
adjustment. Where road-oriented assets and complementary facilities remain dominant,
infrastructure path dependence may further slow the adoption of low-carbon transport
modes [39-41]. Moreover, PEC and SEC remained close to unity, indicating that managerial
catch-up and scale optimization contributed little to GIP growth. Thus, limited technical-
efficiency improvement mainly reflects constraints in technology application, transport
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organization, supporting infrastructure, and scale coordination rather than insufficient
technological progress alone.

GML
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Figure 4. Provincial Temporal Evolution of the GML Index, 2013-2022.

Figure 4 presents the provincial temporal evolution of the GML index. Most provincial
GML values were concentrated around unity, although substantial spatial and temporal
heterogeneity remained. High-value observations became more frequent after 2019, accom-
panied by pronounced fluctuations in several provinces. For example, Guizhou increased to
1.6609 in 2019-2020 and then declined to 0.6096 in 2020-2021, while Yunnan reached 1.5378
in 2020-2021. The provincial trajectories of the decomposition components are reported
separately in Figure A3a—-d. GTC averaged 1.0200, and its national annual geometric mean
remained above unity after 2016. By contrast, GEC, PEC, and SEC averaged 1.0030, 1.0019,
and 1.0010, respectively, and generally fluctuated around unity. These results indicate
that GML growth was driven mainly by green technological progress, while efficiency
adjustment remained limited and uneven across provinces. This pattern is consistent with
previous findings that converting technological progress into logistics-efficiency gains
depends on operational organization and technology-absorption capacity [22,37].

3.2. Spatial Inequality and Agglomeration Characteristics of Logistics GIP
3.2.1. Source Decomposition of Spatial Inequality

This study applies the Dagum Gini coefficient to examine spatial inequality in logistics
GIP and decompose its sources. Figure 5 reports the contribution rates of different disparity
sources and the evolution of overall and intraregional inequality. The complete interregional
Gini coefficients are presented separately in Figure A4.

As shown in Figure A4, the largest interregional disparity occurred between the
Eastern Leading-Type Region and the Featured Development Region, although its Gini
coefficient declined from 0.9664 in 2014 to 0.7239 in 2022. By contrast, the disparity between
the Northeastern Revitalization Region and the Eastern Leading-Type Region increased
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from 0.4868 in 2013 to 0.7515 in 2022. These contrasting trajectories indicate uneven regional
convergence and increasing separation between the eastern leading region and Northeast
China, consistent with the effects of unequal technology diffusion and infrastructure
endowments identified in previous studies [31,45,46].

Hypervariable Density Contribution Rate (Gt)

Between-group Contribution Rate (Gnb)
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Figure 5. Dagum Gini Decomposition of Spatial Inequality in Logistics GIP, 2013-2022: (a) Contribu-
tion Rates of Different Disparity Sources; (b) Overall and Intraregional Gini Coefficients.

Figure 5a shows that the contribution of interregional disparities increased from
60% in 2013 to 75% in 2022 and remained above 65% after 2017, becoming the dominant
source of spatial inequality. Meanwhile, the contributions of intraregional disparities and
transvariation density declined to 10% and 15%, respectively. According to the Dagum
decomposition framework, these changes indicate that national inequality increasingly
originated from performance gaps between functional regions rather than differences
within regions or overlaps between regional distributions [25-28].

Figure 5b further reveals substantial intraregional heterogeneity. The Western Acceler-
ated Development Region recorded the highest internal inequality, with its Gini coefficient
peaking at 0.61 in 2015 and remaining at 0.55 in 2022. In contrast, the Eastern Leading-Type
Region showed stronger internal convergence, with its coefficient declining from 0.32 to
0.18. Taken together, Figures A4 and 5 demonstrate that interregional disparities gradually
became the principal source of spatial inequality in logistics GIP. This pattern may be asso-
ciated with regional differences in green-technology absorption, transport infrastructure
endowments, and low-carbon transition capacity [31,34,45,46].

3.2.2. Global Spatial Autocorrelation

This study employs the global Moran’s I index to test the spatial correlation of logistics
GIP across 30 provinces based on a spatial adjacency weight matrix. As shown in Figure 6,
all global Moran’s I values are positive, indicating a significant positive spatial correlation.
The trend showed a reversal between 2013 and 2018, while it became relatively stable from
2019 to 2022, suggesting strong spatial agglomeration characteristics.
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Figure 6. Changes in the global Moran’s I of GIP in the logistics industry, 2013-2022.

3.2.3. Local Spatial Autocorrelation and Agglomeration Patterns

To further examine spatial agglomeration and heterogeneity, the global Moran’s I
results reported in Figure 6 reject the null hypothesis of spatial randomness (p < 0.05),
confirming significant positive spatial autocorrelation in provincial logistics GIP. Based on
the spatial adjacency weight matrix, local Moran’s I is then used to identify local spatial
association patterns. Figure 7 presents the clustering results for four representative years
(2013, 2015, 2018, and 2022), while the results for the remaining years are reported in
Figure A5.

As shown in Figures A5 and 7, the spatial agglomeration of logistics GIP is charac-
terized by a stable core, peripheral adhesion, central-region upgrading, and north—south
differentiation. H-H core areas such as Beijing, Tianjin, and Shanghai remained stable
throughout the decade, indicating a pronounced lock-in effect. The L-L belt extending
from Jilin and Heilongjiang to several southwestern provinces also showed strong per-
sistence. Central provinces such as Anhui, Henan, and Hubei moved upward around
2018 and stabilized in the H-H quadrant, suggesting the integration of new growth poles.
Guangdong remained an unchanged H-L outlier, highlighting its performance gap with
surrounding areas, while Liaoning shifted from H-H to L-H, reflecting the relative decline
of Northeast China. Overall, the spatial pattern has evolved from a coastal-inland divide
toward a multicenter network structure. The westward expansion of H-H clusters coexists
with the persistent solidification of L-L belts and L-H depressions. The consolidation and
intensification of north—south disparities have become a new trend that deserves more
attention than the traditional east-west divide.

The spatial evolution of logistics GIP reflects the interaction of asymmetric technology
diffusion and infrastructure path dependence [45,46]. Beijing, Tianjin, and Shanghai form
stable high—high clusters because of their stronger economic foundations, concentration
of green innovation resources, and more developed low-carbon logistics infrastructure.
However, differences in technology-absorption capacity, transport systems, and interre-
gional coordination weaken the diffusion of technology and management experience to
surrounding provinces, thereby maintaining a core—periphery structure [31,45,46]. The
gradual movement of Anhui, Henan, and Hubei into high-high clusters indicates that
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improved absorption capacity and stronger connections with regional innovation networks
can promote the emergence of new growth poles.
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Figure 7. Local Moran’s I Cluster Maps of Logistics GIP in Selected Years, 2013-2022.

By contrast, persistent low—low clusters in parts of Northeast and Southwest China
are associated with weaker economic and technological foundations, dependence on
road freight, and insufficient railway, multimodal, and new-energy freight infrastruc-
ture [28,39-41,47]. Existing transport assets and complementary facilities reinforce the orig-
inal freight structure and increase the cost of low-carbon transition, resulting in persistent
low-performance spatial lock-in [39-41]. Previous studies also associate regional differ-
ences in transport carbon performance with variations in economic capacity, technological
accumulation, and infrastructure endowments [26,32]. The uneven spatial distribution of
these conditions contributes to the simultaneous expansion of high-performance clusters,
consolidation of low-performance areas, and widening north—south differentiation.

3.3. Transition Mechanism Analysis of Logistics GIP and Carbon Lock-In

To further reveal the formation mechanisms of logistics GIP and carbon lock-in, this
study constructs a transition-mechanism variable system from six dimensions, as follows:
agglomeration pressure, development capacity, path lock-in, technological human capital,
resource allocation, and green technology conversion, as shown in Table 3. Among these
variables, road network density is used to characterize path dependence on transport
infrastructure. When the expansion of road transport networks is not coordinated with
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railway freight, multimodal transport, and new-energy freight systems, it may reinforce
dependence on fuel-powered trucks and lead to infrastructure-based carbon lock-in.

Table 3. Transition mechanism variables of GIP and carbon lock-in in the logistics industry.

Mechanism Type Factors Unit Variable Definition Mechanism Explanation
Reflects the pressure of
Agglomeration Population 2 Resident population logistics (?lemand .
. . persons/km . ) agglomeration, traffic
pressure mechanism density per unit built-up area .
congestion, and
energy consumption.
. Reflects regional capacity for
Economic . D
Development per capita gross green logistics investment,
. . development yuan/person . _—
capacity mechanism level regional product energy substitution, and
technology absorption.
Total hichwa Reflects dependence on road
Path lock-in Road network 2 : shway freight and the potential
. . km/km mileage per unit . L
mechanism density high-carbon path lock-in it
land area .
may induce.
Technological Full-time equivalent Reflects the talent support
) of all personnel . L
human-capital R&D personnel person-years engaged in capacity for green logistics
mechanism R&D activities technology R&D.
Resource allocation Total actual Reflects R&D resource input
. R&D expenditure 10,000 yuan expenditure on and its alignment with green
mechanism o i i
R&D activities transition objectives.
Green technology Numb?r of green Reflects green 'technolog'y
. . invention patents outputs and their supporting
conversion Green patents items .
. and green role in the low-carbon
mechanism s P -
utility-model patents transition of logistics.

As shown in Table 4, the factors associated with logistics GIP can be interpreted
from three dimensions, as follows: infrastructure carbon lock-in, R&D conversion, and
green technology support. Road network density has a significantly negative coefficient of
—0.130997 (p = 0.006), suggesting that road network expansion may reinforce dependence
on road freight when it is not coordinated with railway freight, multimodal transport, and
new-energy freight systems. This negative relationship reflects potential infrastructure car-
bon lock-in characterized by persistent road-freight dependence [39-41]. R&D expenditure
is negatively associated with logistics GIP at the 10% significance level (8 = —0.084564,
p = 0.073). This relatively weak association may be related to the time lag, investment
structure, and limited efficiency in converting R&D inputs into green innovation outcomes,
indicating a potential disconnect between resource input and performance improvement.
Table 4. Tobit Model Regression Results.

Factors Regression Coefficient Standard Error z-Statistic p-Value Significance
Population density 0.062453 0.057879 1.08 0.281 -
Economic development level 0.099098 0.040358 2.46 0.014 **
Road network density —0.130997 0.048114 —2.72 0.006 o
R&D personnel 0.010970 0.036474 0.30 0.764 -
R&D expenditure —0.084564 0.047226 -1.79 0.073 *
Green patents 0.035870 0.015549 231 0.021 **
Constant —0.219423 0.454121 —0.48 0.629 -

Note: ***,** and * indicate significance at the 1%, 5%, and 10% levels, respectively.
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By contrast, economic development level and green patents are positively associated
with logistics GIP. Economic development level has a significantly positive coefficient of
0.099098 (p = 0.014), indicating that stronger economic foundations are associated with
greater capacity for green logistics investment, technology adoption, and organizational up-
grading. Green patents also have a significantly positive coefficient of 0.035870 (p = 0.021),
suggesting that green technology outputs may support logistics GIP improvement and help
alleviate technology-related carbon lock-in. Population density and the full-time equivalent
of R&D personnel are not statistically significant, indicating that demand agglomeration
and increases in R&D personnel alone do not necessarily improve GIP without corre-
sponding improvements in energy-use patterns, transport organization, and technology
conversion capacity. Overall, the results suggest that infrastructure carbon lock-in is asso-
ciated with persistent road-freight dependence, while limited R&D conversion efficiency
may constrain the transformation of innovation inputs into performance gains. Economic
development capacity and green technology outputs provide favorable conditions for
weakening carbon lock-in and advancing the green transition of the logistics industry.

3.4. Robustness Test
3.4.1. Robustness of the Super-SBM Measurement Results

To examine the potential redundancy of the two digital indicators, we first conducted
correlation and multicollinearity diagnostics. The correlation coefficient between enterprise
website penetration rate and informatization level is 0.0912, while their variance inflation
factors are 1.695 and 3.014, respectively. Both VIF values are below the commonly adopted
threshold of 5, indicating no serious redundancy or multicollinearity.

We then re-estimated logistics GIP after excluding the two digital indicators while
keeping the data, Super-SBM model, and estimation procedure unchanged. As shown in
Table A2, the pooled Pearson and Spearman correlations between the 22-indicator baseline
results and the 20-indicator results are 0.9561 and 0.9579, respectively. The mean annual
absolute change in provincial rankings is only 1.33 positions. Therefore, excluding the
two indicators does not materially alter the provincial efficiency pattern, confirming the
robustness of the baseline measurement results.

3.4.2. Robustness of the GML Decomposition Results

To examine whether the GML decomposition results are driven by extreme observa-
tions, the eight aggregated input-output variables used in the GML analysis were win-
sorized at the 1st and 99th percentiles. GML and its decomposition components were then
re-estimated using the unchanged directional-distance function, returns-to-scale assump-
tions, global and contemporaneous frontiers, and geometric-mean aggregation method. As
shown in Table A3, the mean GML changes only from 1.0224 to 1.0204 after winsorization.
The corresponding GEC and GTC values change from 1.0027 and 1.0196 to 1.0029 and
1.0174, respectively, while PEC and SEC remain close to unity. The Spearman correla-
tions between the baseline and winsorized results range from 0.9243 to 0.9881, and the
mean annual absolute change in provincial GML rankings is only 1.70 positions. There-
fore, the conclusion that logistics GIP growth was mainly driven by green technological
progress, whereas improvements in technical efficiency remained limited, is robust to
extreme-value treatment.

3.4.3. Sensitivity Analysis of Regional Classification

To examine whether the Dagum Gini decomposition results depend on the seven-region
classification, this study recalculates the decomposition using the official four-region classi-
fication. As shown in Table A4, the overall Gini coefficient remains unchanged under both
classifications. The contribution of interregional disparities increases from 59.98% to 74.88%

https://doi.org/10.3390/su18168502


https://doi.org/10.3390/su18168502

Sustainability 2026, 18, 8502

20 of 31

under the seven-region classification and from 52.86% to 71.62% under the four-region
classification, remaining the largest source of inequality in both cases. The Pearson and
Spearman correlations between the two annual interregional contribution series are 0.9732
and 0.9394, respectively. Meanwhile, intraregional disparities and transvariation density
show similar declining trends. Therefore, the main conclusions are robust to alternative
regional classifications.

3.4.4. Robustness of the Tobit Regression Results

To evaluate the stability of the Tobit estimates, three alternative specifications were
employed. First, the random-effects Tobit model was replaced with a pooled Tobit model
with province-clustered standard errors. Second, all explanatory variables were lagged
by one year to reduce concerns about contemporaneous reverse association. Third, all
explanatory variables were winsorized at the 1st and 99th percentiles. As shown in Table A5,
the coefficient of road network density remains negative and statistically significant in the
pooled Tobit model (—0.2227), the lagged-variable model (—0.1356), and the winsorized
model (—0.1336), consistent with the baseline estimate (—0.1310). Economic development
also generally maintains a positive association with GIP, while the results for green patents
remain positive in the baseline, lagged, and winsorized specifications. By contrast, the
coefficient of R&D expenditure changes in magnitude and significance across specifications,
and its negative association is therefore not sufficiently stable to support a firm conclusion
of R&D resource misallocation. Overall, the negative association between road network
density and GIP is robust to model replacement, temporal lagging, and extreme-value
treatment. Nevertheless, these results represent conditional associations rather than causal
evidence of infrastructure carbon lock-in.

3.4.5. Spatial Dependence Diagnostics for the Tobit Model

As shown in Table A6, the pooled Moran’s I values of the generalized Tobit residuals
are —0.060 (p = 0.502) and —0.048 (p = 0.148) under the adjacency and inverse-distance
matrices, respectively. None of the annual statistics is significant at the 5% level. Therefore,
no significant residual spatial dependence is detected, supporting the use of the random-
effects Tobit model.

3.5. Endogeneity Test

To examine potential endogeneity arising from reverse causality between economic
development, green patents, and GIP, this study employs a two-stage residual-inclusion
approach. The second- and third-period lags of economic development and green patents
are used as internal instruments. The first-stage regressions include the remaining ex-
planatory variables, province effects, and year effects. The resulting residuals are then
incorporated into the random-effects Tobit model. The second stage controls for year effects
and is estimated with a lower censoring limit of zero and 20-point adaptive Gauss—-Hermite
quadrature. Owing to the lag structure, the estimation sample covers 2016-2022 and con-
tains 210 observations from 30 provinces. Leave-one-province-out Jackknife standard errors
are used to account for the two-stage estimation procedure.

As shown in Table A7, the conditional first-stage F-statistics for economic develop-
ment and green patents are 15.704 and 12.381, respectively, indicating adequate instru-
ment relevance. Table A8 reports the same-sample baseline and control-function results.
The residuals of economic development and green patents are individually insignificant
(p =0.778 and p = 0.242), and their joint test yields F(2,29) = 0.998 with p = 0.381. Thus, the
exogeneity null cannot be rejected, and the baseline random-effects Tobit model is retained.
Nevertheless, the estimated coefficients are interpreted as conditional associations rather
than causal effects.

https://doi.org/10.3390/su18168502


https://doi.org/10.3390/su18168502

Sustainability 2026, 18, 8502

21 of 31

4. Conclusions and Policy Implications

4.1. Conclusions

This study applies the PTM framework to examine logistics GIP and its carbon lock-in

characteristics across 30 Chinese provinces from 2013 to 2022. The main conclusions are

as follows.

@

@)

®)

4)

China’s average logistics GIP increased from 0.4526 in 2013 to 0.5724 in 2022, but
regional differences remained evident. The Northern Optimized Development Region
recorded the highest ten-year average of 0.9160, whereas the Western Core Growth
Pole Region averaged only 0.2431, and the Northeastern Revitalization Region de-
clined to 0.1535 in 2022. This reflects a differentiated transition pattern characterized
by eastern leadership, central catch-up, and persistent low performance in parts of
western and northeastern China.

The mean GML, GTC, and GEC indices were 1.0226, 1.0200, and 1.0030, respectively.
Therefore, the growth of logistics GIP was driven mainly by green technological
progress, while improvements in technical efficiency remained limited. The difference
between technological progress and efficiency improvement indicates that advances
in the green technology frontier have not been fully converted into improvements in
energy use, transport organization, and operational efficiency.

Interregional disparities were the primary source of spatial inequality, with their
contribution increasing from 59.98% to 74.88%. Beijing, Tianjin, and Shanghai formed
stable high-high clusters, while low-low clusters persisted in parts of Northeast
and Southwest China. Anhui, Henan, and Hubei gradually became new high-value
growth poles. The spatial pattern was therefore characterized by the coexistence of
high-performance diffusion, persistent low-performance agglomeration, and increas-
ing north-south differentiation.

Road network density was negatively associated with logistics GIP (8 = —0.130997,
p = 0.0006), reflecting potential infrastructure carbon lock-in characterized by persistent
road-freight dependence. R&D expenditure showed a weaker and less stable negative
association (8 = —0.084564, p = 0.073), suggesting possible limitations in R&D conver-
sion rather than conclusive evidence of resource misallocation. Economic development
(B = 0.099098, p = 0.014) and green patents (8 = 0.035870, p = 0.021) were positively
associated with logistics GIP, whereas population density and R&D personnel were not
statistically significant. The robustness tests generally supported the main findings.

4.2. Policy Implications

)

@)

®)

4)

The policy implications derived from the empirical results are as follows.

As GIP growth is driven mainly by green technological progress while efficiency im-
provement remains limited, logistics service providers should prioritize the application of
green technologies in fleet renewal, route organization, and energy management. R&D
support should focus on outcome conversion rather than expenditure growth alone.
Given the negative association between road network density and GIP, public authori-
ties should coordinate road investment with railway freight, multimodal transport,
and new-energy freight systems to alleviate potential infrastructure carbon lock-in.
The positive associations of green patents and economic development with GIP sup-
port patent commercialization, stronger technology-absorption capacity, and targeted
financial and technical assistance for persistent low-performance regions. Cross-
regional technology diffusion should also be strengthened.

Public authorities and logistics platforms can provide carbon information, low-emission
delivery options, and consolidated parcel-collection services to guide citizens toward
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more sustainable consumption-related mobility. The insignificant effects of population
density and R&D personnel also indicate that policy should prioritize resource-use and
conversion efficiency rather than agglomeration or personnel expansion alone.

4.3. Research Limitations and Future Prospects

This study has several limitations. First, provincial data cannot capture firm-level or
within-province heterogeneity, and Hong Kong, Macao, Taiwan, and Tibet were excluded
because of data availability and continuity constraints. Second, differences in statistical
definitions across yearbooks may affect data comparability. Third, DEA scores are relative
to the selected sample, indicators, and efficiency frontier. Fourth, the lack of continuous
measures of road-freight dependence, multimodal integration, and technology commercial-
ization precluded mediation and moderation analyses. Fifth, insufficient data on freight
electrification, charging infrastructure, and modal structure limited the analysis of transport
restructuring and decarbonization. Finally, the Tobit and control-function models do not
establish causality. Future research could combine firm- or city-level harmonized data with
quasi-natural experiments or external instruments while incorporating freight electrification,
charging infrastructure, modal-share indicators, and suitable mediating and moderating
variables to examine the formation and transmission paths of logistics carbon lock-in.
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Appendix A

Table Al. Provincial composition and classification basis of the seven functional regions.

Functional Region

Provincial-Level Regions Classification Basis and Rationale

Eastern Leading-Type
Region (EL-TR)

These coastal provinces cover major transport poles or
clusters such as the Yangtze River Delta, Shandong
Peninsula, west coast of the Taiwan Strait, and Guangdong.
They have strong port accessibility, dense transport
networks, and relatively mature logistics systems. Previous
research also reports that carbon-constrained logistics
efficiency generally declines from eastern to western

China [37,48,53].

Shanghai, Jiangsu, Zhejiang,
Fujian, Shandong,
and Guangdong
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Table Al. Cont.

Functional Region Provincial-Level Regions Classification Basis and Rationale

These spatially contiguous inland provinces are important
components of the Central China development strategy.
Anhui, Jiangxi, Henan, Hubei, = Their logistics function is characterized by the expansion of
and Hunan inland transport corridors and logistics hubs and by their
connecting role between eastern and western, as well as
northern and southern, China [48,49].

Central Emerging Region (CER)

This region contains the Chengdu-Chonggqing transport
pole and the Guanzhong Plain transport cluster. Chengdu,
Chonggqing, and Xi’an perform major gateway and
logistics-hub functions and connect western China with
national transport corridors [48,50,53].

Western Core Growth Pole Sichuan, Chonggqing,
Region (WCGPR) and Shaanxi

These provinces constitute the remaining western areas
under the Western Development strategy. Long transport
distances, uneven infrastructure accessibility, and relatively
strong pressure to improve transport efficiency and reduce
emissions distinguish them from the western core growth
poles [22,48,50].

Inner Mongolia, Guangxi,
Guizhou, Yunnan, Gansu,
Qinghai, Ningxia, and Xinjiang

Western Accelerated
Development Region (WADR)

Beijing, Tianjin, and Hebei constitute an integrated northern
transport system, while adjacent Shanxi has important
Northern Optimized Beijing, Tianjin, Hebei, energy-freight functions and faces distinctive pressure for
Development Region (NODR) and Shanxi energy restructuring. This grouping captures the
coexistence of strong hub connectivity and the need to
optimize freight and energy structures [48,53,54].

These provinces constitute the core area of the national
Northeast Revitalization strategy. They share an established
Liaoning, Jilin, and Heilongjiang  industrial and transport base but also face common
challenges involving industrial restructuring, logistics
modernization, and low-carbon transition [22,48,51].

Northeastern Revitalization
Region (NRR)

Hainan is treated as a separate functional region because its
island geography, dependence on maritime and air

Featured Devel t . . .
eaturec Leve opmen Hainan transportation, and free-trade-port policy produce a

Region (FDR) logistics structure that differs substantially from that of
contiguous mainland provinces [48,52].
Table A2. Robustness Test of Logistics GIP by Excluding Two Digital Indicators.
Year N Pearson Spearman MAE RMSE Mean Absolute Rank Change
2013 30 0.9240 0.9751 0.0541 0.1645 1.20
2014 30 0.9953 0.9902 0.0199 0.0493 0.67
2015 30 0.8986 0.9123 0.0464 0.1731 1.80
2016 30 0.9952 0.8919 0.0162 0.0383 1.93
2017 30 0.9293 0.9279 0.0274 0.1083 1.60
2018 30 0.9993 0.9671 0.0045 0.0099 1.20
2019 30 0.9384 0.9657 0.0297 0.1107 1.33
2020 30 0.9197 0.9697 0.0402 0.1475 1.33
2021 30 0.9992 0.9729 0.0100 0.0182 1.27
2022 30 0.9960 0.9760 0.0177 0.0408 1.00
Pooled sample 300 0.9561 0.9579 0.0266 0.1043 1.33

Note: The pooled row reports pooled Pearson and Spearman correlations, pooled MAE and RMSE,
and the mean annual absolute change in within-year provincial rankings.
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Table A3. Robustness Test of the GML Decomposition Results Based on Winsorization.
Index Baseline Mean = Winsorized Mean Pearson Spearman MAE RMSE
GML 1.0224 1.0204 0.8169 0.9407 0.0142 0.0554
GEC 1.0027 1.0029 0.9905 0.9492 0.0034 0.0128
GTC 1.0196 1.0174 0.8523 0.9254 0.0147 0.0554
PEC 1.0018 1.0021 0.9989 0.9881 0.0010 0.0038
SEC 1.0009 1.0008 0.9846 0.9243 0.0030 0.0112
Table A4. Sensitivity of the Dagum Gini decomposition to alternative regional classifications.
Year Overall Seven-Region Four-Region Seven-Region Four-Region Seven-Region Four-Region
Gini Intraregional (%) Intraregional (%) Interregional (%) Interregional (%) Transvariation (%) Transvariation (%)
2013 0.4849 13.26 23.80 59.98 52.86 26.76 23.34
2014 0.4927 12.73 22.72 61.33 54.71 25.94 22.57
2015 0.4801 12.94 22.30 59.43 52.89 27.63 24.81
2016 0.4832 12.99 23.81 60.45 56.76 2657 19.43
2017 0.4644 11.00 20.37 68.52 63.33 20.48 16.30
2018 0.4520 12.00 22.29 65.68 59.07 22.32 18.63
2019 0.4740 10.62 19.25 71.95 66.92 1743 13.83
2020 0.4977 11.16 19.76 69.23 66.62 19.61 13.61
2021 0.4612 11.46 20.35 69.00 67.39 19.54 12.26
2022 0.4670 10.22 18.64 74.88 71.62 14.90 9.74
Note: The four-region classification follows the National Bureau of Statistics of China. The overall
Gini coefficient is invariant to regional classification because it is calculated from the same provincial
observations. The remaining values are contribution rates (%).
Table A5. Robustness Checks for the Road Network Density Coefficient.
Specification Road Coefficient Standard Error p-Value
Baseline Tobit —0.130997 0.048114 0.006
Pooled Tobit —0.222673 0.053381 <0.001
Lagged regressors —0.135632 0.047262 0.004
1-99% winsorization —0.133584 0.047716 0.005
Table A6. Spatial Dependence Diagnostics for the Tobit Generalized Residuals.
Year Adjacency Moran’s I p-Value Inverse-Distance Moran’s 1 p-Value
2013 —0.119 0.434 —0.054 0.433
2014 —0.132 0.392 —0.063 0.285
2015 —0.058 0.833 —0.054 0.480
2016 0.067 0.388 —0.032 0.931
2017 0.068 0.384 —0.043 0.769
2018 0.003 0.754 —0.012 0.421
2019 —0.169 0.238 —0.056 0.413
2020 0.042 0.521 —0.059 0.397
2021 0.040 0.505 —0.028 0.830
2022 —0.166 0.180 —0.070 0.140
Pooled —0.060 0.502 —0.048 0.148

https://doi.org/10.3390/su18168502


https://doi.org/10.3390/su18168502

Sustainability 2026, 18, 8502 25 of 31

Table A7. First-Stage Diagnostics for the Internal Instruments.

Endogenous Variable Internal Instruments Conditional F-Statistic p-Value Partial R?
Economic development level = Second- and third-period lags 15.704 <0.001 0.180
Green patents Second- and third-period lags 12.381 <0.001 0.233

Note: The first-stage regressions control for the remaining explanatory variables, province effects,
and year effects. Standard errors are clustered at the provincial level.

Table A8. Same-Sample Baseline and Control-Function Tobit Results.

Panel A. Same-Sample Baseline Tobit Model

Factors Coefficient Jackknife Standard Error t-Statistic p-Value
Population density —0.019085 0.094301 —0.20 0.841
Economic development level 0.047899 0.081125 0.59 0.559
Road network density —0.231030 0.166577 -1.39 0.176
R&D personnel 0.033274 0.050844 0.65 0.518
R&D expenditure —0.088008 0.059707 —1.47 0.151
Green patents 0.054711 0.053202 1.03 0.312
Constant 0.809150 0.943344 0.86 0.398
Year effects Yes — — —
Observations 210 — — —
Provinces 30 — — —
Panel B. Control-Function Tobit Model
Factors Coefficient Jackknife Standard Error t-Statistic p-Value
Population density —0.001775 0.095353 —0.02 0.985
Economic development level 0.018839 0.085271 0.22 0.827
Road network density —0.275276 0.181742 —1.51 0.141
R&D personnel 0.039893 0.047789 0.83 0.411
R&D expenditure —0.029862 0.089047 —0.34 0.740
Green patents —0.048024 0.102152 -0.47 0.642

First-stage residual:

economic development —0.032523 0.114441 —0.28 0.778
First-stage residual: 0.144658 0.121100 1.19 0.242
green patents

Constant 1.048960 1.090817 0.96 0.344

Joint residual test F(2,29) = 0.998 — — 0.381
Year effects Yes — — _
Observations 210 — — _
Provinces 30 — — —

Note: Model (1) is re-estimated using the same 20162022 sample as Model (2) to ensure comparability.
In Model (2), economic development level and green patents are treated as potentially endogenous,
and their second- and third-period lags are used as internal instruments. Both models are random-
effects Tobit models with a lower censoring limit of zero, year effects, and 20-point adaptive Gauss—
Hermite quadrature. Standard errors are obtained using the leave-one-province-out Jackknife method,
and p-values are based on the #(29) distribution.
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Figure A1l. Provincial Spatial Distribution of Logistics GIP in the Supplementary Years.
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Figure A2. Spatiotemporal Heatmap of Logistics GIP across 30 Chinese Provinces, 2013-2022.
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Figure A3. Provincial Temporal Dynamics of GML Decomposition Components. Note: (a) GEC;
(b) GTC; (c) PEC; and (d) SEC.
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Legend
2014

[ HH Area
[ HL Area
[0 LH Area
[ LL Area
["] Unconsidered

(a) 2014

Legend
2017
[ HH Area
[ HL Area
[ LH Area
[ LL Area
[~ Unconsidered

(c) 2017

Figure A5. Cont.

(b) 2016

0200 400 $00KM
[

(d) 2019

https://doi.org/10.3390/su18168502


https://doi.org/10.3390/su18168502

Sustainability 2026, 18, 8502 29 of 31

>z

0200 400 800KM

,,,,,

0200 400 800KM
[ S

Legend
2020
I HH Area
[ 1L Area
[ LH Area
[ LLArea
Unconsidered

Legend
2021
[ HH Area
[ HL Area
[ LH Area
LL Area
Unconsidered

(e) 2020 (f) 2021

Figure A5. Local Moran’s I Cluster Maps of Logistics GIP in Supplementary Years.
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