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Abstract

7

Against the backdrop of global low-carbon transformation and China’s “dual-carbon’
target, the logistics industry has become a key sector for carbon emission reduction due
to its high energy consumption and significant spatial correlation characteristics. Taking
30 provinces in China from 2010 to 2022 as research samples, this paper uses the Super-
SBM model to measure the carbon emission efficiency of the logistics industry, constructs
a spatial correlation network based on the modified gravity model, and explores the
structural characteristics and evolutionary logic of the network through social network
analysis (SNA). Furthermore, the quadratic assignment procedure (QAP) regression is
employed to reveal the driving factors of the spatial correlation effect. The results show
that China’s logistics carbon emission efficiency presents an obvious “east-high west-low,
south-high north-low” spatial pattern with significant positive agglomeration and stable
spillover effects. A nationwide connected spatial correlation network has formed, with
high connectivity, increasing density, and enhanced stability. Eastern coastal provinces
are core nodes, central provinces act as bridges, and western provinces are at the network
edge. The block model divides the network into net benefit, net spillover, and broker
plates, revealing a spillover pattern from the edge to the core. QAP regression shows that
energy intensity, transportation structure, economic level, policy support, and population
size are negatively correlated with spatial correlation, and narrowing regional differences
strengthens network connections.

Keywords: logistics industry; carbon emission efficiency; spatial correlation network; social
network analysis; QAP regression

1. Introduction

With the continuous intensification of the greenhouse effect, low-carbon development
has become a major concern worldwide and domestically, and carbon emissions are the
primary driving factor behind this trend [1]. Since 2009, China has ranked first globally
in carbon dioxide emissions. In September 2020, China announced its dual-carbon goals
at the United Nations General Assembly: to peak carbon dioxide emissions before 2030
and achieve carbon neutrality before 2060. As an important part of China’s economic
system, the transportation and logistics industry (TLI) is a major carbon emitter in the
tertiary industry, and its carbon emissions have maintained a rapid growth trend [2,3].
China’s transportation and logistics industry accounts for approximately 10% to 12% of
the country’s total carbon emissions, making it the third largest source of carbon emissions
after power generation and industry.
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With the continuous expansion of freight volume and industrial scale, the logistics
industry is facing enormous pressure for energy conservation and emission reduction, and
promoting its green and low-carbon development has become a research hotspot [4].

Relying on mobile transportation tools such as vehicles, trains, and aircraft, carbon
emissions of the logistics industry have distinct spatial attributes. The cross-provincial
flow of transportation carriers leads to the generation of logistics-related carbon emissions
across different regions, which further forms inherent spatial correlations in logistics
carbon emissions among provinces [5]. Driven by the improvement of transportation
infrastructure and increasingly frequent cross-regional flow of people and goods, a complex
spatial correlation network of logistics carbon emissions has gradually evolved across
China. However, prominent differences in transportation scale among provinces hinder
the formulation of targeted emission reduction policies.

In addition, simply focusing on total carbon emissions cannot fully reflect provincial
influencing factors. In contrast, an in-depth analysis of carbon emission efficiency is more
conducive to identifying regional driving factors and designing targeted emission reduction
strategies. Against this background, to effectively promote carbon reduction in the logistics
industry and formulate coordinated regional emission reduction policies, it is essential to
clarify the spatial correlation characteristics and internal driving mechanisms of logistics
carbon emission efficiency [6].

This paper aims to explore the spatial correlation network and driving factors of carbon
emission efficiency in China’s logistics industry. Based on the panel data of 30 Chinese
provinces from 2010 to 2022, this study first evaluates the carbon emission efficiency of
the inter-provincial logistics industry and constructs a spatial correlation network. Social
network analysis (SNA) is used to conduct a multi-dimensional analysis of the network
structural characteristics, and quadratic assignment procedure (QAP) regression is adopted
to investigate the driving mechanisms of the spatial correlation network. The research
conclusions can provide references for formulating differentiated carbon reduction policies
and building cross-regional collaborative governance systems for the logistics industry.

The remainder of this paper is organized as follows. Section 2 presents a literature
review. Section 3 introduces the research methods and data sources. Section 4 reports
and discusses the empirical results. Section 5 summarizes the main conclusions and puts
forward corresponding policy recommendations.

2. Literature Review

Against the background of high-quality economic development and low-carbon green
transformation, exploring the influencing factors and evolution rules of regional carbon
emissions has become a mainstream research direction. As the world’s largest carbon
emitter, China has attached great importance to carbon emission control. Driven by eco-
nomic growth and the digital economy, the rapid development of China’s logistics industry
has led to continuous growth in energy consumption and carbon emissions. Balancing
industrial expansion and green development has become an urgent task [7].

Scholars have carried out multi-dimensional research on carbon emissions of the
transportation and logistics industry (TLI), mainly focusing on emission accounting, effi-
ciency evaluation, influencing factors, and spatial correlation networks. In terms of carbon
emission measurement and efficiency evaluation, the IPCC accounting method is widely
used to calculate provincial carbon emission intensity and its spatial distribution [8]. Data
envelopment analysis (DEA) models and their extended forms, including DEA-BCC, SBM,
Super-SBM, and Malmquist index models, have become mainstream tools for evaluating
logistics efficiency and carbon emission efficiency [9,10]. Among them, the Super-SBM
model performs better than the traditional SBM model in evaluating carbon emission
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efficiency [11,12]. For example, Qingyuan Dong et al. employed the super-efficient SBM
model, an improved gravity model, component analysis, the Infomap algorithm, and the
exponential random graph model to analyze the spatial correlation characteristics and
influencing factors of China’s logistics carbon reduction efficiency [13].

Existing studies have covered national, provincial, and typical regional samples such as
the Yangtze River Economic Belt, the new western land-sea corridor, and coastal provinces,
and all confirmed significant regional heterogeneity in logistics carbon emission efficiency.
In terms of influencing factor analysis, scholars have applied the STIRPAT model, Tobit
model, and panel regression models to identify key driving factors. Pattak et al. used the
STIRPAT model to explore the driving factors of carbon emissions in Italy [14]. LI Y et al.
investigated how the digital economy can enhance carbon emission efficiency in the logistics
industry [15]. Li et al. tested the impact of technological innovation on carbon emission
efficiency in China [16]. A large number of studies have also verified that foreign direct
investment, industrial structure, urbanization level, market scale, and population density
are important factors affecting carbon emission efficiency [17-19]. Empirical results show
that logistics efficiency and carbon emission efficiency are mainly affected by economic
development, foreign trade, informatization, industrial structure, resource utilization,
foreign direct investment, urbanization, market scale, and population density. With the
gradual maturity of time-series analysis, academic research has gradually shifted to spatial
network analysis [20-22]. Social network analysis (SNA) is widely used to construct
spatial correlation networks of TLI carbon emissions and analyze network structure, node
attributes, and agglomeration characteristics. SNA constructs correlation matrices to reveal
the structural characteristics of spatial relationships [23-25] and identifies key regions
in the spatial correlation network by analyzing overall network structure, individual
node attributes, and spatial clustering [26,27]. Scholars further adopted the QAP method
combined with panel data to explore the formation mechanisms of spatial correlation
networks [28,29]. For example, given the limitation that traditional models analyze attribute
variables and relational variables separately, some researchers introduced the exponential
random graph model (ERGM) to comprehensively analyze the joint impact of multiple
factors on the formation of spatial correlation networks [30-32]. Existing studies have
proven that TLI carbon emissions are characterized by prominent regional disparities and
complex spatial spillovers. Restricted by the mobility of carbon emission sources in the
logistics industry, regional emission reduction faces great challenges [32,33].

The logistics industry has obvious regional attributes, and there exist complex spatial
correlations among provinces. It is difficult to achieve ideal effects with independent
emission reduction policies formulated by a single province. It is necessary to formulate
targeted policies based on the characteristics of spatial correlation networks and strengthen
cross-provincial and cross-departmental collaborative governance [34,35]. Therefore, for-
mulating differentiated policies according to network characteristics and promoting cross-
regional coordinated governance are crucial for the low-carbon development of China’s
logistics industry [36].

At present, there are relatively few studies focusing on the spatial spillover effects and
internal driving factors of logistics carbon emission efficiency from a national perspective.
On this basis, this paper explores the current situation and spatio-temporal evolution char-
acteristics of logistics carbon emission efficiency in China from 2010 to 2022 and analyzes
its driving factors. The research results can provide a reference for designing differen-
tiated carbon reduction policies and building cross-regional collaborative governance
mechanisms for the logistics industry. The main contributions of this paper are as follows:
(1) constructing a spatial correlation network of provincial logistics carbon emission ef-
ficiency based on the geographical distance, economic scale, and carbon emission scale
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among provinces by using a modified gravity model and (2) exploring the spatio-temporal
evolution characteristics and internal driving mechanisms of the spatial correlation network
of logistics carbon emission efficiency.

3. Method and Data Sources
3.1. Research Methods
3.1.1. Super-SBM Model for Logistics Energy Efficiency Measurement

This paper selects nine major energy types consumed by the logistics industry, in-
cluding raw coal, gasoline, and kerosene, to calculate provincial energy consumption and
carbon emissions. The calculation formulas are shown as Formula (1) and Formula (2):

Eij = Qi - 0; )
n
=1

where Ej; is the standard coal consumption of energy type j in region i; Q;; is the physical
consumption of energy type j in region i; ; is the standard coal conversion coefficient
of energy j; C; is the total carbon emissions of the logistics industry in region i; and J; is
the carbon emission coefficient of energy j. The relevant energy conversion and emission
coefficients are shown in Table 1 [37].

Table 1. Standard coal conversion coefficients and carbon emission coefficients of common energies.

Coefficient Raw Coal Gasoline Kerosene Diesel Fuel Oil Other Petroleum Products Natural Gas Heat Electricity
0; 0.7143 1.4714 1.4714 1.4571 1.4286 12 1.143 0.0341 1.29
J; 0.756 0.401 0.571 0.592 0.618 0.585 0.448 0.252 0.29

Tone proposed a non-radial and non-oriented SBM model, which can effectively
distinguish and rank decision-making units (DMUs) with an efficiency value of 1 [38].
Assuming there are n independent DMUs, each containing m input variables and s output
variables, the Super-SBM model is constructed as follows:
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where p represents the efficiency value of the evaluated DMU; s; and s;" represent slack
variables of inputs and outputs, respectively; A denotes the weight coefficient of input and
output indicators; and k refers to the k-th decision-making unit.

3.1.2. Spatial Correlation Network for Carbon Emission Efficiency of TLI

Each province is regarded as a network node, and the spatial correlation degree of
logistics carbon emission efficiency between provinces is defined as the network edge.
The correlation value is taken as the edge weight to construct a weighted directed spatial
correlation network. Considering the directionality of inter-provincial logistics transporta-
tion and the differences in carbon emission efficiency, geographical location, and eco-
nomic conditions among provinces, the network presents the characteristics of a weighted
directed network.

Common methods for judging network correlation relationships include the VAR
Granger causality test and gravity model. The VAR model is overly sensitive to lag order
selection and cannot accurately capture dynamic network changes. In contrast, the gravity
model can combine cross-sectional data such as geography, economy, and population to
judge inter-regional correlation and identify the evolution trend of spatial correlation, and
it can also quantify the spatial transmission paths among regional units [39,40].

This paper adopts a modified gravity model, as shown in Formula (4).

L VP TU; /Py T Uy

Giw = Ti + Tw ( Diy )2

(4)

ej—eyw

where i and w represent province i and province w, respectively; G;,, is the gravity co-
efficient between province i and province w; Q; is the carbon emission efficiency value
of province i; P; is the year-end permanent population of province i; GDP; is the gross
domestic product of province i; Dj,, is the straight-line distance between the capitals of
province i and province w; and POP; is the per capita GDP of province i.

The gravity coefficient matrix of 30 x 30 among all provinces is calculated according
to Formula (4). The average value of each row in the matrix is set as the threshold: if
the gravity coefficient is greater than the threshold, the value is recorded as 1, indicating
a significant spatial correlation between the two provinces; otherwise, it is recorded as
0, indicating no significant spatial correlation. Finally, a 0-1 spatial correlation matrix is
obtained. Taking 30 provinces as nodes and the elements of the spatial correlation matrix as
edges, the spatial correlation network of logistics carbon emission efficiency is constructed.

3.1.3. Social Network Analysis

Social network analysis (SNA) originates from sociology and is mainly used to
study social relationship networks. This paper uses UCINET 6.0 software to analyze
the inter-provincial spatial correlation network of logistics carbon emission efficiency from
three dimensions: overall network characteristics, individual node characteristics, and a
block model.

(1) Network Density Analysis

This paper selects network density, network connectivity, network hierarchy, and
network efficiency to describe the overall network structure. The calculation formulas are

as follows:
D=N/M(M-1) (5)
|4
= M-/ ©
H =1— K/max(K) (7)
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E=1-5/max(S) (8)

where D is network density; N is the actual number of correlation relationships in the
network; M is the total number of network nodes; C is network connectivity; V is the
number of isolated node pairs; H is network hierarchy; K is the number of symmetric
reachable node pairs; max(K) is the maximum number of reachable node pairs in theory;
E is network efficiency; S is the number of redundant connections; and max(S) is the
theoretical maximum number of redundant connections.

(2) Individual Network Analysis

Degree centrality, betweenness centrality, and closeness centrality are adopted to
analyze the attribute characteristics of individual network nodes:

Cay = d@ /(N =1) )
NN
22 L bik(i)/jk
g
1
L djj
j=1

where Cy; is the degree centrality of province i; d(;) is the number of provinces connected
to i; Cy;) is the betweenness centrality; C,(;) is the closeness centrality; d;; is the shortest
path length between i and j; b is the number of shortest paths between j and k; and by ;)
is the number of paths passing through i.

(3) Block Model Analysis

The block model is a classic spatial clustering method in social network analysis, which
can classify network nodes and identify their functional attributes according to network
relationship characteristics [41]. Referring to existing research, network nodes are divided
into four types of plates: two-way spillover, net benefit, broker, and net spillover [42]. The
classification criteria are shown in Table 2.

Table 2. Block model division criteria.

Ratio of Received Relationships

Ratio of Internal Relationships

~0 >0
> (gk—1)(g—1) Two-way spillover Net benefit
<(gx—1)(g—-1) Net spillover Broker

Note: g represents the number of provinces within the sector, g represents the number of provinces in the entire
correlation network.

Among these categories, the “two-way spillover” plate refers to a group where its
members maintain a relatively high number of spillover connections—both with members
of other plates and within the plate itself. The “net benefit” plate, by contrast, denotes a
plate that receives far more relational links from other plates than the number of connections
it spills outward to other plates. As for the “broker” plate, its members not only obtain a
large volume of relationships from other plates but also send out a substantial number of
connections to external plates, thereby functioning as intermediaries and bridging nodes
in the overall network. Additionally, the “net spillover” plate is defined by its members
having notably more spillover relationships with members of other plates compared to the
number of relationships they receive from outside their own plate.
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3.1.4. Quadratic Assignment Procedure (QAP) Analysis

The quadratic assignment procedure (QAP) is a special method for analyzing the cor-
relation and regression relationships among multiple relational matrices. Its core principle
is to compare the corresponding elements of different matrices to calculate correlation
coefficients and conduct non-parametric significance tests [43]. QAP regression can realize
the regression analysis of one explained matrix and multiple explanatory matrices. The
regression formula is as follows:

X =f(T,Tp, T, ...... ,Ty) (12)

where X denotes the spatial association matrix, acting as the explained variable. Specifically,
this study employs the spatial correlation matrix of carbon emissions associated with the
TLL T; (j=1,2,3 ... n) represents the influencing factor matrices, serving as explanatory
variables. Each Tj is a square matrix that both exerts an impact on carbon emissions and
gauges the regional variations in the TLI.

This paper selects six influencing factors as explanatory variables: transportation
structure (TS), energy intensity (EI), transportation intensity (TI), economic development
level (GDP), policy support (PS), and population size (POP). The variable definitions are
shown in Table 3.

Table 3. Description of related variables.

Variable Abbreviation Illustrate Unit
Comprehensive indicator of the
transportation structure TS proportion of highways, railways, %

and water transportation

The total amount of energy
consumed in producing each unit

energy intensity EI of logistics added value, measured 10,000 tons /10,000 yuan
in standard coal
. . The turnover of goods .
transportation intensity TI corresponding to a unit of GDP Ton kilometer /10,000 yuan
level of national economic development GDP Gross domestic product 10,000 yuan
The proportion of the local
. government’s fiscal expenditure in o
policy support PS the logistics industry to the total &
local public budget expenditure
population size POP Year-end permanent population 10,000 people

3.2. Data Sources

Considering data availability, representativeness, and integrity, this paper selects
30 provincial-level regions in mainland China (excluding Xizang, Hong Kong, Macao, and
Taiwan) as research objects, with the research period from 2010 to 2022. All data are mainly
derived from the China Statistical Yearbook, the China Energy Statistical Yearbook, provin-
cial statistical yearbooks, and the Tertiary Industry Statistical Yearbook. Since there is no
independent statistical category for the logistics industry in official statistical standards,
this paper follows mainstream academic practices and adopts the data of transportation,
warehousing, and postal services to represent the development level of the logistics in-
dustry [44]. The evaluation index system of logistics carbon emission efficiency, including
undesirable outputs, is shown in Table 4.
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Table 4. Evaluation index system of logistics carbon emission efficiency.

Indicator Type Indicator Name Indicator Caliber
Fixed asset investment (100 million yuan) Total social asset investment in logistics
Input Energy consumption (10,000 tons) Total energy consumption of logistics
Employees (10,000 people) Year-end employees in logistics
Desirable output Industrial GDP (100 million yuan) Logistics GDP of each province
Undesirable output CO; emissions (10,000 tons) Carbon emissions from logistics energy consumption

4. Results and Discussion
4.1. Overall Spatial Distribution of Logistics Carbon Emission Efficiency

According to Figure 1, the carbon emission efficiency of China’s logistics industry
is divided into three levels: a high-efficiency zone, a medium-efficiency zone, and a low-
efficiency zone. On the whole, the efficiency presents an obvious gradient pattern: high in

the east and low in the west, high in the south and low in the north, with prominent spatial
agglomeration characteristics.

Hei lolllJJanE
Province

Jilin
Province

\‘ Inner Mongolia

Xinjiang Uygur Autonomous Region Gansu Autonomous Region
Province

\’v\;\/"\“}o

N

Qinghai

Province

Xizang Autonomous Region

Carbon emission efficiency
of logistics industry

No date

Yunnan

o Province
Low efficiency zone

Medium efficiency zone

EROO

High efficiency zone

0 110 220 440 660 880

Figure 1. Spatial distribution of annual average carbon emission efficiency in China’s logistics
industry.

High-efficiency zones are concentrated in the three major economic circles along
China’s eastern coast, including Beijing and Tianjin in the Beijing-Tianjin—-Hebei region,
Shanghai, Jiangsu, and Zhejiang in the Yangtze River Delta, and Guangdong in the Pearl
River Delta. These regions are the benchmark areas for the low-carbon development of
China’s logistics industry.

Medium-efficiency zones present a T-shaped transitional distribution: horizontally
covering Liaoning, Shandong, Hebei, and Fujian along the eastern coast; vertically running
through Henan, Hubei, Hunan, Anhui, and Jiangxi in central China, as well as Sichuan and
Chongqing in southwest China. Medium-efficiency regions connect high-efficiency and
low-efficiency zones and have great potential for low-carbon development.
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Low-efficiency zones are mainly distributed in northeast, northwest, and southwest
inland regions, including Heilongjiang and Jilin in northeast China; Shanxi and Inner
Mongolia in north China; Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang in northwest
China; and Guangxi, Yunnan, and Guizhou in southwest China, as well as Hainan. These
areas are the weak links of low-carbon transformation in China’s logistics industry, with
efficiency values far below the national average.

4.2. Analysis of Spatial Correlation Network Structure of Carbon Emissions in TLI
4.2.1. Overall Network Characteristics

Based on the modified gravity model, the provincial logistics carbon emission ef-
ficiency matrix is converted into a 0-1 binary matrix. This paper selects four key time
nodes, 2010, 2014, 2018, and 2022, and uses UCINET for network visualization and overall
characteristic analysis (Figure 2, Table 5).

) ' LiaoningZ®Jilin Inner Mongolia
__Aliangxi Hunan
Jiangsu Hubei
Ningxia Henan
Qinghai Heilongjiang
Shaanxi Hebei
Shandon Guizhou
Hainan Shanghai
Shanxi Guangxi
Sichuan Guangdong
Tianjin Gansu
“WAnhui .
Fujian
Xingjiana: Chongging
®Yunnan Zhejiang ' Beijing
Figure 2. Spatial correlation network of logistics carbon emission efficiency (2022).
Table 5. Overall characteristics of spatial correlation network (2010-2022).
Indicator 2010 2014 2018 2022

Network density 0.2897 0.3126 0.3345 0.3218
Network connectivity 1.0000 1.0000 1.0000 1.0000
Network hierarchical degree 0.5726 0.5513 0.5287 0.5402
Indicator 0.6143 0.5927 0.5706 0.5834

From Figure 2, it is evident that a distinct core—periphery structure is observed, with
Beijing, Shanghai, Jiangsu, Zhejiang, Guangdong, Fujian, and Shandong serving as net-
work centers that receive a high number of connections, while provinces such as Qinghai,
Xinjiang, Yunnan, Heilongjiang, Jilin, and Liaoning are located at the periphery of the
network and generate a significant number of connections.

From 2010 to 2018, the network density continued to rise, and the actual number of
network connections increased from 261 to 301, indicating that regional logistics integration
and low-carbon technology spillover effects were continuously enhanced. Affected by the
COVID-19 pandemic, the network density declined slightly from 2018 to 2022 but was still
significantly higher than the initial level, and the network showed a recovery trend after
the pandemic.
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The network connectivity remained 1.0000 in all four years, meaning that all
30 provinces were included in a unified interconnected network with no isolated nodes. The
logistics carbon emission efficiency of each province was not independent, and widespread
cross-regional correlations existed.

From 2010 to 2018, the network hierarchy decreased continuously, which reflected that
the hierarchical gap between eastern core provinces and central and western provinces was
gradually narrowed. The network efficiency also declined year by year, accompanied by the
increase in redundant connections and the improvement of overall network stability, which
avoided network collapse caused by individual node disconnection. From 2018 to 2022,
network hierarchy and network efficiency rebounded slightly. The pandemic strengthened
the hub status of core provinces and widened regional hierarchical differences to a certain
extent, and partial cross-regional connections were interrupted, leading to a slight decline
in network stability.

4.2.2. Individual Network Analysis

This paper adopts degree centrality, betweenness centrality, and closeness centrality
to analyze individual node attributes in 2010, 2014, 2018, and 2022 (Table 6).

Table 6. Centrality analysis results of provincial nodes.

Degree Centrality Betweenness Centrality Closeness Centrality
Provinces 2010 2014 2018 2022 2010 2014 2018 2022 2010 2014 2018 2022
Guangdong 8276 8621 89.66 8621 1422 1487 1568 1513 8756 8923 9032 89.15
Shandong 79.31 8276 8621 8276 1265 1324 1397 1351 8512 86.78 87.89 86.71
Jiangsu 7931 8276 8621 8276 1258 13.19 1392 1346 85.07 86.72 87.83 86.65
Hebei 3793 4138 4483 4138 338 359 3.84 37  63.08 6485 6659 64.78
Zhejiang 7586 7931 8276 7931 1037 11.05 11.86 11.42 82.63 84.36 8547 84.29
Shanghai 7586 7931 8276 7931 1029 1098 11.79 1135 8258 8431 8542 84.24
Beijing 7241 7586 7931 7586 9.86 1042 11.03 1071 80.23 82.05 83.16 81.99
Tianjing 62.07 6552 6897 6552 763 817 872 841 7542 7726 7895 77.18
Henan 7241 7586 7931 7586 972 1036 1097 10.65 80.15 81.98 83.09 81.92
Hunan 58.62 62.07 6552 6207 824 915 1006 958 7325 7514 7693 75.07
Liaoning 3793 41.38 4483 4138 342 3.67 392 378 6315 6492 66.67 64.85
Hubei 58.62 62.07 6552 6207 986 11.02 1235 1178 7416 76.03 77.82 7596
Sichuan 58.62 62.07 6552 6207 795 862 938 9.01 7298 7487 76.66 74.8
Anhui 55.17 58.62 62.07 5862 786 895 1012 9.64 7164 7352 7531 7345
Fujian 3793 4138 4483 4138 357 382 407 393 6329 6504 66.79 64.97
Xinjiang 1724 1724 1724 1724 018 021 024 022 4192 4358 4533 4351
Shanxi 55.17 58.62 6207 5862 752 803 854 826 7132 7318 7497 73.11
Heilongjiang ~ 27.59 31.03 3448 31.03 152 174 196 185 5723 5897 60.72 589
Jilin 2759 31.03 3448 31.03 146  1.68 1.9 179 5715 5889 60.64 58.82
Jiangxi 4138 4483 4828 4483 4.26 4.68 5.12 485 6578 6745 69.14 67.38
Chongqing 4138 44.83 4828 4483 418 459 503 476 6562 6731 69.01 67.24
Guangxi 31.03 3448 3793 3448 216 238 259 247 5947 6123 6298 61.16
Yunnan 31.03 3448 3793 3448 209 231 252 24 5932 61.08 6283 61.01
Shanxi 31.03 3448 3793 3448 195 217 238 226 59.16 6092 62.67 60.85
Neimenggu 31.03 3448 3793 3448 1.87 2.09 231 218 5894 60.76 6251 60.69
Guizhou 2759 31.03 3448 31.03 123 145 167 156 56.87 58.62 6037 5855
Gansu 2414 2414 2759 2414 085 092 099 095 5462 5634 58.09 56.27
Hainan 1724 1724 1724 1724 031 034 037 035 4875 5042 5217 5035
Ningxia 2069 20.69 2414 2069 042 047 052 049 5218 53.89 5564 53.82
Qinghai 1724 1724 1724 1724 021 024 027 025 4235 4401 4576 4394

From 2010 to 2018, the three types of centrality indicators of all provinces increased
synchronously with the rise of network density. It shows that the spatial correlation scope
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of inter-provincial logistics carbon emission efficiency was expanding, the intermediary
transmission function was improved, and network accessibility was significantly enhanced.
From 2018 to 2022, restricted by the pandemic, various centrality indicators decreased
slightly but were still higher than the 2010 baseline. The core structure of the network did
not change fundamentally and maintained a good recovery momentum.

Eastern coastal provinces, including Guangdong, Shandong, Jiangsu, Zhejiang, Shang-
hai, Beijing, Henan, and Tianjin, always ranked in the top 8 in all centrality indicators,
becoming the absolute core nodes of the network and dominating the correlation and
transmission of the whole network. By contrast, northwest provinces such as Xinjiang,
Qinghai, Hainan, Ningxia, and Gansu stayed at the bottom of the ranking, with a narrow
correlation scope, weak intermediary capacity, and poor accessibility, forming an obvious
low-value lock-in effect.

The bridging role of central provinces became increasingly prominent: the growth
rate of betweenness centrality of Hubei, Anhui, and Hunan was higher than the national
average. From 2010 to 2018, the betweenness centrality of Hubei rose from 9.86 to 12.35,
and that of Anhui increased from 7.86 to 10.12. Central provinces have gradually become
key transmission nodes connecting eastern core areas and western peripheral areas, and
their role as regional collaborative hubs has been continuously strengthened.

4.2.3. Block Model Analysis

This paper uses the CONCOR algorithm in UCINET to carry out block model analysis
on the 2022 logistics carbon emission efficiency network and divides 30 provincial-level
regions into four functional plates (Figures 3 and 4, Table 7).
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Jiangxi
Hubei
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Hebei
Jilin
Shaanxi
Henan

Beijing
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Hellongjiang

Anhui
Shanxi
Xinjiang
Inner Mongolia
Mingxia
Qinghai

/

Figure 3. Spatial clustering results of logistics carbon emission efficiency (2022).
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Plate 1

Internal Association:63

Guangdong, Zhe jiang, Hunan,
Chongging, Fujian, Sichuan,
Jiangxi, Hubei, Shanghai

59 T57
34 l

10 Plate 3 2

Internal Association:93

Jiangsu, Shandong, Tianjin, Hebei,

. s 6
8 Jilin, Shaanxi, Henan, Beijing,
55 Liaoning, Anhui, Hei long jiang, k
Shanxi
Plate 2 Plate 4
Internal Association:9 1 Internal Association:9
Guizhou, Guangxi, Yunnan, " Yinjiang, Inner Mongolia
-«
Hainan, Gansu 3 Ningxia, Qinghai

Figure 4. Internal and external correlation of each plate (2022). The numbers on the horizontal line
with an arrow pointing to the right represent the number of receiving relationships outside. The
numbers on the horizontal line with an arrow pointing to the left in represent the number of sent
relations outside.

Table 7. Correlation and spillover characteristics of each plate (2022).

Block Provinces Received Relations Sent Relations Expectgd Inter.nal Actuall Intern.al Block Attribute
Relation Ratio Relation Ratio
Within Outside Within Outside
Guangdong, Zhejiang,
Hunan, Chongging, o o Net
1 Fugiar,, Shanghai, 63 91 63 71 27.59% 47.01% Benefit
Sichuan, Jiangxi, Hubei
2 Guizhou, Guangxi, 9 21 9 60 13.79% 13.04% Net Spillover
Yunnan, Hainan, Gansu
Jiangsu, Shandong,
Tianjin, Hebei, Jilin, Net
3 Shaanxi, Henan, Beijing, 93 118 93 71 37.93% 56.71% B .
oo . " enefit
Liaoning, Heilongjiang,
Anhui, Shanxi
Xinjiang, Inner
4 Mongolia, Ningxia, 9 9 9 37 10.34% 19.57% Broker

Qinghai

Plate 1 consists of nine provinces mainly distributed in eastern coastal areas and
the middle and lower reaches of the Yangtze River, presenting a net benefit attribute.
This plate receives more efficiency spillovers than it outputs and is the main recipient of
national logistics carbon emission efficiency spillovers. Developed eastern provinces such
as Guangdong, Shanghai, and Zhejiang drive the low-carbon development of central and
western provinces such as Hunan, Hubei, and Chonggqing. Plate 2 includes five provinces
located in southwest and southern marginal areas, belonging to the net spillover plate.
Its output of efficiency spillovers is far greater than the received spillovers, which is an
important source of driving force for the overall improvement of national logistics carbon
emission efficiency. Plate 3 covers twelve provinces in north, northeast, and east China,
which is the largest net benefit plate in the country and highly dependent on external
efficiency input. Plate 4 is composed of four northwest inland provinces with broker
attributes. This plate not only receives efficiency spillovers from other plates but also
outputs spillovers to the outside, acting as a bridge connecting net spillover plates and net
benefit plates. Plate 4 refers to regions abundant in oil, coal, and natural gas reserves, where
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transportation infrastructure remains underdeveloped and economic growth is relatively
slow; consequently, energy efficiency related to logistics in these areas is low.

In 2022, the spatial correlation network of China’s logistics carbon emission efficiency
formed a clear plate structure and spillover pattern: spillover from peripheral areas to core
areas, which is different from the traditional “core to periphery” spillover mode and reflects
the regional imbalance of low-carbon development in China’s logistics industry. In the
future, it is necessary to strengthen inter-plate communication and cooperation, improve
the internal coordination capacity of net spillover plates, give full play to the bridging
role of broker plates, and promote the overall improvement of national logistics carbon

emission efficiency.

4.3. Influencing Factors of Spatial Correlation Network of Carbon Emissions Efficiency of TLI

We conducted a QAP correlation analysis and regression analysis on the spatial
correlation matrix, and the calculation results are presented in Tables 8 and 9.

Table 8. QAP correlation coefficients of influencing factors.

Coefficient =~ GDP EIl POP TS TI PS
GDP 1.000 0.512 0.568 —0.015 0.006 —0.087
El 0.512 1.000 0.379 —0.021 0.053 —0.261
POP 0.568 0.379 1.000 —0.034 0.038 —0.112
TS —0.015 —0.021 —0.034 1.000 0.047 0.005
TI 0.006 0.053 0.038 0.047 1.000 —0.002
PS —0.087 —0.261 —-0.112 0.005 —0.002 1.000

Table 9. QAP regression results of spatial correlation matrix.

Non-Standard Regression Standard Regression Permutation Standard

Variable Name Coefficient Coefficient Deviation p-Value
Intercept term 0.283 0 0.012 0
EI —0.182 —0.315 0.027 0
TS —0.105 —0.174 0.031 0.0007
TI —0.072 —0.118 0.033 0.0142
GDP —0.146 —0.258 0.029 0
POP —0.084 —0.146 0.032 0.0041
PS —0.091 —0.153 0.03 0.0023

According to QAP correlation results, there is a significant positive correlation be-
tween economic development level and population size (coefficient = 0.568). Economic
development level is also positively correlated with energy intensity (coefficient = 0.512),
indicating that the larger the economic gap between provinces, the more obvious the
difference in logistics energy utilization efficiency. The correlation coefficient between
energy intensity and policy support is —0.261, showing a significant negative correlation. It
means that provinces with strong low-carbon policy support can effectively reduce logistics
energy consumption and narrow the efficiency gap with advanced regions even under
different economic foundations. The absolute values of correlation coefficients between
transportation structure, transportation intensity, and other variables are all less than 0.1,
indicating that the two industrial indicators are relatively independent and will not cause
multicollinearity with macroeconomic, population, and policy variables.

QAP regression results show that all six variables pass the significance test, and
all regression coefficients are significantly negative. It means that the smaller the inter-
provincial difference of each indicator, the easier to form a stable spatial correlation of

logistics carbon emission efficiency.
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In terms of influence intensity, energy intensity has the largest impact (standardized
coefficient = —0.315). A smaller gap in energy intensity represents similar low-carbon tech-
nology and energy utilization levels between provinces, which is conducive to two-way
technology spillover, resource sharing, and coordinated development. Excessive technologi-
cal differences will form technical barriers and hinder spatial correlation. It is recommended
to establish a cross-provincial low-carbon technology sharing platform to bridge the gaps
in energy consumption and technological capabilities between provinces and eliminate
barriers to technology transfer.

Transportation structure and transportation intensity also significantly restrict spatial
correlation. Similar transportation structure reduces the cost of a cross-regional logistics
connection and promotes factor flow and efficiency spillover. Close transportation intensity
means matching the logistics market demand scale and structure, which helps to form
long-term industrial linkage. It is recommended to establish a cross-provincial low-carbon
technology sharing platform to bridge the gaps in energy consumption and technological
capabilities between provinces and eliminate barriers to technology transfer.

Among external influencing factors, economic development level has the most promi-
nent impact (standardized coefficient = —0.258). Provinces with similar economic levels
have matching logistics development demand and low-carbon investment capacity and are
more likely to carry out equal cross-regional cooperation. Too large an economic gap will
lead to mismatched development stages and difficult collaboration.

Policy support and population size also play significant roles. Consistent low-carbon
policy orientation can break administrative barriers and provide an institutional guarantee
for cross-regional element flow. A similar population size means equivalent logistics market
capacity, which maintains stable logistics exchanges and spatial correlation.

5. Conclusions and Policy Recommendations
5.1. Conclusions

Taking 30 provincial-level regions in China as research samples, this paper combines
the Super-SBM model, modified gravity model, social network analysis, and QAP regres-
sion to systematically explore the spatio-temporal distribution, network structure, and
driving factors of logistics carbon emission efficiency. The main conclusions are as follows:

(1) The carbon emission efficiency of China’s provincial logistics industry has obvious
spatio-temporal differentiation characteristics. From 2010 to 2022, the overall efficiency
presents a stable pattern of “high in the east and low in the west, high in the south and
low in the north”. Eastern coastal provinces maintain high efficiency, while northwest and
southwest inland provinces are stuck in low efficiency, with a large regional gap. Global
Moran’s I index shows significant positive spatial agglomeration during the whole research
period. The Yangtze River Delta forms a national high-efficiency hot spot, while northwest
and southwest inland areas form low-efficiency cold spots. Core eastern cities have strong
agglomeration but insufficient radiation driving effect on the surrounding areas.

(2) A nationwide interconnected spatial correlation network of logistics carbon emis-
sion efficiency has been formed and evolved in phases. The network connectivity always
remains 1, with no isolated provinces. The network density increased steadily before 2018
and declined slightly after the pandemic but is still higher than the initial level. The net-
work hierarchy weakened before 2018 and rebounded after 2018. Eastern coastal provinces
are core network nodes with strong control ability; central provinces act as important
transmission bridges; western provinces are at the network edge with obvious low-value
lock-in. The block model presents a unique spillover pattern from peripheral plates to
core plates.
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(3) Inter-provincial development differences are the core constraints of spatial cor-
relation. Energy intensity, transportation structure, transportation intensity, economic
development level, policy support, and population size all have significant negative im-
pacts on spatial correlation. Narrowing regional gaps in technology, industry, economy,
policy, and market demand is the key to promoting cross-regional coordinated development
of logistics carbon emission efficiency.

5.2. Policy Recommendations

(1) The government should pay attention to the spatial correlation of logistics energy
efficiency across provinces, implement cross-regional collaboration and coordination, and
abandon the concept of local governments independently improving energy efficiency.
Establish a cross-regional and cross-sectoral collaborative emission reduction mechanism
for the logistics industry; construct a unified cross-provincial logistics emission reduction
coordination system, accelerate the interconnection of logistics infrastructure between
the eastern and western regions, as well as between the central and western regions,
and compensate for the infrastructure shortcomings in underdeveloped western regions;
establish a regional benefit sharing and ecological compensation mechanism to eliminate
administrative and policy barriers. The developed eastern regions should fully leverage
their technological and economic advantages to promote the low-carbon transformation
of the logistics industry in the central and western regions, while the central and western
regions should actively learn from advanced experiences and promote the application of
relevant technologies.

(2) Optimize the spatial collaborative network to promote coordinated regional devel-
opment; strengthen the technology spillover and radiation effects in core eastern regions
such as the Yangtze River Delta and the Pearl River Delta, addressing the issue of “de-
veloped core areas and underdeveloped peripheral areas”; consolidate the bridge role of
central provinces, smoothing the efficiency transmission channels between the east and
the west; increase targeted policy support for western peripheral provinces, helping them
break through the dilemma of low efficiency and integrate into the national collaborative
emission reduction system.

(3) Governments at all levels need to balance economic development and environmen-
tal protection goals. By transforming the mode of economic growth, they should vigorously
develop a low-carbon economy and support the development of logistics enterprises with
low energy consumption, low emissions, and low pollution. Provinces at the edge of the
network should implement preferential policies for talent introduction as soon as possible,
narrow the gap in human capital, and provide sufficient supporting infrastructure and
talent reserves for the construction of a smart logistics and distribution system. Balance
the investment in environmental infrastructure construction among provinces, especially
increasing the investment in environmental infrastructure in remote provinces. Increase
investment in environmental infrastructure, promote the continuous upgrading of related
facilities, and reduce the gap in logistics carbon emission governance among provinces.
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