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Abstract

The New Western Land–Sea Corridor (NWLSC), a key logistics initiative of China, serves
as a strategic passage connecting Eurasia. This study establishes an indicator system to
evaluate its logistics resilience, and explores the structural evolution and corresponding
driving mechanisms of the logistics resilience spatial correlation network. With the panel
data of 13 provincial-level regions along the corridor, this study adopts the standard devia-
tional ellipse and centroid migration model to examine the spatial distribution of logistics
resilience and the migration trajectory of its gravity center, respectively. It also employs
the modified gravity model and social network analysis (SNA) to investigate the structural
configuration of the logistics resilience spatial correlation network, and applies the QAP
(Quadratic Assignment Procedure) model to reveal the relevant driving mechanisms. The
findings are concluded as follows. (1) The overall logistics resilience level of the NWLSC
has been continuously improving, with a prominent regional imbalance; its spatial gravity
center has long been located within Sichuan Province and has begun to shift toward the
northeast. Meanwhile, the logistics resilience spatial correlation network has gradually
evolved from a relatively dispersed and loose pattern to a mature, hierarchical, and inte-
grated network system with a clear core–periphery structure, presenting the evolutionary
trends of agglomerative morphology, stable connection direction, and orderly centroid
migration. (2) The logistics resilience spatial correlation network features high accessi-
bility with no isolated nodes, but the overall scale and density of network connections
remain relatively fragmented. It has displayed a tendency of phased contraction under
external shocks, followed by restoration and further enhancement. (3) Each block has a
clear functional division, forming a pattern of “net beneficiary absorption, broker connec-
tion, net spillover supply, and bidirectional spillover linkage”. The network has formed a
mature tributary system with distinct functional division of blocks: the core cluster plays
the role of a sink for resilience resources, the peripheral blocks serve as resource supply
sources, and some provinces have evolved into pivotal broker nodes, with inter-block
spillovers becoming the core of the correlation network. (4) The QAP analysis confirms
that the structural evolution of the logistics resilience spatial correlation network is sig-
nificantly and positively driven by the economic development, educational advancement,
and geographical proximity, which together form a hierarchical and synergistic driving
mechanism, while the effects of inclusive finance and informatization are not significant
due to the relevant conditional constraints. Robustness tests confirm the reliability of the
aforementioned findings. Therefore, this study provides an important academic basis and
practical enlightenment for optimizing the spatial network structure and enhancing the
development quality of logistics resilience in the NWLSC.
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1. Introduction
1.1. Background and Practical Context

As a flagship comprehensive international logistics passage initiated by China, the
New Western Land–Sea Corridor (NWLSC) is interconnected with the Silk Road Economic
Belt northward to reach Central Asia and Europe, and linked to the 21st Century Maritime
Silk Road southward to establish sound logistic connections with Southeast Asia, South Asia
and Europe. The construction of the NWLSC constitutes a national strategic arrangement
aimed at enhancing logistics resilience and safeguarding the stability and security of
regional industrial chain systems. The NWLSC spans the 12 western provincial-level
regions such as Chongqing and Guangxi, additionally covering Hainan Province, Zhanjiang
City of Guangdong Province, and Huaihua City of Hunan Province. By 2025, the annual
freight volume of rail–sea intermodal trains along the corridor surpassed 1 million TEUs,
with the transport network extending to 593 ports across 127 countries and regions. This has
fostered a fully covered logistics system featuring integrated land and sea coordination. In
the coming 15th Five-Year Plan period, China will accelerate the construction of the NWLSC
to boost its logistics scale and operational performance. In line with the requirement of a
cross-regional coordinated layout of transportation set forth in the State Council’s Opinions on
Accelerating the Development of a Unified and Open Transportation Market, cultivating logistics
resilience is essential for the NWLSC to serve national development strategies.

However, the corridor’s inherent complexity, spanning multiple administrative ju-
risdictions and integrating diverse transport modalities, has precipitated a structural im-
pediment to resilience enhancement. On the side of inter-regional coordination, while the
“13 + 2” Provincial Joint Conference Mechanism provides a top-tier institutional framework,
path dependency on territorial management and homogeneous low-price competition still
persists. Official disclosures indicate that these maladaptive behaviors occasionally trigger
cross-regional resource misallocation and efficiency losses. Critically, the downward trans-
mission of this mechanism remains constrained by insufficient horizontal coordination.
Specifically, the spatial adjacency and industrial homogeneity of Chongqing and Chengdu
have historically fueled predatory pricing wars within the China–Europe Railway Express
market. This subsidy-centric competition induced significant market distortion, wherein
export firms prioritized financial incentives over logistical efficiency, selectively opting
for longer, indirect routes over optimal corridors to maximize local subsidy capture. At
the side of multimodal transport, legislative proposals from the Chongqing delegation
(March 2026) and subsequent policy interviews with the Ministry of Transport (June 2026)
underscore that there still are deficiencies in the digitalization and standardization of
transport documents to some extent, which impede the substantive implementation of the
Single-Document System. Specifically, this institutional friction is physically manifested
in redundant container reloading at Qinzhou Port, where rail-borne cargo sometime has
to be transshipped into maritime containers. Therefore, given the corridor’s vast geo-
graphic scope and organizational sophistication, it is urgent to promote logistics resilience
through a systemic collaborative governance paradigm. However, few existing policy
studies are grounded in quantitative characterizations of the structural features of logistics
resilience networks.
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1.2. Research Questions and Contributions

To fill this gap and lay the groundwork for one of the most basic preconditions of
such collaborative governance, this study aims to unpack the topological structure of the
corridor’s logistics resilience spatial correlation network and identify the core driving
factors behind its spatiotemporal evolution mechanisms. In concrete terms, this paper
explores the following research questions.

(1) What is the overall structure of the logistics resilience spatial correlation network?
(2) What is the status and positioning of each province within the entire network?
(3) What factors drive the structural evolution of functional blocks and the spatial network?

To answer those questions, this paper establishes an original five-dimensional indica-
tor system, which includes Operationality, Withstandability, Adaptability, Recoverability,
and Transitability. Adopting a combined weighting method integrating the CRITIC ap-
proach and the improved entropy method, it quantitatively evaluates the logistics resilience
of 13 provincial-level regions along the NWLSC. Furthermore, this study employs the
standard deviation ellipse and centroid migration model to reveal the spatiotemporal
differentiation and centroid evolution trajectory of logistics resilience. On this basis, the
gravity-based adjacency matrix and social network analysis are applied to deconstruct
the overall network structure, nodal functional status, and block clustering features of
the logistics resilience spatial network. Ultimately, the QAP (Quadratic Assignment Pro-
cedure) model is utilized to uncover the core mechanisms propelling the development
and evolution of the spatial network. This study clarifies the current state of logistics
resilience in the NWLSC, reveals the functional positioning of each province within the
network, and disentangles the key factors driving network evolution, thereby offering
solid decision-making support for the high-quality development of the NWLSC in the 15th
Five-Year Plan period.

The marginal contributions are summarized as the following three points.
First, in terms of research object, this paper takes the logistics resilience of the NWLSC

as the entry point, responding to the national strategic demand for building a diversified
and shock-resistant international logistics corridor system in the coming 15th Five-Year
Plan period. The previous literature on the NWLSC mainly focuses on qualitative analysis
of logistics policy, infrastructure layout, trade economy and so on, while largely neglecting
the quantitative exploration of logistics resilience and its spatial network structural charac-
teristics. This paper fills this research vacancy by embedding logistics resilience into the
empirical framework of the NWLSC.

Second, in terms of research content, this paper systematically reveals the spatiotem-
poral differentiation of logistics resilience, the overall evolution law of spatial network
structure, the individual nodal functional positioning of each province, the block spillover
effects across the NWLSC, and the core driving factors and their hierarchical synergistic
effects with the quantitative method. These findings on structural and mechanism charac-
teristics enrich the empirical evidence for the spatial network structure evolution of regional
logistics resilience with the decision support for coordinated high-quality development of
the NWLSC.

Third, in terms of research methodology, this paper constructs a five-dimensional
indicator system, covering Operationality, Withstandability, Adaptability, Recoverability,
and Transitability, which extends the previous evaluation systems. Then, it develops a
unified framework from what to why by adopting the standard deviation ellipse, gravity
center migration model, modified gravity model, gravity-based adjacency matrix and social
network analysis to identify the characteristics of the logistics resilience spatial network,
and by adopting the QAP model to examine why the spatial network has evolved into its
current state.
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1.3. Nomenclature

To facilitate navigation of the technical notations throughout this manuscript, a nomen-
clature of key symbols is provided in Table 1 below.

Table 1. Nomenclature of key symbols and definitions.

Symbol Definition

Part 1: Indicator system and weighting

i, u, h province identifier
j, k, v indicator identifier

t year identifier
xijt raw value of indicator j for province i in year t
x′ijt standardized value of indicator j for province i in year t
m total number of provinces
n total number of indicators
T total number of study period

ICj information content of indicator j
x′j mean value of indicator j
σj standard deviation of indicator j

CCj conflict coefficient between indicator j and all other indicators
rjk Pearson correlation coefficient of indicator j and k

wCRITIC
j CRITIC weight of indicator j
IUj information utility value of indicator j
IEj information entropy of indicator j

pijt
the proportion of standardized sample of indicator j of province
i in year t covering all provinces across the study period

wetropy
j improved entropy weight of indicator j
W1 CRITIC weight vector
W2 improved entropy weight vector
∥·∥2 Euclidean 2-norm
α1 distribution coefficient of CRITIC weight vector
α2 distribution coefficient of improved entropy weight vector

Part 2: Standard deviation ellipse and centroid migration model

(xi, yi) geographic coordinates, longitude and latitude, respectively
(X, Y) centroid coordinate

θ azimuth angle
a = σx major axis standard deviation
b = σy minor axis standard deviation

x̃i =
∣∣xi − X

∣∣ x-coordinate deviations of province i from the ellipse centroid
ỹi =

∣∣yi − Y
∣∣ y-coordinate deviations of province i from the ellipse centroid

wi
spatial weight of province i characterized by its logistics
resilience

f flattening ratio
SE ellipse area

Part 3: Modified gravity model and gravity matrix

Fiu spatial correlation intensity between province i and u
Pi, Pu regional population in province i and u

LRi, LRu regional logistics resilience level of province i and u
Gi, Gu regional GDP of province i and u

diu geographic distance
gi, gu the gap of per capita GDP of provinces i and u
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Table 1. Cont.

Symbol Definition

Part 4: Social network analysis

ND network density
A number of actual relationships within the network

NC network connectedness
V number of unreachable nodes

NH network hierarchy
NE network efficiency
K number of symmetrically reachable member pairs
M number of redundant lines

DR degree centrality
CL closeness centrality
ri number of direct relationships correlated to province i

BR betweenness centrality
GLuh(i) probability that province i lies on the geodesic between u and h

luh(i) number of geodesics between u and h that include province i
luh(total) the total number of geodesics between u and h

q block identifier
tq number of provincial nodes in block q

Part 5: QAP model

LR dependent variable matrix composed of the logistics resilience
values of each province in the NWLSC

X independent variable matrix corresponding to the driving
factors

E random disturbance term
β0 constant term
β influence coefficient vector to be estimated via regression

The remainder of this paper is structured as follows. Section 2 presents a literature
review to identify research gaps. Section 3 elaborates on the research methodologies and
data sources. Section 4 reports the analytical results, illustrating the characteristics of the
logistics resilience spatial correlation network and its core driving factors. Section 5 serves
as the discussion section, interpreting the causes underlying the spatial differentiation of
logistics resilience as well as the formation and evolution of network structures, uncovering
the internal mechanisms through which various factors drive the evolution of spatial
structures, and performing robustness checks on the empirical findings. Section 6 concludes
the paper, puts forward targeted policy implications, acknowledges the limitations, and
proposes avenues for future investigation.

2. Literature Review
The existing relevant literature can be primarily categorized into the following two

streams: regional logistics resilience (encompassing its statistical measurement and influ-
encing factors) and spatial correlation networks (focusing on their applications in regional
sustainable development and economic resilience).

2.1. Research on Regional Logistics Resilience

The related studies mainly focused on two core aspects: the measurement of logistics
resilience and the identification of its influencing factors.
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2.1.1. Statistical Measurement of Regional Logistics Resilience

A large number of empirical studies have measured the logistics resilience of various
regions and industries, and further analyzed its spatiotemporal evolution characteristics
and regional differences. For example, ref. [1] developed an evaluation indicator system
and used the entropy weighting method to assess the provincial logistics resilience along
China’s Belt and Road with panel data from 2014 to 2023. They discovered that the
logistics resilience improved to varying degrees, with a spatial distribution that declined
progressively from the southeastern coastal zone toward the northwestern hinterland.
Using provincial panel data, previous research revealed that the overall rural logistics
capacity was enhanced, but there were still prominent regional imbalances, with obvious
underdeveloped digital infrastructure and constrained operational capabilities [2]. In
addition, a comprehensive resilience analysis framework was built to explore the timber
supply chain resilience of China [3], verifying that the overall resilience level presented
three obvious cyclical fluctuations of growth and decline; meanwhile, ref. [4] took Nanjing
as a typical case to study the resilience evaluation of urban underground logistics systems.

While the aforementioned studies have provided rich empirical evidence, others
focused on the theoretical construction of logistics resilience, including defining its con-
notation and building analytical frameworks. Specifically, ref. [5] defined the connotation
of low-altitude logistics resilience from four dimensions of robustness, Adaptability, Re-
coverability and redundancy, and clarified the fundamental components supporting low-
altitude logistics resilience, and hence filled the theoretical gap in evaluating low-altitude
logistics resilience.

Although existing studies have measured the logistics resilience in different fields
and spatial scales, such as the regions along the Belt and Road, there has been no study
specifically aiming at the NWLSC.

2.1.2. Influencing Factors of Regional Logistics Resilience

Many elements such as infrastructure, digital technology, human capital, governmen-
tal policy support and geopolitical conditions have influenced regional logistics resilience.
For example, ref. [6] adopted the integrated fuzzy DEMATEL-ISM-MICMAC method to
pinpoint 17 determinants shaping the operational resilience of the emergency logistics
supply chain, and further confirmed that infrastructure construction, soundness of emer-
gency plans, talent training systems, financial guarantee mechanisms and regulatory policy
support were the pivotal core elements. Similarly, the N-WINGS-ISM analytical framework
was adopted to sort out 16 factors influencing agricultural product logistics resilience, and
these factors were classified into four types, that is, the priority type, contingency type,
autonomous type and long-term type [7].

Firstly, infrastructure and digital technology have constituted the core driving forces of
logistics resilience. Ref. [8] demonstrated that digital technology could substantially elevate
logistics resilience with empirical observations from 275 prefecture-level cities across China
during 2011 to 2020. Furthermore, the empirical evidence from the 31 provincial-level
panel data during 2011–2021 illustrated that the digital economy was able to remarkably
promote the robustness of industrial and supply chains [9], while the digital economy plays
a strong positive role in reinforcing food supply chain resilience with empirical evidence
from provincial data (2008–2023) in China [10].

Secondly, human capital and government policy exhibited substantial weight, too.
Ref. [11] argued that efficient human resource management could enhance the adaptive
capacity and transformative development of logistics firms. The empirical evidence from
the panel data showed that innovative human capital could effectively promote supply
chain resilience and government policies served as a regulating factor [12]. Ref. [13]
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summarized seven pivotal factors affecting the resilience of pig supply chains, including
government digital network support.

Thirdly, geopolitical uncertainty, industrial layout, spatial spillover and other variables
also exerted effects on logistics resilience. The geopolitical risk imposed a prominent nega-
tive influence on shipping supply chain resilience with cross-border panel data extracted
from global shipping network statistics [14]. For cities in the Yangtze River Economic
Belt, the economic foundation and urban development could promote their logistics re-
silience [15].

Although existing studies identified multiple influencing factors of logistics resilience,
most of them focused on the national or other regional scales; few targeted those in
the NWLSC.

2.2. Applications of Spatial Correlation Network

The spatial correlation network has been mainly adopted to illustrate the spatial
association structure and evolution pattern of regional development, such as green transfor-
mation, carbon emissions, financial risk, and energy–economy–environment coordination.
In recent years, it has been applied to economic resilience.

2.2.1. Applications in Regional Sustainable Development

Relevant studies covered a wide range of geographical scopes.
At the national scale, ref. [16] explored the evolutionary spatial correlation within

China’s energy–economy–environment system from 2004 to 2022. The results indicated
that spatial correlation gradually strengthened, with obvious features: eastern coastal areas
acted as major net beneficiary regions, while western areas functioned as net spillover
regions. Eastern coastal provinces became the major agglomeration areas for the spatial
association of financial risks across provinces, whereas the northeastern and western
regions occupied marginal statuses [17]. The empirical evidence based on data (2010–2020)
from 262 cities of China indicates that the spatial network of the digital industry facilitates
inter-city manufacturing industry transfer [18], whereas evidence from data (2007–2021)
spanning 284 cities illustrates that urban construction land arrangement, carbon reduction
and high-quality development are mutually coupled, creating an interwoven network with
multidirectional connections [19].

At the regional scale, ref. e [20] adopted methods of social network analysis and
random forest to compare the spatial correlation networks of municipal solid waste man-
agement efficiency in the three main urban agglomerations of the Yangtze River Delta,
Beijing–Tianjin–Hebei and Pearl River Delta. The findings show that the network under-
went continuous evolution, which boosted polycentric interactions and drove the system
from a fragmented state to integrated development. Empirical evidence based on panel
data (2008–2022) of 11 coastal provinces of China reveals that the spatial correlation network
of marine fisheries maintained an upward trend [21]. In contrast, research data (2012–2023)
from Yellow River Ji-shaped bend cities verifies that the connection strength of the spatial
correlation network for new agricultural productive forces exhibits a pattern of central
polarization and peripheral decline [22]. Focusing specifically on carbon emissions, ref. [23]
found mutual interaction between carbon emissions and spatial spillover with empirical
support from the logistics industry across 19 provinces in the Yangtze River Economic Belt
and Yellow River Basin during 2010–2021, while the spatial correlation network of carbon
emissions from cultivated land use in the Yellow River Basin shifted from dispersion to
agglomeration before entering a transitional adjustment stage over 2008–2022 [24]. By con-
trast, the low-carbon development spatial correlation network of 14 prefectures in Xinjiang
evolved from scattered isolated nodes to an axis-driven structure from 2000 to 2023 [25].
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Although previous studies have investigated the spatial correlation network across di-
verse geographical scopes, including the national level, urban agglomerations, river basins
and coastal provinces, relevant research rarely focused on the sustainable development of
the NWLSC.

2.2.2. Applications in Regional Economic Resilience

Responding to global integration and frequent risk disruptions, the previous literature
has examined the geographical pattern of regional economic resilience across regions.

At the regional level, ref. [26] identified a hierarchical structure of core and pe-
riphery in the spatial network of the Beijing–Tianjin–Hebei urban agglomeration dur-
ing the period 2014–2022, which indicated strong connectivity, a non-equilibrium, and
hierarchical differentiation.

At the national level, the empirical findings on the economic resilience network of
shrinking cities across China (2010–2021) revealed that urban shrinkage might facilitate
the transmission and dissemination of economic resilience [27]. Meanwhile, relevant
data covering 31 Chinese provinces (2012–2020) show geographic adjacency and human
resources serve as major factors influencing how spatial networks evolve [28].

At the international scale, the empirical evidence (2008–2019) about economic resilience
from 52 African countries found that as spatial connections became tighter, three clustering
blocks had formed [29].

However, little attention has been paid to the spatial configuration of logistics resilience
and its role in boosting the logistics industry. Although ref. [30] recently made strides
by linking smart logistics networks to green total factor productivity via industrial chain
resilience, the literature is scarce regarding the spatial structure of logistics resilience itself.
Crucially, no research has yet investigated the economic or logistics resilience of the NWLSC
through a spatial network lens.

2.3. Research Gaps

By sorting out the literature on regional logistics resilience measurement, influencing
factors, and the application of spatial correlation network analysis, it is clear that relevant
theoretical and empirical achievements are abundant, but there still exist obvious research
gaps when focusing on the NWLSC, which are specifically reflected in three aspects.

First, targeted measurement of logistics resilience oriented to the corridor’s actual
attributes is insufficient. Most existing studies adopt universal index systems to assess
provincial or urban logistics resilience, without considering the multimodal transport
characteristics, cross-regional linkage attributes, and land–sea coordination positioning of
the NWLSC. They mostly stay in static individual-region evaluation and fail to construct an
evaluation system adapted to the corridor’s operational characteristics, making it difficult
to reflect the real level and spatial imbalance of logistics resilience along the corridor.

Second, the existing research lacks a systematic exploration of the structural evolution
of the logistics resilience spatial network. Spatial correlation network methods have
been widely applied in carbon emission, economic resilience, and regional sustainable
development research, but few focus on logistics resilience, let alone track the dynamic
evolution of the network density, centrality, and block structure of the NWLSC logistics
resilience network from a long-term perspective. The spatial correlation pattern, core–
periphery hierarchy, and inter-provincial spillover mechanism of corridor logistics resilience
remain unclear.

Third, the dynamic mechanisms underlying the development and changes of the
logistics resilience spatial network are not quantitatively clarified. The current literature
has identified various single influencing factors of the development levels instead of the
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network structure of logistics resilience, and mostly regards them as independent variables
affecting individual regions, ignoring the spatial relational attribute of network linkage.
Few studies adopt relational matrix analysis to identify the collaborative driving effect
of multiple factors. The hierarchical influence and synergistic mechanism of economic,
geographical, human capital, and technological factors on the network structure evolution
of the NWLSC are still ambiguous.

In summary, the existing studies lack targeted measurement system construction,
spatial network evolutionary analysis, and quantitative identification of the driving mech-
anisms for structural evolution. This paper precisely fills the above three research gaps
and lays a solid theoretical and empirical foundation for capturing the characteristics of
the logistics resilience spatial correlation network and the internal driving logic of the
structural evolution in the NWLSC.

3. Methods and Data
3.1. Indicator System Construction

Logistics resilience is usually interpreted as the capability for a logistics system to
accommodate shocks and disturbances through persistent adjustment so as to achieve
sustainable development. A variety of factors, such as regional economies, infrastructure
construction and technological development, jointly form this comprehensive indicator.
Some typical dimension classifications of indicator systems in the previous literature are
summarized in Table 2. Additionally, ref. [31] constructs an index system of Resistance
and Recovery Capability, etc., similar to the three dimensions of [8]. Essentially, those
indicator systems all are actually expansions and refinements of the widely adopted classic
framework of Absorb–Adapt–Recover, which is proposed by [32] and extended by [33].

Table 2. Typical dimension classifications in the existing literature.

Number of Dimensions Typical Literature Dimension Names

Three Zhang et al. [8]

Resistance and Recovery Capacity,
Adaptation and Adjustment

Capacity, Innovation and
Transformation Capacity

Four Zhang et al. [15]
Logistics Supply, Logistics Demand,

Industrial Structure, Impact on
Environment

Five Liang et al. [1]

Economic Resilience, Shock
Absorption, Operational Recovery,

Network Load Capacity,
Innovation Potential

It is clear that each type of classification follows its own logical framework. A greater
number of dimensions corresponds to a narrower coverage scope for each dimension with
more secondary indicators, while fewer dimensions lead to broader coverage with fewer
secondary indicators.

For the purpose of quantifying logistics resilience in the NWLSC rationally, this paper
integrates and extends the evaluation frameworks in previous explorations, and then
develops an original indicator system of five dimensions, which include Operationality,
Withstandability, Adaptability, Recoverability, and Transitability. This logic structure is
illustrated systematically in Figure 1.

https://doi.org/10.3390/su18147215
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Figure 1. Systematically visualized five dimensions of logistics resilience.

Operationality refers to the current stable and efficient functioning level of regional
logistics systems in routine operation, reflecting their regular service capacity and normal
performance under undisturbed ordinary circumstances. It corresponds to the normal
performance level before the shock appears in Figure 1; the higher the current ordinary
level, the stronger Operationality.

Withstandability represents the ability of regional logistics systems to defend against
various external shocks and disturbances, maintain essential logistics functions, and avoid
severe functional collapse when faced with unexpected disruptions. It corresponds to the
minimum performance level after the shock in Figure 1, a bottom line denoting the lowest
attainable level amid shocks, where a higher baseline indicates a stronger Withstandability.

Adaptability describes the capacity of regional logistics systems to adjust their oper-
ational modes, resource allocation, and organizational structure in response to changed
environments following the shocks spontaneously, so as to maintain continuous and effec-
tive operation instinctively. It characterizes the endogenous responsive adjustment and
short-term recovery extent of performance following the shock in Figure 1, where a higher
extent indicates a stronger Adaptability.

Recoverability indicates the capacity of regional logistics systems to restore their
infrastructure, service flow, and overall performance to a normal operational state after
being affected by external disruptions. It aligns with the Operational Recovery dimension
in [1] and the Resistance and Recovery Capacity in [8]. Within our proposed evaluation
framework, Recoverability is measured by five sub-indicators: status of freight transport,
status of express delivery, status of freight turnover, pressure on freight routes, and pressure
on express routes. For the first three sub-indicators—status of freight transport, express
delivery, and freight turnover—the gap between the indicator value and the normal level
represents the strength of the dimensional capacity. Counter-intuitively, lower values
of those sub-indicators mean larger deviations from the normal level, implying greater
Recoverability as they reflect a stronger capacity to return to the ordinary state by closing
these bigger gaps. Some similar specifications were adopted in [8,15,34,35]. Conversely,
for the remaining two sub-indicators, the higher pressures on freight and express routes
constrain the restoration capacity or prolong the recovery time, a mechanism widely
acknowledged in the DPSIR framework [36]. Consistent with this logic, lower values for
these pressure sub-indicators likewise denote stronger Recoverability. Thus, across all
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five sub-indicators, smaller values consistently reflect a greater capacity for recovery, as
illustrated in Figure 1.

Transitability embodies the potential development and advancement of regional logis-
tics systems to learn from shocks, optimize their mechanisms, enhance overall strength,
and evolve toward a more resilient, efficient, and advanced operational level through con-
tinuous improvement. It characterizes the further potential growth of performance beyond
returning to the steady ordinary state before disruptions in Figure 1, where this potential
growth is plotted as dotted lines, and a higher potential indicates a stronger Transitability.

The detailed indicators across the five dimensions are defined and listed in Table 3
one by one. The sub-indicators in the dimension of Recoverability are negative because
lower values of its secondary indicators mean larger deviations from the normal level and
hence reflect a stronger capacity to restore the system to the ordinary state by closing these
bigger gaps, while all the other dimensions are positive.

Table 3. Indicator system for evaluating logistics resilience.

Dimensions Indicators Quantified Characterization Units Weights

Operationality

economic contribution added value of logistics/regional
GDP % 0.021

expansion from supply chain e-commerce sales and
procurement 100 M yuan 0.069

employment ratio in logistics employees in logistics/total
employees % 0.028

logistics industrial entities legal entities in logistics/total
legal entities % 0.026

real investment in logistics fixed asset investment in logistics 100 M yuan 0.059

Withstandability

output scale of logistics added value of logistics industry 100 M yuan 0.041
employment scale of logistics number of employees in logistics 10 k persons 0.035

scale of transport vehicles tonnage of operating trucks tons 0.043
transport route density transportation route length/area km/km2 0.048

postal collaborative service postal service outlets/area sites/104 km2 0.065

Adaptability

consumption boost consumption per capita yuan 0.018
income support disposable income per capita yuan 0.023

economic growth GDP growth rate % 0.019
population agglomeration population/area persons/km2 0.055

industrial driving effect inventory of industrial enterprises 100 M yuan 0.041

transportation construction fiscal transportation
expenditure/fiscal budget % 0.029

Recoverability

status of freight transport total freight volume 10 kt 0.026
status of express delivery total express delivery volume 10 k pieces 0.010
status of freight turnover total freight turnover 108 t·km 0.010
pressure on freight routes freight volume/route length t/104 km 0.025

pressure on express routes express delivery volume/route
length pcs/104 km 0.010

Transitability

industrial upgrading share of the tertiary industry % 0.016
digital infrastructure length of optical cable lines/area km/104 km2 0.059

social R & D R & D funds/regional GDP % 0.033

technology application transaction value of technology
market 100 M yuan 0.143

education investment fiscal education expenditure/fiscal
budget % 0.024

human resources cultivation enrolled college students per
100,000 residents persons 0.024
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3.2. Data Sources and Standardization

The 13 provincial-level regions along the NWLSC are taken as the research objects,
which lay a foundation for analyzing the logistics resilience spatial correlation network.
According to the National Master Plan for the NWLSC, these regions are divided into three
parts: the Main Channel includes 3 provincial-level regions: Chongqing, Sichuan and
Guizhou; the Core Area includes 4 provincial-level regions: Guangxi, Yunnan, Hainan and
Xizang; and the Extended Belt includes 6 provincial-level regions: Xinjiang, Inner Mongolia,
Gansu, Ningxia, Shaanxi and Qinghai.

Given that the NWLSC originated from exploration of Chongqing as early as 2013,
and in consideration of data availability, the period 2013–2024 is selected as the research
period, which is conducive to fully reflecting the temporal evolution pattern of the logistics
resilience spatial correlation network.

All data are obtained from the National Bureau of Statistics, China Statistical Yearbooks,
China Science and Technology Yearbooks, and provincial statistical yearbooks, and thus
are accurate and reliable. Then, all data are standardized by the range method based on
their positive or negative indicator attributes. The standardized data are presented in [37].

For range normalization, the raw data are standardized using the following formulas,
where Formulas (1) and (2) correspond to positive and negative indicators, respectively.

x′ijt =
xijt − min

i,t
xijt

max
i,t

xijt − min
i,t

xijt
+ 0.001 (1)

x′ijt =
max

i,t
xijt − xijt

max
i,t

xijt − min
i,t

xijt
+ 0.001 (2)

Subscripts i, j, and t stand for the province identifier, indicator identifier, and year
identifier, respectively, and the constant 0.001 is added to avoid the occurrence of extreme
zero values.

All indicators are weighted by adopting the CRITIC method and improved entropy
method on the basis of the standardized data. The CRITIC method considers both the
dispersion degree of indicators and the correlation between indicators, which avoids the
problem that the traditional entropy method ignores information conflicts and redundancy
among indicators. The improved entropy method standardizes panel data from a global
vertical and horizontal perspective, reducing the interference caused by differences in
statistical calibers across years on weight identification. Using the CRITIC method and the
improved entropy method for combined weighting can make the evaluation more scientific
and reasonable. With the game theory combined weighting method, the distribution
coefficient of the results from the CRITIC method is 0.213, while that from the improved
entropy weight method is 0.787. The final weights obtained via combined weighting are
presented in the above Table 2.

The combined weighting framework integrating the CRITIC method and improved
entropy weight method is presented as follows.

Step 1. Weight calculation by the CRITIC method.

wCRITIC
j =

ICj

∑n
j=1 ICj

=
σjRj

∑n
j=1 σjRj

=
σj∑n

k=1,k ̸=j (1 − rjk)

∑n
j=1 σj∑n

k=1,k ̸=j (1 − rjk)
(3)

In the above formula, ICj represents the information content of indicator j across all
the provinces during the study period, and n is the total number of evaluation indica-
tors. σj denotes the standard deviation of standardized indicator j and is calculated as
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σj =

√
∑m

i= ∑T
t=1 (x′ijt−x′j)

2

mT−1 , in which x′j =
1

mT ∑m
i=1 ∑T

t=1 x′ijt and is the mean standardized value
of indicator j across all provinces and sample years. Subscript i represents the province
identifier, t stands for the year identifier, m stands for the total number of provinces, and T
denotes the total number of years during the study period. CCj denotes the conflict coeffi-
cient between indicator j and all other indicators. rjk represents the Pearson correlation co-

efficient of indicator j and k, and is calculated as rjk =

√
∑m

i= ∑T
t=1 ∑m

u=1 ∑T
v=1 (x′ijt−x′j)(x′ukv−x′k)√

∑m
i= ∑T

t=1 (x′ijt−x′j)
2
√

∑m
u=1 ∑T

v=1 (x′ukv−x′k)
2

where the mean value of indicator k is x′k =
1

mT ∑m
u=1 ∑T

v=1 x′ukv, subscript u represents the
number of provinces and v stands for the number of years, too, which distinguish them
from the case of province i and indicator j.

Step 2. Weight calculation by the entropy method.

wentropy
j =

IUj

∑n
j=1 IUj

=
1 − IEj

∑n
j=1 (1 − IEj)

=
1 + ln(mT)∑m

i=1 ∑T
t=1 pijt ln pijt

∑n
j=1 [1 + ln(mT)∑m

i=1 ∑T
t=1 pijt ln pijt]

(4)

In the above formula, IUj represents the information utility value of indicator j across
all the provinces over the study period; IEj = − ln(mT)∑m

i=1 ∑T
t=1 pijt ln pijt denotes the

information entropy of indicator j, where pijt represents the proportion of the standardized
sample of indicator j of province i covering all provinces across the study period and is

calculated as pijt =
x′ijt

∑m
i=1 ∑T

t=1 x′ijt
.

Step 3. Final weight calculation by the game theory combined weighting method.
The CRITIC weight vector is denoted as W1, while the improved entropy weight vector

is denoted as W2. To balance the information from two objective weighting systems, they
are integrated via game theory with the distribution coefficients α1 and α2 subjected to the
following optimization problem, where ∥·∥2 denotes the Euclidean 2-norm.

min
α1,α2

∥α1W1 + α2W2 − W1∥2
2 + ∥α1W1 + α2W2 − W2∥2

2

s.t.


α1 + α2 = 1
0 ≤ α1 ≤ 1
0 ≤ α2 ≤ 1

(5)

The above model is solved to obtain the optimal distribution coefficients α1 = 0.213
and α2 = 0.787, respectively. Therefore, the final combined weight vector is calculated as
W = α1W1 + α2W2 = 0.213W1 + 0.787W2.

3.3. Empirical Methods
3.3.1. Standard Deviation Ellipse and Centroid Migration Model

The standard deviational ellipse and centroid migration models are widely adopted to
analyze the spatiotemporal dynamics and evolutionary patterns of regional institutional
and operational systems [38]. In this study, these models are used to measure the spatial
distribution and dominant shifting direction of logistics resilience in the NWLSC. The stan-
dard deviational ellipse characterizes the spatial distribution features of logistics resilience
through multiple ellipse indicators. Its centroid and migration trajectory further reflect the
dynamic evolution of the spatial pattern.
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The centroid, azimuth angle, major axis, minor axis, flattening ratio, and area of the
standard deviational ellipse are calculated as follows:

(
X, Y

)
=


m
∑

i=1
wixi

m
∑

i=1
wi

,

m
∑

i=1
wiyi

m
∑

i=1
wi

 (6)

θ = arctan


(

m
∑

i=1
w2

i x̃2
i −

m
∑

i=1
w2

i ỹ2
i ) +

√
(

m
∑

i=1
w2

i x̃2
i −

m
∑

i=1
w2

i ỹ2
i ) + 4

m
∑

i=1
w2

i x̃i ỹi

2
m
∑

i=1
w2

i x̃i ỹi

 (7)

a = σx =

√√√√√√√
m
∑

i=1
(wi x̃i cos θ − wi ỹi sin θ)2

m
∑

i=1
w2

i

(8)

b = σy =

√√√√√√√
n
∑

i=1
(wi x̃i sin θ − wi ỹi cos θ)2

n
∑

i=1
w2

i

(9)

f =
a − b

a
(10)

SE = πσxσy (11)

In the above formulas, m denotes the total number of provinces along the NWLSC,
with a value of 13; i represents an arbitrary province within the corridor; (xi, yi) are
the geographic coordinates, longitude and latitude, respectively; wi represents the spatial
weight of province i, characterized by its logistics resilience; (X, Y) is the centroid coordinate
obtained via weighted averaging; θ denotes the azimuth angle; σx and σy are the major axis
and minor axis standard deviation, respectively; x̃i and ỹi are the coordinate deviations of
province i from the ellipse centroid (X, Y), namely, x̃i =

∣∣xi − X
∣∣ and ỹi =

∣∣yi − Y
∣∣; f is the

flattening ratio; and SE denotes the ellipse area.

3.3.2. Modified Gravity Model and Gravity Matrix

The modified gravity model has been widely adopted in regional studies to quan-
tify spatial correlation intensity and construct spatial association networks [39]. This
study applies it to evaluate the spatial correlation intensity of logistics resilience in the
NWLSC. Unlike the traditional gravity model, our approach incorporates population and
economic factors alongside spatial distance and logistics resilience. Specifically, economic
factors include regional GDP and per capita GDP. The spatial correlation intensity between
provincial-level node i and u is calculated as follows:

Fiu =
LRi

LRi + LRu
·

3
√

PiLRiGi
3
√

PuLRuGu(
diu

gi−gu

)2 (12)

Mass terms 3
√

PiRiGi and 3
√

PuRuGu comprehensively measure three factors—the
regional population (Pi, Pu), logistics resilience level (LRi, LRu), and GDP (Gi, Gu)—
reflecting the influence of regional population and economic development on logistics

resilience. Distance term
(

diu
gi−gu

)2
is not a simple spatial geographic distance d2

iu, but
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the square of the ratio of geographic distance diu to the gap of per capita GDP (gi − gu)

between the two provincial-level nodes. This reflects the combined obstructive effect of
geographic distance and economic development disparity. A higher per capita GDP in a
region typically corresponds to stronger technological, capital, and market capacity, gener-
ating greater gravitational pull that offsets geographic frictions and reduces the effective
spatial distance. Conversely, similar per capita GDP or a narrow gap weakens this pull,
potentially approaching zero because trade and logistics activities predominantly occur
between regions with large economic disparities. Statistically, completely equal economic
levels between two provinces are rare, making this adjustment empirically reasonable.
Directional coefficient LRi

LRi+LRu
is a pure coefficient term that uses directional weights to

describe the contribution of provincial-level node i to the gravitational force, reflecting its
dominance in the spatial correlation between the two provincial-level regions. In this way,
it corrects the symmetry assumption of the traditional gravity model.

Then, based on the above spatial correlation intensity Fiu, a gravity matrix is con-
structed to describe the spatial relationship of logistics resilience in the NWLSC.

3.3.3. Gravity-Based Adjacency Matrix and Social Network Analysis

The gravity-based adjacency matrix is converted and derived from the gravity ma-
trix [40]. For each column in every row of the gravity matrix, if the gravity value of the
column is bigger than the average of the corresponding row, the gravity-based adjacency
should be designated as 1, illustrating the existence of spatial spillover; otherwise, it should
be assigned as 0, denoting no spatial spillover effect. Each row of the gravity matrix corre-
sponds to a provincial-level region within the corridor. Given the substantial disparities
in economic scale, logistics volume, and transport endowments across provinces, gravity
values vary drastically. Therefore, the row mean threshold establishes a context-specific
benchmark for each provincial-level region, aligning with the heterogeneous practical
conditions of different regions and yielding a more reasonable gravity-based adjacency
matrix. Conversely, adopting a uniform global mean across all provinces as the binarization
threshold would overlook these heterogeneous characteristics and lead to biased network
identification. In this way, the gravity-based adjacency matrix can be obtained.

To unravel the complex topological structure and evolutionary pattern of the spatial
correlation network, social network analysis has been extensively employed in the literature
such as [41]. Then, based on the gravity-based adjacency matrix, social network analysis
is adopted to characterize the logistics resilience structure among provinces along the
NWLSC, which includes three aspects: overall network structure, individual functional
status, and spatial clustering configurations.

(1) Overall Network Structure

Specific indicators including network density, network connectedness, network hierar-
chy and network efficiency are adopted to depict the connectivity, robustness and stability
of the overall network structure, respectively.

Network density characterizes the interconnectedness degree among nodes in the
network. A higher value indicates a stronger spatial correlation of logistics resilience
among provinces, and vice versa. Network connectedness characterizes the impact of the
number of unreachable dyads on network robustness. When this indicator equals 1, no
unreachable dyads exist in the network, meaning the network possesses high robustness.
Network hierarchy characterizes the asymmetric reachability, reflecting the control and
dominance of a few nodes over the entire network. A higher hierarchy indicates stronger
dominance by a few nodes and weaker network stability. Network efficiency characterizes
the redundancy of connections between nodes. Lower efficiency corresponds to higher
redundant connections and stronger network stability.
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The network density and network connectedness are calculated as ND = A
m(m−1) and

NC = 1 − 2V
m(m−1) , respectively, where A represents the number of actual relationships

within the network; m represents the total number of provinces in the NWLSC, which is 13;
and V denotes the number of unreachable nodes.

The network hierarchy and network efficiency are calculated as NH = 1 − K
max(K) and

NE = 1 − M
max(M)

, respectively, where K represents the number of symmetrically reachable
member pairs and max(K) represents the maximum possible number of symmetrically
reachable member pairs; and M represents the number of redundant lines and max(M)

represents the maximum potential number of redundant lines.

(2) Individual Functional Status

Three indicators, namely degree centrality, closeness centrality and betweenness
centrality, are adopted to depict the individual functional status of each node in the network.

Degree centrality reflects nodes’ direct connections and core status in the network.
Closeness centrality measures the total geodesic distances to other nodes, representing
node independence. Shorter average distances raise the efficiency of logistics resilience,
information transmission and collaboration. Betweenness centrality captures the interme-
diary function of nodes based on their occurrence on the shortest logistics routes across
provincial nodes of the NWLSC. A higher value means stronger capabilities of the node
in resource allocation, information conduction, and control and regulation of logistics
resilience within the network.

For a provincial node i in the NWLSC, the degree centrality and closeness centrality

are calculated as DRi =
ri

m−1 and CLi =
m
∑

u=1
dim, respectively, where ri denotes the number

of direct relationships correlated to province i; and diu represents the geodesic distance
between provincial nodes i and u.

The betweenness centrality is calculated as BRi =
2

m
∑

u=1

m
∑

h=1
Luh(i)

(m−1)(m−2) , where GLuh(i) de-
notes the probability that province i lies on the geodesic between u and h, defined
as GLuh(i) =

luh(i)
luh(total) ; luh(i) denotes the number of geodesics between u and h that in-

clude province i; luh(total) denotes the total number of geodesics between u and h; and
(m − 1)(m − 2) represents the number of node pairs except self in the network.

(3) Spatial Clustering Configurations

A block model is employed to analyze the positional characteristics of the network
nodes, revealing spatial clustering patterns, depicting the internal structure of the correla-
tion network, and identifying the functional role and status of nodes.

Nodes with the same role and status are grouped into the same block. Using the
iterative convergence method in the UCINET software 6.2 and referring to the widely
adopted classification criteria, the logistics resilience spatial correlation network in the
NWLSC is divided into four major blocks: net beneficiary, net spillover, bidirectional
spillover, and broker. In the net beneficiary block, provinces receive a relatively large
absolute number of internal block relationships, have few spillover relationships to outside
the block, and receive many beneficiary relationships from outside the block. In the net
spillover block, the opposite is true: provinces receive a relatively small absolute number
of internal block relationships, have many spillover relationships to outside the block,
and receive few beneficiary relationships from outside the block. In the bidirectional
spillover block, provinces have a high proportion of internal relationships and also a large
number of spillover relationships both within and outside the block. In the broker block,
provinces have spillover relationships both within and outside the block simultaneously,
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but the proportion of internal relationships is relatively low. The specific criteria for block
classification are shown in Table 4.

Table 4. Criteria for block clustering.

Proportion of Internal
Relationship

Count of Received Internal Block Relationship

>0 ≈0

≥ 1
4

4
∑

q=1

tq − 1
m − 1

Net Beneficiary Block Bidirectional Spillover Block

<
1
4

4
∑

q=1

tq − 1
m − 1

Broker Block Net Spillover Block

For the absolute number of received internal block relationships, the threshold is set
to 0. For the proportion of internal relationships, the threshold is set to the average level
1
4

4
∑

q=1

tq − 1
m − 1

, in which tq denotes the number of provincial nodes in block q.

3.3.4. Quadratic Assignment Procedure (QAP) Model

The Quadratic Assignment Procedure can effectively mitigate these endogenous prob-
lems by performing random permutations of matrix elements [42]. The following employs
QAP to characterize the multiple driving factors of the logistics resilience spatial correlation
network in the NWLSC.

QAP correlation analysis is used to test the statistical significance of correlations
between two network matrices. QAP regression is applied to examine the influence of
multiple sets of matrix data on the target matrix. It analyzes inter-matrix correlations by
comparing the similarity of corresponding elements in different square matrices. Its core lies
in evaluating the independent explanatory power of independent variable matrices on the
dependent variable matrix through matrix permutation tests. The model is expressed as:

LR = β0 + ∑βX + E (13)

LR is the dependent variable matrix composed of the logistics resilience values of
each province in the NWLSC; X is the independent variable matrix corresponding to the
driving factors; E is the random disturbance term; β0 is the constant term; and β is the
influence coefficient vector to be estimated via regression. The statistical significance of
each coefficient is determined through matrix permutation tests.

4. Results
4.1. Spatiotemporal Differentiation of Logistics Resilience

This subsection evaluates the logistics resilience using the above indicator system and
data, and then employs the standard deviation ellipse and centroid migration model to
systematically explore the spatial distribution patterns and centroid migration trajectory of
logistics resilience in the NWLSC.

4.1.1. Evaluation Results of Logistics Resilience

Based on the above indicator system and the combined weighting of the CRITIC and
improved entropy methods, the logistics resilience of 13 provinces along the corridor from
2013 to 2024 is comprehensively measured, and the results are listed in Table 5.

https://doi.org/10.3390/su18147215

https://doi.org/10.3390/su18147215


Sustainability 2026, 18, 7215 18 of 49

Table 5. The level of logistics resilience.

Regions Provinces 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Mean Growth
Rate

Main
Channel

Chongqing 0.351 0.365 0.390 0.413 0.439 0.453 0.485 0.521 0.529 0.605 0.590 0.630 0.481 5.46%
Sichuan 0.292 0.314 0.346 0.361 0.392 0.432 0.466 0.499 0.537 0.571 0.592 0.637 0.453 7.34%
Guizhou 0.236 0.239 0.269 0.273 0.297 0.314 0.322 0.324 0.354 0.372 0.385 0.407 0.316 5.07%

Core
Area

Guangxi 0.249 0.251 0.271 0.280 0.296 0.309 0.331 0.363 0.409 0.411 0.419 0.428 0.335 5.05%
Hainan 0.243 0.241 0.268 0.276 0.289 0.300 0.304 0.323 0.325 0.326 0.349 0.377 0.302 4.09%
Yunnan 0.239 0.237 0.261 0.268 0.298 0.312 0.338 0.327 0.362 0.367 0.357 0.367 0.311 3.98%
Xizang 0.122 0.126 0.137 0.131 0.140 0.154 0.182 0.156 0.175 0.172 0.184 0.184 0.155 3.79%

Extended
Belt

Inner
Mongolia 0.244 0.237 0.247 0.255 0.256 0.256 0.274 0.281 0.275 0.295 0.315 0.296 0.269 1.79%

Shaanxi 0.310 0.321 0.339 0.351 0.379 0.393 0.433 0.437 0.485 0.520 0.555 0.626 0.429 6.60%
Gansu 0.213 0.207 0.218 0.232 0.234 0.241 0.257 0.234 0.259 0.268 0.264 0.291 0.243 2.90%

Qinghai 0.174 0.163 0.174 0.180 0.179 0.182 0.193 0.174 0.200 0.202 0.189 0.200 0.184 1.29%
Ningxia 0.202 0.213 0.219 0.227 0.235 0.241 0.260 0.244 0.270 0.280 0.275 0.294 0.247 3.47%
Xinjiang 0.211 0.219 0.229 0.224 0.236 0.245 0.264 0.244 0.280 0.287 0.294 0.327 0.255 4.03%

Mean 0.237 0.241 0.259 0.267 0.282 0.295 0.316 0.317 0.343 0.360 0.367 0.390 0.306 4.61%

From an overall perspective, the logistics resilience of the corridor has shown a steady
rising tendency. The global average level increased from 0.237 to 0.390 during 2013 and
2024, where the average annual growth rate reaches 4.61%. The growth rate was relatively
large during 2018–2019, 2020–2021, and 2023–2024.

From a provincial perspective, the gradient differentiation pattern is quite obvious,
where leading provinces continue to take the lead. Chongqing, Sichuan, and Shaanxi are in
the leading position, while Ningxia, Gansu, Qinghai, and Xizang are in the low echelon.
The common characteristics of leading provinces are reflected in two aspects. First, they
have stronger corridor organization and hub distribution capabilities, and can maintain
higher Network Connectivity and resource allocation efficiency under impact scenarios.
For example, Chongqing is clearly designated as the logistics operation and organization
center of the NWLSC, undertaking the core central functions of cargo source organization,
capacity coordination, route coordination, and multi-party collaboration. Second, industrial
and population scales have built a more stable demand base, supporting the rapid recovery
of the logistics system in fluctuations. For example, as a populous province, Sichuan
has a stronger ability to recover from logistics disruptions. In contrast, underdeveloped
provinces are often constrained by market size, infrastructure conditions, and the natural
environment, and their resilience improvement relies more on external investment and
institutional linkage mechanisms.

Furthermore, regional disparities are decomposed via the widely adopted Gini co-
efficient in detail [1,3]. Specifically, the intra-regional Gini coefficient reflects disparities
among provinces within a single region, the inter-regional Gini coefficient depicts differ-
ences across distinct regions, and transvariation density captures disparities stemming
from mismatches between functional regional divisions and actual development conditions.
The total Gini coefficient, intra-regional Gini coefficient, inter-regional Gini coefficient,
and transvariation density are presented in Table 6, which records all coefficient values
and their corresponding contribution rates. The total Gini coefficient stays at a relatively
low level, ranging only from 0.129 to 0.209 throughout 2013–2024, with an average an-
nual growth rate of 5.64%. This reveals a clear and rapidly widening trend in the overall
disparities of logistics resilience along the corridor. Inter-regional disparities act as the
dominant source, with a fluctuating contribution rate averaging 50.57%. Intra-regional
disparities rank second at an average contribution rate of 24.81%, while transvariation
density makes the smallest average contribution at 24.62%. Although the contribution
rates of intra-regional disparities and transvariation density are relatively low, they remain
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stable. Three underlying reasons explain this pattern. First, long-term accumulation of
human and economic factors has created obvious cross-regional gaps, which continue to
expand owing to divergent policy positioning and resource endowments across regions.
Second, provinces within the same region are geographically adjacent and closely linked
in economic patterns and industrial structures, resulting in unremarkable variations in
inter-provincial gaps within regions. Third, functional regional zoning is generally aligned
with local practical development features, and sporadic mismatches cannot become the
core driving factor of overall disparities in logistics resilience.

Table 6. Gini coefficient decomposition of overall disparities.

Year Total Gini Intra-Regional Gini Inter-Regional Gini Transvariation Density

2013 0.129 0.035 27.36% 0.062 47.67% 0.032 24.96%
2014 0.138 0.037 26.89% 0.070 50.56% 0.031 22.55%
2015 0.143 0.036 25.29% 0.069 48.62% 0.037 26.08%
2016 0.149 0.038 25.09% 0.074 49.49% 0.038 25.42%
2017 0.159 0.038 24.21% 0.078 48.98% 0.043 26.82%
2018 0.163 0.037 22.97% 0.087 53.13% 0.039 23.89%
2019 0.161 0.039 24.14% 0.083 51.45% 0.039 24.41%
2020 0.194 0.046 23.86% 0.105 54.28% 0.042 21.86%
2021 0.186 0.045 24.13% 0.097 52.25% 0.044 23.62%
2022 0.200 0.048 23.83% 0.104 52.11% 0.048 24.05%
2023 0.202 0.051 24.99% 0.102 50.51% 0.050 24.49%
2024 0.209 0.052 24.99% 0.100 47.75% 0.057 27.26%

mean 0.169 0.042 24.81% 0.086 50.57% 0.042 24.62%

4.1.2. Spatial Distribution Patterns

The standard deviational ellipse and centroid migration trajectory of logistics resilience
in the NWLSC are shown in Figure 2.

Figure 2. The standard deviational ellipse and centroid trajectory.

Moreover, Figure 3 presents the changes in the major axis, minor axis, and flattening
ratio of the standard deviational ellipse, while Table 7 quantitatively lists the centroid
coordinates, area, major axis, minor axis, flattening ratio, and other indicators of the
standard deviational ellipse.
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Figure 3. The major axis, minor axis, and flattening ratio.

Table 7. Parameters of the standard deviational ellipse.

Year
Centroid Coordinates Area

(104 km2)
Major Axis

(km)
Minor Axis

(km)
Azimuth
Angle (º)

Flattening
RatioLongitude (E) Latitude (N)

2013 104◦11′04.20′′ 32◦00′54.74′′ 315.581 1231.325 815.862 151.836 0.337
2017 104◦17′46.21′′ 31◦43′17.41′′ 301.068 1210.417 791.787 151.794 0.346
2021 104◦17′38.17′′ 31◦32′17.32′′ 290.026 1191.091 775.123 150.549 0.349
2024 104◦24′29.99′′ 31◦35′55.85′′ 284.728 1185.786 764.368 150.071 0.355

According to Figures 2 and 3, the spatial distribution of logistics resilience in the
NWLSC exhibits an evolutionary trend of a strengthened agglomeration, stable direction,
and reinforced main axis. The spatial pattern has been continuously optimized under the
guidance of core hubs and key corridors, yet regional imbalance still exists.

From the perspective of the distribution scope and agglomeration–dispersion, the
ellipse area declined from 3.15581 million km2 to 2.84728 million km2 from 2013 to 2024,
illustrated in Table 7. The major axis declined from 1231.325 km to 1185.786 km, and the
minor axis dropped from 815.862 km to 764.368 km, as shown in Table 7, indicating that
logistics resilience exhibits a certain degree of spatial convergence and agglomeration.

From the perspective of directional change and morphological stability, the azimuth
angle of the standard deviational ellipse varied slightly, adjusting from 151.836◦ to 150.071◦,
illustrated in Table 7. The overall spatial distribution maintained a northwest–southeast
direction with only minor optimization. Meanwhile, the flattening ratio rose from 0.337
to 0.355, shown in Table 7. This indicates that the logistics resilience still exhibits a certain
degree of directional agglomeration, and this directionality has not been weakened.

4.1.3. Centroid Migration Trajectory

As shown in Figure 2, the centroid of logistics resilience has successively displayed a
phased migration trend of southeastward deviation–northeastward extension.

From the perspective of the centroid location and migration characteristics, the spatial
centroid of logistics resilience in the NWLSC has always been located within Sichuan
Province, shifting continuously southeastward from 2013 to 2021 and then turning to
northeastward migration from 2021 to 2024.
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From the perspective of the migration distance and direction of the logistics resilience
centroid, the centroid moved a total of 67.988 km, with an average annual migration of
approximately 5.665 km. Among them, the centroid migration speed was the fastest from
2013 to 2017, with a migration distance of 34.659 km.

4.2. Structural Evolution of the Spatial Correlation Network

This subsection applies the inter-provincial spatial correlation intensity to visually
illustrate the structure of the logistics resilience spatial correlation network in the NWLSC.
Then, using the UCINET software, empirical analyses are conducted across three hierar-
chical dimensions, the overall network properties, individual node functional status, and
block clustering configurations, which reveal the network evolutionary patterns, nodal
functional heterogeneity, and inter-block spillover effects.

4.2.1. Structure of Spatial Correlation Network

According to the measured logistics resilience of the NWLSC, the modified gravity
model is adopted to calculate the inter-provincial spatial correlation intensity of the logistics
resilience. Binary discretization is then conducted to obtain the spatial adjacency matrix,
with which the logistics resilience spatial correlation network is established.

The natural breaks method is used for classification, and ArcGIS 10.8 is employed
to depict the spatial network structure graph of logistics resilience and spatial correlation
intensity, as shown in Figure 4.

Figure 4. The spatial distribution and correlation structure of logistics resilience.
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According to the gravity matrix, a chord diagram is further plotted by Origin to
demonstrate the intensity and direction of the spatial correlation among provinces, as
illustrated in Figure 5.

Figure 5. The spatial correlation intensity and direction of logistics resilience.

From Tables 5 and 7, it is clear that, since the issuance and implementation of the
Master Plan for the New Western Land–Sea Corridor in 2019, the logistics resilience has im-
proved significantly, with substantial spatial disparities. Chongqing, Sichuan and Shaanxi
enjoy distinct advantages, whereas Qinghai and Xizang are relatively underdeveloped.
Chongqing is positioned as the logistics operational center of the NWLSC, and is also
a newly planned national central city, the first national five-type logistics hub and the
shipping center in the upper reaches of the Yangtze River, supported by multiple policy
advantages. As one of the dual cores of the Chengyu Twin-City Economic Circle, Sichuan
is also part of the cores of the NWLSC, with prominent locational advantages supported by
developed industries and a concentrated population. Shaanxi is a traditional distribution
hub in western China, with access to Europe and Asia toward the north and west, access to
the sea via Chongqing, Guizhou and Guangxi toward the south, and access to the sea via
North China toward the east, featuring high traffic accessibility. Qinghai and Xizang are
located on the plateau, where underdeveloped economies and industries lead to a relatively
low level of logistics resilience.
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From the natural breaks classification of correlation intensity in Figure 4 and the visual-
ization of the correlation direction in Figure 5, the logistics resilience in the NWLSC presents
significant spatial correlation. Inter-provincial spatial correlation has broken through geo-
graphical adjacency and formed a stable hierarchical structure of operation center–corridor
hub–trade gateway. Even the relatively underdeveloped Qinghai and Xizang maintain
various connections with other provinces, though the intensity is relatively weak. The
correlation intensity centered on Chongqing is particularly prominent, and strong linkages
exist between Chongqing and Guizhou, Sichuan and Guangxi, reflecting the typical organi-
zational chain of inland hub–communication artery–southbound maritime gateway. As an
upstream supply and industrial hinterland, Sichuan agglomerates toward Chongqing, is
conveyed through corridor sections such as Guizhou, and then is distributed intensively
to maritime gateways such as Guangxi, forming a high-frequency and strongly coupled
resilience linkage in the network. In addition, Chongqing, as the logistics operational center
of the NWLSC, has continuously improved its status in the general spatial network, while
Guangxi, as the southbound maritime gateway, has also achieved remarkable enhancement.

4.2.2. Evolution of Overall Network Properties

Five indicators, including network density, network relationship count, network
connectedness, network hierarchy, and network efficiency, are adopted to depict the overall
structural properties and evolutionary characteristics of the spatial correlation network,
whose specific values are calculated with UCINET and then listed in Table 8.

Table 8. Overall structure and evolutionary characteristics of the spatial correlation network.

Year Network
Density

Network
Relationship

Network
Connectedness

Network
Hierarchy

Network
Efficiency

2013 0.333 52 1 0.400 0.576
2014 0.327 51 1 0.400 0.591
2015 0.321 50 1 0.286 0.606
2016 0.301 47 1 0.286 0.636
2017 0.308 48 1 0.400 0.606
2018 0.314 49 1 0.400 0.621
2019 0.327 51 1 0.400 0.606
2020 0.289 45 1 0.400 0.652
2021 0.308 48 1 0.500 0.606
2022 0.321 50 1 0.500 0.606
2023 0.327 51 1 0.400 0.606
2024 0.340 53 1 0.400 0.576

Mean 0.318 49.583 1 0.398 0.607

According to Table 8, three key findings emerge from the evolution tendency of the
overall network. First, the overall network accessibility is strong with no isolated nodes.
From 2013 to 2024, the network connectedness maintained a value of one, illustrating
that there were not any isolated and unreachable nodes in the network. All provinces
were embedded in the same connected system, providing a solid structural foundation for
inter-provincial coordination. Second, the network scale and density generally show an
evolutionary trend of recovery amid fluctuations and enhancement during recovery. The
number of network relationships fluctuated slightly around 50. Affected by external shocks,
the number dropped significantly to 45 in 2020, then gradually rebounded and reached a
peak of 53 in 2024. Meanwhile, the network density changed synchronously and reached its
maximum value of 0.340 in 2024. Third, the network stability has undergone an adjustment
from a rigid hierarchy to redundant backup. The network hierarchy remained unchanged
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at 0.500 from 2021 to 2022, and dropped to 0.400 in 2023 and 2024. Network efficiency hit its
overall peak at 0.652 in 2020, while falling to 0.576 in 2024. Then, the alternative channels
and shock-resisting buffer had strengthened.

4.2.3. Evolution of Individual Nodal Functional Status

The three core centrality indicators of degree centrality, closeness centrality, and
betweenness centrality are adopted to identify the individual functional status of each
provincial node. The standardized percentages are listed in Table 9, where the four years of
2013, 2017, 2021, and 2024 help illustrate the dynamic trends.

Table 9. Individual nodal functional statuses of the spatial correlation network.

Provinces
Degree Centrality Closeness Centrality Betweenness Centrality

2013 2017 2021 2024 2013 2017 2021 2024 2013 2017 2021 2024

Chongqing 75.000 91.667 91.667 83.333 80.000 92.308 92.308 85.714 6.301 6.566 5.556 3.371
Sichuan 58.333 58.333 50.000 66.667 70.588 70.588 66.667 75.000 1.957 2.449 2.008 3.586
Guizhou 75.000 41.667 50.000 50.000 80.000 63.158 66.667 66.667 5.316 4.091 3.460 4.116

Guangxi 41.667 33.333 50.000 58.333 63.158 60.000 66.667 70.588 11.187 4.091 4.091 12.449
Hainan 33.333 25.000 25.000 25.000 60.000 57.143 57.143 54.545 0.568 0.000 0.000 0.189
Yunnan 50.000 33.333 33.333 41.667 66.667 60.000 60.000 63.158 1.717 0.303 0.000 0.000
Xizang 41.667 41.667 33.333 41.667 63.158 63.158 60.000 63.158 0.000 0.000 0.000 0.000

Inner
Mongolia 66.667 75.000 66.667 75.000 75.000 80.000 75.000 80.000 5.240 11.616 11.869 14.167

Shaanxi 66.667 75.000 75.000 66.667 75.000 80.000 80.000 75.000 24.419 26.768 22.348 18.876
Gansu 58.333 66.667 66.667 66.667 70.588 75.000 75.000 75.000 16.982 28.207 20.821 20.215

Qinghai 33.333 33.333 33.333 41.667 60.000 60.000 60.000 63.158 0.000 0.000 0.000 0.000
Ningxia 41.667 33.333 33.333 33.333 63.158 60.000 60.000 60.000 0.000 0.000 0.303 0.303
Xinjiang 25.000 25.000 25.000 16.667 57.143 57.143 57.143 52.174 0.556 0.000 0.000 0.000

Mean 51.282 48.718 48.718 51.282 68.035 67.577 67.430 68.012 5.711 6.469 5.420 5.944

Bold = above mean.

(1) Degree Centrality: Direct Connectivity and Core Status

From Table 9, the average degree centrality for the four selected years is 51.282,
48.718, 48.718, and 51.282, respectively. Clearly, the Main Channel provinces are always
significantly above average, which verifies their central statuses within the spatial network.

Furthermore, the specific out-degree and in-degree of each provincial region in 2024
are listed in Figure 6 in detail. Chongqing has the highest degree centrality. Sichuan,
Shaanxi, Gansu and Inner Mongolia maintain strong connectivity. Thus, they have direct
correlations with more nodes and possess stronger capabilities in receiving and spilling
over production factors within the network. As the operational center of the corridor
and a key national logistics hub, Chongqing undertakes functions such as train schedule
arrangement, multimodal transport connection and resource coordination, thus establishing
stable bidirectional correlations. Supported by developed industries and a large population,
Sichuan continuously supplies cargo sources and logistics demands, enabling it to maintain
a high level of connectivity in the spatial network. On the contrary, Ningxia, Xinjiang
and Hainan show relatively low degree centrality, which means they have limited direct
connections with others. Restricted by natural conditions, economic foundation and
geographical location, they mostly act as terminal undertakers and peripheral nodes in
the network.
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Figure 6. The out-degree and in-degree of each province in 2024.

(2) Closeness Centrality: Accessibility and Network Position

From Table 9, the mean values of closeness centrality in the selected four years are
68.035, 67.577, 67.430, and 68.012, respectively. Analogous to the above case of degree
centrality, the Main Channel provinces are always significantly above average. They have
distinct locational advantages within the spatial network. Comparatively, they can connect
more nodes via fewer intermediaries because of shorter path lengths, which facilitates
trans-regional cooperation.

In terms of provincial-level regions, Chongqing, Inner Mongolia, Sichuan, Shaanxi,
Gansu, and Guangxi rank sequentially in 2024. Chongqing and Sichuan connect the
hinterland and outward systems, boasting stronger linkage and resource coordination
capabilities, thus achieving shorter reachable distances in the network. Inner Mongolia
functions as a pivotal hub in the north with a relatively compact connection structure with
multiple regions, hence presenting high overall accessibility. Shaanxi and Gansu are located
in the segments linking northwest, southwest, inland and border areas, and undertake
corridor-type connecting functions for cross-sector and cross-regional ties, enabling them
to maintain high reach efficiency in numerous shortest paths. As a sea outlet gateway
facing ASEAN, Guangxi acts as a node for inland distribution and maritime external
linkage, maintaining frequent interactive connections with many nodes, which facilitates
it to occupy highly accessible positions in the network. In contrast, Hainan and Xinjiang
exhibit relatively low closeness centrality. Their connections with other regions require
traversing multiple intermediate nodes, resulting in longer average shortest paths. This
positions them as classic peripheral nodes within the network.

(3) Betweenness Centrality: Intermediary Power and Bridge Function

From Table 9, the average betweenness centrality for the four selected years is 5.711,
6.469, 5.420, and 5.944, respectively. Different from the previous two indicators, it is the
Extended Belt instead of the Main Channel provinces that are above average, demonstrating
their important roles as intermediaries and bridges.

In terms of provincial-level regions, Gansu, Shaanxi, Inner Mongolia, and Guangxi
rank sequentially in 2024. Gansu is endowed with formidable intermediary control power
since the Hexi Corridor serves as an irreplaceable overland passage linking China’s interior
with Xinjiang and Central Asia. Shaanxi relies on the national comprehensive transportation
status of hubs such as Xi’an to connect multidirectional flows to the northwest, central
and eastern regions. Inner Mongolia links up with Eurasia to the north and west, and
gains maritime access via Northeast and North China in the east and through Shaanxi,
Chongqing, Guizhou and Guangxi in the south, acting as a key transit hub for inter-regional
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connections. Guangxi undertakes the transit function of converting inland distribution
and transportation into cross-border maritime operations. Conversely, Yunnan, Xizang,
Qinghai, and Xinjiang show low betweenness centrality, meaning they are rarely situated
on the shortest paths between pairs of other provincial nodes. This indicates their limited
capacity to mediate inter-provincial logistics flows, which is consistent with their edge-node
positioning concluded from centrality analysis.

4.2.4. Evolution of Block Clustering Configurations

Block modeling with the CONCOR algorithm in UCINET was applied to further
explore the network’s spatial clustering configurations and inter-block functional division.
The 13 provinces were divided into four blocks. The following analyzes the clustered
blocks, role evolution, spillover effects, and visualized spillover relationships, with a focus
on temporal changes and 2024 cross-sectional characteristics.

(1) Clustered Blocks

Table 10 presents the results of block clustering in 2013, 2017, 2021, and 2024, including
the received, spilled, and intra-block relations and block type classification.

Table 10. Block clustering of the spatial network.

Year Blocks Provinces Received
Relations

Spilled
Relations

Intra-Block
Relations

Expected
Internal

Ratio

Actual
Internal

Ratio
Block Type

2013

Block I Xinjiang, Inner
Mongolia, Shaanxi 14 12 0 16.67% 0.00% Broker

Block II Hainan,
Chongqing 9 6 1 8.33% 14.29% Net Beneficiary

Block III Guangxi, Guizhou,
Yunnan, Sichuan 18 9 5 25.00% 35.71% Net Beneficiary

Block IV Ningxia, Gansu,
Qinghai, Xizang 3 17 2 25.00% 10.53% Net Spillover

2017

Block I Chongqing, Inner
Mongolia, Shaanxi 23 12 1 16.67% 7.69% Broker

Block II Hainan, Sichuan 6 6 0 8.33% 0.00% Broker

Block III Guangxi, Guizhou,
Yunnan 10 7 0 16.67% 0.00% Broker

Block IV
Ningxia, Gansu,
Qinghai, Xizang,

Xinjiang
2 16 6 33.33% 27.27% Net Spillover

2021

Block I Inner Mongolia,
Gansu 9 8 2 8.33% 20.00% Bidirectional

Spillover

Block II Ningxia, Qinghai,
Xizang, Xinjiang 2 15 0 25.00% 0.00% Net Spillover

Block III Guangxi, Guizhou,
Sichuan 14 6 2 16.67% 25.00% Net Beneficiary

Block IV
Hainan,

Chongqing,
Shaanxi, Yunnan

15 11 4 25.00% 26.67% Net Beneficiary

2024

Block I Inner Mongolia,
Xinjiang 6 6 1 8.33% 14.29% Bidirectional

Spillover

Block II
Ningxia, Qinghai,

Xizang, Gansu,
Yunnan

4 21 3 33.33% 12.50% Net Spillover

Block III Guangxi, Guizhou 13 7 0 8.33% 0.00% Broker

Block IV
Hainan,

Chongqing,
Shaanxi, Sichuan

20 9 6 25.00% 40.00% Net Beneficiary
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In 2024, the total number of network relationships in the logistics resilience spatial
correlation network is 53, with 10 intra-block relationships and 43 inter-block relationships.
The functional characteristics of each block are as follows:

Block I (Bidirectional Spillover Block: Inner Mongolia and Xinjiang): Balanced in-
coming (six) and outgoing (six) inter-block relations, with one intra-block relation (actual
internal ratio = 14.29% > expected 8.33%).

Block II (Net Spillover Block: Ningxia, Qinghai, Xizang, Gansu, and Yunnan): Few
incoming inter-block relations (four) but abundant outgoing relations (21), with three
intra-block relations (actual internal ratio = 12.50% < expected 33.33%).

Block III (Broker Block: Guangxi and Guizhou): More incoming inter-block re-
lations (13) than outgoing (seven), with zero intra-block relations (actual internal
ratio = 0.00% < expected 8.33%).

Block IV (Net Beneficiary Block: Hainan, Chongqing, Shaanxi, and Sichuan): Abun-
dant incoming inter-block relations (20) but few outgoing (nine), with six intra-block
relations (actual internal ratio = 40.00% > expected 25.00%).

(2) Role Evolution

The clustering blocks evolved sharply from 2013 to 2024, shifting from the pattern of
“brokers supporting multiple beneficiaries” to the pattern where net beneficiaries act as
core absorbing nodes, brokers serve as key links, net spillovers function as major supply
ends, and bidirectional spillovers engage in two-way connections. For example, this can be
seen in Xinjiang and Inner Mongolia (2013: broker → 2024: bidirectional spillover); Shaanxi
(2013: broker → 2024: net beneficiary); Guangxi and Guizhou (2013: net beneficiary → 2024:
broker); and Yunnan (2013: net beneficiary → 2024: net spillover).

(3) Spillover Effects

On the basis of block clustering, both the density matrix and corresponding image
matrix of the above four blocks are calculated to reveal the spillover relationships among
blocks. First, the density matrix is obtained via the CONCOR module, adopting the
iterative convergence method in the UCINET software. Then, taking the overall annual
network density in Table 8 as the threshold, the density matrix is binarized to acquire the
corresponding image matrix, as summarized in the following Table 11.

In 2013, the spillover pattern was dispersed: Block I exerted spillover to Block III;
Block II maintained both internal self-cycles and spillover to Block III; Block III had internal
self-cycles and exerted spillover to Block II; and Block IV generated spillover to both Block
I and Block II.

By 2024, a clear, hierarchical spillover structure emerged: Block I maintained internal
self-cycles and exerted spillover to Block III; Block II exerted spillover to both Block I and
Block IV; Block III generated spillover to Block IV; and Block IV sustained both internal
self-cycles and exerted spillover to Block III.

(4) Visualized Spillovers

To intuitively illustrate the directional spillover flows, the inter-block spillover rela-
tionships in 2013 and 2024 are visualized in Figure 7 with relational counts quantifying the
intensity of each linkage.

In 2013, Block I is not endowed with internal relations and receives 14 incoming
spillover relations (4 from Block III and 10 from Block IV). It generates 12 outgoing spillover
relations (9 to Block III and 3 to Block IV). Block II has only one internal relation and receives
nine incoming spillover relations (five from Block III and four from Block IV). It generates
six outgoing spillover relations (all to Block III). Block III has five internal relations and
receives 18 incoming spillover relations (9 from Block I, 6 from Block II, and 3 from Block
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IV). It generates nine outgoing spillover relations (four to Block I and five to Block II). Block
IV has two internal relations and receives three incoming spillover relations (all from Block
I). It generates 17 outgoing spillover relations (10 to Block I, 4 to Block II, and 3 to Block III).

Figure 7. The inter-block spillover relationships of logistics resilience in 2013 and 2024.

In 2024, Block I is endowed with only one internal relation and receives six incoming
spillover relations (all from Block II). It generates six outgoing spillover relations (three
to Block II, two to Block III, and one to Block IV). Block II has three internal relations and
receives four incoming spillover relations (three from Block I and one from Block IV). It
generates 21 outgoing spillover relations (6 to Block I, 3 to Block III, and 12 to Block IV).
Block III has no internal relations and receives 13 incoming spillover relations (2 from Block
I, 3 from Block II, and 8 from Block IV). It generates seven outgoing spillover relations (all
to Block IV). Block IV has six internal relations and receives 20 incoming spillover relations
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(1 from Block I, 12 from Block II, and 7 from Block III). It generates nine outgoing spillover
relations (one to Block II and eight to Block III).

Table 11. Density matrices and corresponding image matrices of the spatial correlation network.

Year
Block
Type

Density Matrix Image Matrix
Block I Block II Block III Block IV Block I Block II Block III Block IV

2013

Block I 0.000 0.000 0.750 0.250 0 0 1 0
Block II 0.000 0.500 0.750 0.000 0 1 1 0
Block III 0.333 0.625 0.417 0.000 0 1 1 0
Block IV 0.833 0.500 0.188 0.167 1 1 0 0

2017

Block I 0.167 0.500 0.778 0.133 0 1 1 0
Block II 0.500 0.000 0.500 0.000 1 0 1 0
Block III 0.667 0.167 0.000 0.000 1 0 0 0
Block IV 0.933 0.200 0.000 0.300 1 0 0 0

2021

Block I 1.000 0.250 0.667 0.250 1 0 1 0
Block II 1.000 0.000 0.000 0.438 1 0 0 1
Block III 0.000 0.000 0.333 0.500 0 0 1 1
Block IV 0.125 0.000 0.833 0.333 0 0 1 1

2024

Block I 0.500 0.300 0.500 0.125 1 0 1 0
Block II 0.600 0.150 0.300 0.600 1 0 0 1
Block III 0.000 0.000 0.000 0.875 0 0 0 1
Block IV 0.000 0.050 1.000 0.500 0 0 1 1

4.3. Driving Mechanism of the Network Structure Evolution
4.3.1. Variable Selection

In order to identify the driving mechanism for the structural evolution of the spatial
correlation network with the QAP model, the following potential factors are selected as
possible explanatory variables:

Economic development (X1), characterized by the difference matrix of per capita re-
gional GDP; inclusive finance (X2), characterized by the difference matrix of the Inclusive
Finance Index released by Peking University; environmental pollution governance (X3),
characterized by the difference matrix of the ratio of fiscal environmental protection ex-
penditure to fiscal budget; educational advancement (X4), characterized by the difference
matrix of the ratio of the number of students in regular institutions of higher education
to the total population; industrial structure rationalization (X5), characterized by the dif-
ference matrix of the industrial Theil index; urbanization level (X6), characterized by the
difference matrix of the ratio of urban population to permanent population; technologi-
cal innovation (X7), characterized by the difference matrix of the ratio of the number of
three types of patent authorizations to the permanent population; informatization level
(X8), characterized by the difference matrix of the number of websites per 100 enterprises;
and geospatial proximity (X9), characterized by the geographic adjacency matrix between
provincial capitals.

We convert the above eight difference matrices into binary form using row mean
differences as the threshold. A value of one is assigned when the inter-provincial difference
is above the row mean, indicating a large disparity, and zero otherwise. These binary
matrices and the geographic adjacency matrix are the relational matrices used as indepen-
dent variables in the QAP model. Actually, constructing attribute-difference matrices as
QAP independent variables follows the standard dyadic-regression practice established
by references [43–45]. Furthermore, the choice to binarize these difference matrices by
focusing on whether the gap between two units exceeds the typical disparity observed
across the network—rather than on the precise magnitude of the gap—is widely adopted.
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For instance, several urban and regional network studies define relational ties by whether
a dyad exceeds a systemic norm [46,47]. In particular, the row mean is used as the thresh-
old in [48,49] to convert continuous attribute matrices into binary ones, whereas median
and fixed-percentile thresholds, by ignoring within-row value heterogeneity, may bias
the dyadic relational structure embedded in permuted matrices and thus distort the QAP
inference. Accordingly, we adopt the row-mean thresholding procedure for binarization.

4.3.2. QAP Correlation Analysis

The logistics resilience spatial correlation network is presented in matrix form. There-
fore, it is difficult to effectively analyze the relationships between such matrices with
traditional statistical analysis methods because high correlation exists among explanatory
variables. To avoid multicollinearity, the non-parametric QAP model is adopted to identify
the driving factors of the logistics resilience spatial correlation network in the NWLSC.

The correlations between the explanatory and explained variables are obtained
through 5000 random permutations, and the final results are illustrated in Table 12.

Table 12. Results of QAP correlation analysis.

Driving Factors Correlation Coefficient Significance Level

Economic development X1 0.555 *** 0.001
Inclusive finance X2 0.032 0.430

Environmental pollution
governance X3

0.024 0.469

Educational advancement X4 0.292 *** 0.007
Industrial structure
rationalization X5

−0.011 0.515

Urbanization level X6 0.207 * 0.056
Technological innovation X7 0.207 ** 0.047

Informatization level X8 −0.045 0.393
Geospatial proximity X9 0.218 ** 0.015

*, **, and *** denote 10%, 5%, and 1% statistical significance, respectively.

The QAP correlation analysis results illustrate that the structure of the logistics re-
silience spatial correlation network in the NWLSC is significantly influenced by factors such
as economy, geography, education, and technology. Specifically, both economic develop-
ment and educational advancement reach significance at the 1% statistical level; geospatial
proximity and technological innovation reach it at the 5% statistical level; and urbanization
level reaches it at the 10% statistical level; all five variables exhibit a positive correlation. In
contrast, the inclusive finance, environmental pollution governance, industrial structure
rationalization, and informatization level all show no statistical significance.

4.3.3. QAP Regression Analysis

The QAP regression model is employed to identify the driving factors behind the
structural evolution of the logistics resilience spatial correlation network in the NWLSC.
According to Equation (13), the econometric model is:

LR = β0 + β1X1 + β2X2 + β3X3 + β4X4 + β5X5 + β6X6 + β7X7 + β8X8 + β9X9 + E (14)

LR represents the gravity-based adjacency matrix of logistics resilience across
provinces in the NWLSC; X denotes the relational matrix corresponding to each explanatory
variable; β denotes the regression coefficient of each explanatory variable; and E represents
the random error term.
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Then, this model is adopted to identify the driving effects of various factors while
controlling for other variables, and the regression results are achieved through 5000 random
permutations, as illustrated in Table 13.

Table 13. Results of QAP regression analysis.

Driving Factors Non-Standardized
Regression Coefficient

Standardized
Regression Coefficient

Significance
Level

Economic development X1 0.492 0.523 *** 0.001
Inclusive finance X2 −0.046 −0.049 0.249

Environmental pollution governance X3 0.011 0.012 0.440
Educational advancement X4 0.139 0.150 ** 0.035

Industrial structure rationalization X5 0.012 0.013 0.439
Urbanization level X6 0.010 0.010 0.465

Technological innovation X7 0.083 0.088 0.132
Informatization level X8 0.052 0.055 0.238
Geospatial proximity X9 0.299 0.299 *** 0.001

R2 = 0.416, Adjusted R2 = 0.384
** and *** denote 5% and 1% statistical significance, respectively.

In terms of model specification, the adjusted R2 is 0.384 at a significance level of 0.001,
indicating that the model setting is reliable. These nine influencing factors can totally
explain 38.4% of the variation in the spatial linkages of logistics resilience in the NWLSC.

In terms of specific influencing factors, there is significant heterogeneity in the re-
gression results across different variables. Economic development (X1) and geospatial
proximity (X9) both reach the 1% statistical significance level, and educational advancement
(X4) reaches the 5% statistical significance level. Each of the three statistically significant
variables carries a positive regression coefficient. In detail, the standardized regression coef-
ficient of economic development (X1) is 0.523, while those of geospatial proximity (X9) and
educational advancement (X4) stand at 0.299 and 0.150, respectively. However, inclusive
finance (X2), environmental pollution governance (X3), industrial structure rationalization
(X5), urbanization level (X6), technological innovation (X7), and informatization level (X8)
all lack statistical significance, as they do not pass the significance test.

5. Discussions
5.1. Decoding the Spatial Logic of Logistics Resilience Growth
5.1.1. Policy Cycles: Accelerating Resilience and Gradient Differentiation

On one front, a pronounced policy-driven effect emerges in the process of the consis-
tent improvement of logistics resilience. Three distinct growth peaks appear in 2019, 2021
and 2024, closely matching the rollout of core institutional policies. In 2019, the Master Plan
for the NWLSC was released, which established the overarching framework of delineating
strategic directives regarding positioning, hub network layouts, key project construction,
and collaborative operational mechanisms. In 2020, the outbreak of COVID-19 disrupted
logistics networks, and the inherent vulnerabilities within the logistics system were fully
exposed. In 2021, the Implementation Plan for High-Quality Development of the NWLSC during
the 14th Five-Year Plan Period outlined concrete measures focusing on infrastructure up-
grades, efficiency optimization, and enhancement of multimodal transport coordination.
The Regional Comprehensive Economic Partnership (RCEP), effective in 2022, incorporated the
corridor into global value chains and boosted China–ASEAN economic links and freight
volumes, whose dividends became fully evident by 2024.

On the other front, the policy-driven effect shows prominent regional heterogeneity.
The improvement of logistics resilience varies across provincial-level regions, and the Main
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Channel provinces serve as the growth pole driving sequential resilience elevation along the
whole corridor. Such spatial differentiation results from the integration of national strategic
plans, geographical resource endowments, and locational conditions. National strategies
offer long-term guidance and an institutional guarantee for the evolution of logistics
resilience, while such evolution is also restricted by geographical endowments and location
advantages. Developed regions including Chongqing and Shaanxi maintain robust logistics
resilience thanks to mature corridor operation systems, well-planned hub distribution and
stable large-scale market demand supported by population agglomeration and economies
of scale. By contrast, the underdeveloped regions such as Qinghai and Gansu are restricted
by a small market scale, backward infrastructure and inferior geographical conditions,
whose improvement of logistics resilience thus depends largely on external resource input.

Summarily, although the logistics resilience has kept a steady increasing tendency, the
growth is driven mostly by top-down policy incentives instead of spontaneous endogenous
engines. Furthermore, such policy-driven dynamics have a typical character of regional
heterogeneity, which manifests as a distinct pattern of gradient differentiation across
provincial-level regions.

5.1.2. Geographic Inequality: Hub Dominance with Peripheral Dependence

The long-term gradient disparity in logistics resilience displays a distinct core–
periphery spatial hierarchy. Core regions have been accumulating development divi-
dends, whereas peripheral regions still continuously rely heavily on external support,
which greatly deviates from the goal of balanced development. Chongqing, Sichuan and
Shaanxi, as typical—key regions, maintain strong logistics resilience and rapid growth
because of their advantages in superior hub locations, solid industrial foundations and scale
economies, which actually have formed a self-reinforcing virtuous cycle. In contrast, Gansu,
Qinghai and Xizang, as typical peripheral areas, have been stuck in a low-development
and low-growth pattern, and their resilience improvement is dominated by external cap-
ital investment rather than endogenous driving forces. However, current policies have
solidified the spatial hierarchical structure and have not effectively narrowed regional gaps.
The spatial agglomeration effect of logistics resilience keeps strengthening, while the trend
of agglomeration becomes stable, and the main axis becomes increasingly distinct, which
reflects an evolutionary regional imbalance.

On the one hand, variations in the coverage scope and principal axes of the standard
deviational ellipse verify that the spatial hierarchy of logistics resilience evolves from a
dispersed state to an agglomerated pattern. With the shrinking elliptical coverage and the
shortening of both major and minor axes, the overall spatial layout tends to be increasingly
consolidated. Such spatial contraction is attributed to the leading driving effect of core hub
regions because of their prominent advantages in operational efficiency and infrastructure
network construction, which aligns with the practical development logic that prioritizes
resource allocation and key construction investment in core nodes.

On the other hand, variations in the azimuth angle and oblateness ratio of the standard
deviational ellipse illustrate a stable northwest–southeast agglomeration trend. Slight fluc-
tuations occur in the azimuth while the oblateness ratio remains stable, which maintains a
solid spatial layout along the axis without any diffusive tendency. This spatial differentia-
tion reflects a non-equilibrium expansion mode that mainly relies on existing hub cities.
Therefore, it is unnecessary to change the established agglomeration orientation to mitigate
regional imbalances within the corridor. Instead, emphasis should be placed on improving
the spillover transmission mechanisms of core hubs and strengthening their horizontal
linkages with the corridor’s primary axis.
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5.1.3. Centroid Dynamics: From Concentration to Diffusion

The empirical results on the spatial gravity center migration of logistics resilience
show that the gravity center has long been situated in Sichuan Province, and there is a
clear trajectory that it was initially concentrated in the Chengdu–Chongqing Area and then
gradually extended northeastward.

This migration trajectory is highly consistent with the policy cycles. From 2013 to 2021,
the orientation of the gravity center’s southeastward movement verifies that the Chengdu–
Chongqing Twin-City Economic Circle steadily consolidated itself as the growth pole
because of sound manufacturing foundations and integrated transportation facilities. After
2021, the northeastward shift indicates that Chongqing and Sichuan have strengthened
spatial radiation effects and factor diffusion enough to spill over to the primary axes such
as Shaanxi.

In particular, the migration develops with high speed at the early stage, which is also
propelled by multiple major policies. For example, in 2013, the Belt and Road Initiative
was launched, which built a strategic framework for cross-regional connectivity; in 2014,
the Medium and Long-Term Logistics Development Plan was released, which clarified the
modernization objectives of logistics infrastructure and multimodal transportation; and
in 2015, the implementation effect of the China–Singapore Connectivity Initiative was
manifested. The combined effects of these policies granted advantages to core hub cities,
facilitated the directional agglomeration of logistics resilience, and further promoted the
spatial shift of its gravity center.

Overall, the spatial configuration of logistics resilience within the NWLSC features
concentrated distribution, stable evolutionary trends and orderly gravity center migration.
Despite the ongoing optimization of the spatial structure, there are still prominent regional
imbalances. Accordingly, it is essential to reinforce horizontal inter-regional connections
and factor spillover mechanisms, so as to guide the evolution of corridor logistics resilience
toward more coordinated, equitable, efficient and high-quality development.

5.2. Unpacking the Spatial Architecture of the Logistics Resilience Network
5.2.1. Hierarchy and Specialization in Network Topology

The above network topology and chord diagram analyses demonstrate that logistics
resilience within the NWLSC presents prominent spatial network linkages, which have
formed a robust hierarchical system composed of operational nodes, corridor hubs, and
outward-facing gateways. Notably, these inter-provincial interactive correlations extend
beyond simple geographical adjacency.

Provincial-level regions show clear functional differentiation with dominant core
nodes and loosely connected peripheral ones. For example, Chongqing, which is designated
as the corridor’s core operational center and national comprehensive logistics hub, lies at
the network core nexus, coordinates regional logistics operations and shapes a prominent
spatial Chongqing-centered agglomeration pattern. Sichuan, as part of the Chengdu–
Chongqing Twin-City Economic Circle, builds an inland-sea-linked logistics framework by
conducting logistics transshipment via Guizhou and connecting global markets through
Guangxi. Shaanxi, as a traditional northwest distribution hub, facilitates multidirectional
connectivity, which extends westward to Eurasia and southward to maritime routes linking
Asia, America, and Europe. Qinghai and Xizang still present weak network links amid
expanding overall network scales and tighter connections. However, tangible infrastructure
connectivity has not yet been fully translated into effective functional integration because
physical infrastructure cannot achieve spontaneous functional synergy without effective
policy guidance and institutional guarantees.
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In summary, driven by policy guidance and functional positioning, the structural
configuration of the logistics resilience network within the NWLSC has been steadily
optimizing. In particular, Chongqing remains in a leading position in network centrality
while Guangxi further solidifies its status as a maritime gateway.

5.2.2. Overall Resilience as a Function of Network Redundancy

In terms of Network Connectivity, the corresponding indicator remained stable at
one throughout 2013–2024. Such saturation means there are no any isolated nodes in the
spatial correlation network. It also demonstrates a high level of integration, where all
provincial-level regions are embedded within the single system of the NWLSC to support
the functional synergy and spillover diffusion of resilience elements.

In terms of the network relationships and density, both indicators show a trend of
fluctuating adjustment followed by steady recovery, verifying the strong risk resistance
of the corridor. The decline in network relationships in 2020, caused by external shocks
including the pandemic, was a normal response to external pressures rather than a systemic
breakdown. It achieved continuous recovery in subsequent years and reached its highest
level in 2024, fully reflecting its powerful self-recovery ability and structural optimization
potential. Consistent with this trend, the network density changed in step with network re-
lationships, which enhanced the overall compactness of the logistics network by deepening
regional connections and expanding the radiation scope.

In terms of the network hierarchy and efficiency, the spatial correlation network
has achieved transformative upgrading, evolving from a rigid hierarchical subordinate
structure to an optimized framework with redundant backup functions. In 2020, affected
by the pandemic, network efficiency rose sharply to 0.652, which exposed the structural
fragility and excessive dependence on core pivotal nodes. By 2024, network efficiency
dropped to 0.576, signifying a sound evolutionary trend toward the gradual formation of
diversified alternative transportation routes and multi-level backup routes. Accordingly,
the network has shifted from the traditional mode, emphasizing lean efficiency while
neglecting risk resistance, to a resilient pattern featuring redundant risk buffering capacities.
With diverse redundant connections, a long-term mechanism for the steady improvement
of logistics resilience can be established by building multi-dimensional transportation paths,
improving risk response buffers, and boosting operational stability and environmental
adaptability effectively.

Nevertheless, the current level still remains relatively low. To remedy such structural
defects, it is urgent to construct a network with multi-path connectivity and sufficient redun-
dancy, so as to comprehensively enhance the risk resistance and sustainable development
capacity of the logistics system in the NWLSC.

5.2.3. Node Heterogeneity Beyond Simple Centrality

There are significant disparities in various network centrality indicators, which reflect
an obvious divergence in functional positioning within the network. The Main Chan-
nel provinces have prominent advantages in degree centrality, while the Extended Belt
provinces enjoy betweenness centrality. Thus, targeted and differentiated risk prevention
and governance policies should be formulated in accordance with functional positions. For
example, Chongqing and Sichuan, as the representatives of core regions, should consolidate
foundational supporting and leading roles, while Shaanxi and Gansu, as the representatives
of transit-dominant regions, should reinforce peripheral safeguards.

(1) Degree Centrality

The geographical conditions, industrial foundations, and resource endowments col-
lectively shape the spatial distribution of degree centrality. The core regions dominate the
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direct linkages within the network and have consistently maintained prominent advantages
in degree centrality. Chongqing, benefiting from its dual strategic status as the operational
center of the corridor and a national comprehensive logistics hub, has enabled efficient
two-way logistics coordination via the China–Europe Railway Express, the organization
of multimodal transportation, and cross-regional resource integration. Sichuan, based on
the robust and stable logistics demand stemming from its solid industrial foundation and
large population, boasts prominent strength in network interconnectivity. In contrast, pe-
ripheral regions register relatively low degree centrality and occupy marginal and terminal
positions within the network. For example, Ningxia, Xinjiang and Hainan act as typical
peripheral nodes with weak capabilities in direct inter-regional logistics connectivity be-
cause of their remote geographical locations, simplistic economic structures or insufficient
resource endowments, which collectively impose substantial constraints on their logistics
resilience.

(2) Closeness Centrality

The positional status of a single node in the spatial network is characterized by the
indicator of closeness centrality. Hub nodes boast prominent advantages and occupy favor-
able network positions that support efficient inter-regional cooperation via fewer transit
links. Chongqing and Sichuan, relying on the national policy of the Chengdu–Chongqing
Twin-City Economic Circle, actually have built a logistics network connecting inland hin-
terlands with global markets. Shaanxi and Gansu, driven by the Belt and Road Initiative,
act as pivotal channels that strengthen the connectivity between inland and border areas.
Guangxi, as the southern maritime gateway, facilitates unobstructed cargo transportation
from inland China to ASEAN. Inner Mongolia, endowed with multidimensional transporta-
tion passages, promotes the integrated development of the spatial network. In comparison,
peripheral nodes are constrained by redundant intermediate connections and thus exhibit
relatively low efficiency. For example, Hainan and Xinjiang record relatively low closeness
centrality. Their logistics transportation features longer shortest paths and heavy depen-
dence on multi-level intermediate node connections, which further demonstrates their
peripheral positioning within the spatial network.

(3) Betweenness Centrality

Reflecting the bridging intermediary role of nodes, betweenness centrality highlights
the core significance of transit hubs. The Extended Belt provinces score highly in this
indicator, which demonstrates their irreplaceable function in facilitating factor mobility
and linking different parts of the network. Specifically, Shaanxi, Gansu and Inner Mongolia
stand out as key transit hubs. Shaanxi coordinates cross-regional factor flows heading north,
west and south. Gansu, with the Hexi Corridor, acts as a vital overland transportation
channel, while Inner Mongolia provides omnidirectional transport passages. Additionally,
Guangxi enables efficient consolidation of inland goods and maritime foreign trade ship-
ment, and hence registers a relatively high betweenness centrality, too. Conversely, Yunnan,
Xizang, Qinghai and Xinjiang, with a limited capacity to coordinate cargo transshipment,
record notably lower betweenness centrality, which is consistent with their peripheral roles
in the network.

5.2.4. Block Dynamics of a Tributary System

Block configuration analysis reveals a marked evolution from basic point-to-point
connections to a stable complex spatially correlated system. Notably, inter-block factor
spillover links total 43 pairs, far exceeding the 10 intra-block pairs. Such disparity indicates
that the network has entered a highly integrated development phase.

(1) Clustered Blocks
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Inter-block connections dominate spatial correlation in the logistics resilience network.
A distinct functional division among blocks greatly improves network resource allocation
efficiency. In 2024, inter-block linkages amounted to 43 pairs, taking up 81.13% of the overall
53 connections. This reflects high network integration, with cross-block factor spillover
and transmission serving as the main spatial correlation pattern. Additionally, each block’s
functional position matches its development orientation. Block I presents bidirectional
spillover, featuring balanced factor absorption and outward diffusion. Block II shows net
spillover, acting mainly as a factor supplier. Block III possesses broker properties, acting
as an interconnection bridge. Block IV shows net beneficiary characteristics, functioning
primarily as a center for factor convergence and absorption.

(2) Role Evolution

The evolving roles of network blocks manifest the steady optimization of node func-
tions amid changing policy orientations and development requirements in each develop-
ment stage of the NWLSC. Changes in block agglomeration from 2013 to 2024 mirror the
corridor’s remarkable advancement from strategic layout to mature operational status.
Specifically, Xinjiang and Inner Mongolia have realized their transition to bidirectional
spillover blocks, which reflects improved integration of cross-regional factor flows and
the gradual maturation of the northbound channel construction. Shaanxi has achieved
the shift toward a net beneficiary block, which is driven by the Belt and Road Initiative, the
construction of the Xi’an–Xianyang Metropolitan Area, and the layout of national logistics
hubs. The evolution of Guangxi and Guizhou into broker blocks corresponds to the grad-
ual improvement of their maritime gateway and corridor segment functions. Yunnan’s
transformation into a net spillover block is closely linked to its outward opening strategy
toward Southeast Asia. These evolutionary changes collectively reflect the continuous
optimization of the functional positioning of all regional nodes within the network.

(3) Spillover Effects

The network’s transition from a dispersed spillover pattern in 2013 to a hierarchical
spillover structure in 2024 reveals the increasing rationalization of the spatial correlation
system. The clear cross-block spillover chains formed in 2024 further highlight the leading
role of inter-block linkages in shaping logistics resilience. The shift from parallel multi-
block connections to convergence centered on net beneficiary and broker nodes improves
the overall network operational efficiency and coordinated development capacity. A
comparative analysis of spillover patterns in 2013 and 2024 further confirms the structural
optimization of the network. Block IV has evolved from a net spillover role into a core
absorption node with strong internal cohesion, stabilizing overall network operation. Block
II has developed into a major spillover supplier, enhancing the system’s proactive supply
capacity. The overall transition from an unbalanced and externally dependent structure to a
coordinated and self-sustaining system manifests the elevated integration level, structural
stability, and high-quality development of the logistics industry.

5.3. Synthesizing the Spatial Drivers of the Evolutionary Network Structure
5.3.1. Rationale for Selecting Driving Factors

Generally, the selected nine factors cover economic, financial, environmental, ed-
ucational, industrial, urbanization, technological, informatization and geographical di-
mensions, all of which are closely associated with the dynamic evolution of the logistics
resilience spatial correlation network in the NWLSC.

Specifically, economic development creates basic logistics demand and provides finan-
cial support for transportation infrastructure construction. Inclusive finance helps fund
infrastructure projects and grants credit access to logistics firms. Environmental pollution
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governance enforces emission limits and drives the industry’s green low-carbon transfor-
mation. Educational advancement cultivates professional logistics talents and improves
industrial human capital. Industrial structure rationalization generates and meets logistics
needs while lowering socioeconomic systemic risks. Urbanization boosts economies of
scale and strengthens spatial agglomeration effects. Technological innovation raises opera-
tional efficiency via new facilities and cuts costs through management and institutional
improvements. Informatization realizes cross-regional information sharing and breaks
market segmentation barriers. Geographic proximity smooths commodity circulation and
personnel communication, accelerating regional industrial and economic integration. Theo-
retically, these diverse factors impose significant influences on the structural evolution of
the logistics resilience network.

5.3.2. Correlation Characteristics Between the Factors and Network

On the one hand, the QAP analysis reveals a significantly positive correlation be-
tween the evolution of the logistics resilience networks and five influencing factors, namely
economic development, educational advancement, geographical proximity, technological
innovation and urbanization, which verifies their pivotal role in driving structural changes
in the spatial network. Specifically, economic development and educational advancement
meet the 1% statistical significance threshold, and hence serve as primary driving forces
that determine regional logistics demand levels and professional talent quality, respectively.
Geographical proximity and technological innovation reach the 5% significance level, and
hence lay a solid foundation for spatial coordination and technological upgrading, respec-
tively. Urbanization satisfies the 10% significance threshold, which steadily strengthens the
effects of factor agglomeration and the spillover of development benefits.

On the other hand, the QAP analysis illustrates four factors, including inclusive
finance, environmental pollution governance, industrial structure rationalization and in-
formatization, that fail to pass the correlation significance test. They do not manifest any
direct influence autonomously, and their effects are contingent upon external mediating
conditions instead of functioning independently.

5.3.3. Hierarchical Driving Effects and the Synergistic Mechanism

In terms of model specification, the adjusted goodness-of-fit value stands at 0.384, and
the overall model passes the 0.1% significance test. These results prove the high reliability
of the QAP regression model and demonstrate that the chosen driving factors can well
explain the structural evolution of the spatial correlation network.

At the individual factor level, economic development, geographical proximity and
educational advancement show statistically significant driving effects. The standardized
regression coefficient of economic development (X1) reaches 0.523, revealing that economic
conditions directly determine the freight demand scale and lay the fundamental foundation
for logistics connections. For example, the sizable economy of the Chengdu–Chongqing
Twin-City Economic Circle firmly consolidates its hub status in the NWLSC. Educational
advancement (X4) obtains a coefficient of 0.150, implying that high-quality human resources
provide essential soft power for logistics resilience. The stable supply of skilled practition-
ers and professional managers is critical to sustaining efficient and steady operation because
modern logistics is a technology-and-management-intensive industry. Geographical prox-
imity (X9) has a coefficient of 0.299, verifying that spatial distance acts as a basic network
constraint and directly affects logistics time and transportation expenses. Empirical results
indicate that logistics connections inside the Main Channel with compact adjacency are
closer and better coordinated than those in the Extended Belt, featuring vast land cover-
age and longer spatial distances. By contrast, other factors such as inclusive finance and
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informatization show no statistical significance. This result deviates from conventional
cognition and reflects the unique empirical value of this empirical study. Both correlation
and regression analyses fail to validate their significance, which verifies that they cannot
exert driving influence independently and their effects hinge on basic preconditions. For
example, inclusive finance barely boosts logistics resilience in regions with weak industrial
foundations, while informatization cannot effectively allocate logistics resources when
the transportation network remains fragmented. Therefore, regional policymakers should
implement policies to synchronize technological innovation, financial service improvement
and industrial structure upgrading.

In summation, various influencing factors present distinct hierarchical disparities and
form a synergistic mechanism dominated by economic growth, constrained by geographical
conditions and supported by educational advancement. These drivers interact rather
than work in isolation. Economy, geography and education serve as core impetuses,
while technological innovation, financial services, informatization and urbanization further
strengthen their effects. Such coordinated synergy facilitates the high-quality structural
evolution of the spatial network.

5.4. Robustness Test
5.4.1. Robustness to Variations in the Distribution Coefficient

As derived via the game theory combined weighting method in Section 3.2, the
distribution coefficient of CRITIC weights is 0.213, while that of weights from the improved
entropy method is 0.787, and the corresponding results of logistics resilience in the NWLSC
are listed in Table 5. When the distribution coefficients are adjusted to (0.3, 0.7), the results
of the logistics resilience are presented in Table 14. By comparison, although the individual
specific numerical values change to a certain extent, the relative magnitude of each value
remains largely unchanged. In other words, the ranking of logistics resilience levels and
growth rates across provinces in the NWLSC is basically consistent, which means that the
spatial correlation matrix will remain unchanged.

Table 14. The level of logistics resilience with the distribution coefficients (0.3, 0.7).

Provinces 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Mean Growth Rate

Chongqing 0.367 0.378 0.404 0.425 0.450 0.462 0.494 0.529 0.532 0.608 0.592 0.631 0.489 5.07%
Sichuan 0.304 0.324 0.357 0.371 0.400 0.438 0.470 0.502 0.539 0.570 0.588 0.631 0.458 6.86%
Guizhou 0.253 0.254 0.284 0.287 0.310 0.328 0.335 0.336 0.368 0.382 0.393 0.416 0.329 4.63%

Guangxi 0.263 0.265 0.285 0.293 0.308 0.321 0.342 0.374 0.414 0.417 0.427 0.434 0.345 4.64%
Hainan 0.262 0.259 0.287 0.293 0.306 0.318 0.322 0.340 0.340 0.339 0.362 0.390 0.318 3.68%
Yunnan 0.255 0.250 0.275 0.282 0.311 0.325 0.352 0.338 0.374 0.379 0.367 0.377 0.324 3.61%
Xizang 0.142 0.145 0.156 0.149 0.159 0.174 0.205 0.176 0.196 0.192 0.206 0.205 0.175 3.43%

Inner
Mongolia 0.261 0.252 0.264 0.272 0.271 0.271 0.290 0.297 0.288 0.308 0.330 0.308 0.284 1.50%

Shaanxi 0.324 0.333 0.351 0.362 0.391 0.403 0.442 0.443 0.490 0.521 0.551 0.620 0.436 6.08%
Gansu 0.231 0.223 0.234 0.250 0.252 0.259 0.276 0.250 0.276 0.285 0.279 0.307 0.260 2.62%

Qinghai 0.195 0.182 0.194 0.201 0.199 0.202 0.214 0.192 0.220 0.222 0.208 0.221 0.204 1.15%
Ningxia 0.220 0.232 0.238 0.246 0.254 0.259 0.280 0.261 0.289 0.299 0.292 0.311 0.265 3.19%
Xinjiang 0.230 0.237 0.248 0.243 0.255 0.263 0.285 0.261 0.300 0.305 0.310 0.343 0.273 3.68%

Mean 0.254 0.256 0.275 0.282 0.297 0.309 0.331 0.331 0.356 0.371 0.377 0.399 0.320 4.19%

Furthermore, when the distribution coefficients are reset to (0.4, 0.6) and (0.5, 0.5),
the corresponding logistics resilience evaluation results are listed in Tables 15 and 16,
respectively. Similarly, by comparing the results with various distribution coefficients, it is
clear that the relative relationships between all numerical values still stay nearly identical,
and thus the relative order of logistics resilience and its growth rate for each province in
the NWLSC remains stable.
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Table 15. The level of logistics resilience with the distribution coefficients (0.4, 0.6).

Provinces 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Mean Growth Rate

Chongqing 0.384 0.393 0.419 0.438 0.463 0.473 0.504 0.538 0.537 0.612 0.594 0.633 0.499 4.64%
Sichuan 0.318 0.336 0.371 0.382 0.409 0.445 0.474 0.506 0.542 0.570 0.584 0.624 0.463 6.32%
Guizhou 0.272 0.271 0.302 0.302 0.326 0.343 0.350 0.349 0.384 0.395 0.403 0.426 0.344 4.18%

Guangxi 0.280 0.280 0.301 0.308 0.322 0.335 0.355 0.386 0.420 0.425 0.436 0.441 0.357 4.21%
Hainan 0.284 0.279 0.307 0.313 0.327 0.339 0.342 0.361 0.357 0.354 0.378 0.404 0.337 3.26%
Yunnan 0.274 0.265 0.292 0.298 0.327 0.340 0.368 0.350 0.388 0.393 0.378 0.389 0.339 3.23%
Xizang 0.164 0.166 0.179 0.170 0.180 0.197 0.230 0.199 0.221 0.216 0.231 0.230 0.198 3.11%

Inner
Mongolia 0.280 0.270 0.283 0.290 0.289 0.289 0.309 0.315 0.303 0.324 0.347 0.320 0.302 1.21%

Shaanxi 0.340 0.346 0.365 0.373 0.404 0.414 0.453 0.449 0.496 0.523 0.546 0.613 0.444 5.50%
Gansu 0.252 0.242 0.254 0.271 0.272 0.279 0.298 0.268 0.296 0.304 0.297 0.326 0.280 2.35%

Qinghai 0.218 0.203 0.217 0.224 0.222 0.225 0.239 0.214 0.244 0.245 0.230 0.244 0.227 1.02%
Ningxia 0.242 0.254 0.259 0.267 0.275 0.281 0.303 0.281 0.311 0.320 0.312 0.332 0.286 2.92%
Xinjiang 0.252 0.259 0.270 0.265 0.276 0.285 0.308 0.281 0.322 0.326 0.328 0.362 0.295 3.34%

Mean 0.274 0.274 0.294 0.300 0.315 0.327 0.349 0.346 0.371 0.385 0.390 0.411 0.336 3.76%

Table 16. The level of logistics resilience with the distribution coefficients (0.5, 0.5).

Provinces 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024 Mean Growth Rate

Chongqing 0.402 0.408 0.435 0.452 0.476 0.483 0.514 0.547 0.541 0.615 0.597 0.634 0.509 4.23%
Sichuan 0.332 0.347 0.384 0.394 0.418 0.452 0.479 0.511 0.544 0.569 0.579 0.617 0.469 5.81%
Guizhou 0.291 0.288 0.320 0.318 0.342 0.359 0.365 0.363 0.399 0.407 0.414 0.437 0.359 3.77%

Guangxi 0.297 0.296 0.316 0.322 0.337 0.349 0.367 0.398 0.426 0.432 0.445 0.448 0.369 3.81%
Hainan 0.306 0.299 0.328 0.334 0.347 0.360 0.363 0.381 0.375 0.369 0.394 0.419 0.356 2.89%
Yunnan 0.293 0.280 0.309 0.315 0.342 0.356 0.384 0.363 0.403 0.407 0.390 0.400 0.353 2.88%
Xizang 0.186 0.188 0.201 0.190 0.201 0.220 0.256 0.222 0.246 0.239 0.256 0.254 0.222 2.86%

Inner
Mongolia 0.300 0.288 0.302 0.309 0.306 0.307 0.327 0.333 0.318 0.339 0.364 0.333 0.319 0.95%

Shaanxi 0.356 0.360 0.379 0.385 0.417 0.426 0.464 0.455 0.502 0.525 0.542 0.606 0.451 4.95%
Gansu 0.273 0.260 0.273 0.292 0.292 0.300 0.320 0.286 0.316 0.324 0.314 0.344 0.300 2.11%

Qinghai 0.242 0.224 0.240 0.247 0.245 0.248 0.264 0.235 0.268 0.269 0.252 0.267 0.250 0.91%
Ningxia 0.264 0.276 0.281 0.289 0.297 0.302 0.326 0.301 0.333 0.341 0.331 0.353 0.308 2.68%
Xinjiang 0.274 0.281 0.292 0.288 0.298 0.306 0.332 0.301 0.344 0.347 0.346 0.381 0.316 3.04%

Mean 0.293 0.292 0.312 0.318 0.332 0.344 0.366 0.361 0.386 0.399 0.402 0.423 0.352 3.37%

Therefore, the spatiotemporal differentiation and structural evolution of the logis-
tics resilience spatial correlation network in the NWLSC are robust to variations in the
distribution coefficients.

5.4.2. Robustness to Variations in the Binarization Threshold

In Section 3.3, the average values were taken as the binarization threshold to convert
the gravity matrix into a 0–1 binary gravity-based adjacency matrix. For each column in ev-
ery row of the gravity matrix, if the gravity value of the column is larger than the average of
the corresponding row, the gravity-based adjacency value is designated as one, or otherwise
as zero. Since the binary gravity-based adjacency matrix serves as the fundamental prereq-
uisite for subsequent social network analysis, different binarization thresholds may alter
the overall structure of the logistics resilience spatial correlation network. In order to test
the reliability of the binarization criterion, we adjusted the transformation benchmark by se-
lecting the 65th quantile as the new threshold for matrix binarization. The overall structural
characteristics and the individual nodal functional statuses of the reconstructed spatial cor-
relation network under this new setting are summarized in Tables 17 and 18, respectively.
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Table 17. Overall structure characteristics of the spatial correlation network with a binarization
threshold of the 65th quantile.

Year Network
Density

Network
Relationship

Network
Connectedness

Network
Hierarchy

Network
Efficiency

2013 0.333 52 1 0.649 0.621
2014 0.333 52 1 0.286 0.621
2015 0.333 52 1 0.400 0.606
2016 0.333 52 1 0.500 0.576
2017 0.333 52 1 0.500 0.576
2018 0.333 52 1 0.500 0.591
2019 0.333 52 1 0.500 0.591
2020 0.333 52 1 0.400 0.606
2021 0.333 52 1 0.500 0.576
2022 0.333 52 1 0.400 0.606
2023 0.333 52 1 0.400 0.606
2024 0.333 52 1 0.400 0.591

Mean 0.333 52 1 0.453 0.597

Table 18. Individual nodal functional statuses of the spatial correlation network with a binarization
threshold of the 65th quantile.

Provinces
Degree Centrality Closeness Centrality Betweenness Centrality

2013 2017 2021 2024 2013 2017 2021 2024 2013 2017 2021 2024

Chongqing 66.667 91.667 91.667 91.667 75.000 92.308 92.308 92.308 5.808 14.206 13.636 13.826
Sichuan 41.667 58.333 50.000 50.000 63.158 70.588 66.667 66.667 1.768 5.040 1.894 1.894
Guizhou 75.000 41.667 50.000 41.667 80.000 63.158 66.667 63.158 5.934 3.741 7.576 7.008

Guangxi 41.667 41.667 50.000 58.333 63.158 63.158 66.667 70.588 9.343 9.773 9.848 10.922
Hainan 33.333 33.333 33.333 33.333 60.000 60.000 60.000 60.000 0.253 0.936 1.705 2.462
Yunnan 50.000 41.667 33.333 33.333 66.667 63.158 60.000 60.000 1.641 1.858 0.189 1.326
Xizang 33.333 33.333 33.333 33.333 60.000 60.000 60.000 60.000 0.758 0.000 0.000 0.000

Inner
Mongolia 58.333 75.000 75.000 83.333 70.588 80.000 80.000 85.714 4.040 6.692 10.227 15.909

Shaanxi 66.667 83.333 83.333 66.667 75.000 85.714 85.714 75.000 7.071 6.737 5.114 4.040
Gansu 50.000 66.667 66.667 58.333 66.667 75.000 75.000 70.588 6.061 1.775 1.326 9.659

Qinghai 33.333 33.333 33.333 33.333 60.000 60.000 60.000 60.000 0.000 0.000 0.000 0.000
Ningxia 33.333 33.333 33.333 33.333 60.000 60.000 60.000 60.000 0.000 0.000 0.000 0.000
Xinjiang 33.333 33.333 33.333 33.333 60.000 60.000 60.000 60.000 4.293 0.000 0.000 0.379

Mean 47.436 51.282 51.282 50.000 66.172 68.699 68.694 68.002 3.613 3.904 3.963 5.187

Bold = above mean.

Regarding the overall structural characteristics, by comparing the calculated indicators
before and after adjusting the threshold in Tables 16 and 17, we can clearly find that four
out of five core indicators, namely network density, network connectedness, network
hierarchy and network efficiency, maintain a relatively stable state on the whole. Although
slight fluctuations exist in their specific numerical values, the relative size relationships
between these indicators do not undergo obvious changes. Nevertheless, the indicator of
network relationships presents a striking difference. Under the 65th quantile threshold,
it is fixed at 52 for each year over the study period, instead of fluctuating up and down
around 52 as it did when the mean value was adopted as the transformation standard. This
regular difference is fundamentally determined by the inherent attributes of the quantile
segmentation criteria. When a quantile is set as the binarization benchmark, the ranking
of elements within each row of the gravity matrix varies from year to year, which will
alter the specific positions of elements equal to one in the binary gravity-based adjacency
matrix. However, the total quantity of elements equal to one in the whole matrix will stay
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constant. On the whole, the overall structural features of the spatial correlation network do
not experience substantive shifts even if the binarization benchmark is replaced with the
65th quantile.

Regarding the individual nodal functional status, by comparing the calculated indica-
tors before and after adjusting the threshold in Tables 17 and 18, we can clearly find that all
the three core indicators, namely degree centrality, closeness centrality, and betweenness
centrality, stay largely consistent overall. Even though their concrete values fluctuate
slightly, the relative ordering of the indicators barely changes.

Furthermore, if the 60th and 70th quantiles are taken as the binarization thresholds, the
results are highly similar to the above case of the 65th quantile. Therefore, we can conclude
that the research conclusions derived from the spatial correlation network analysis, such
as the overall network properties and individual nodal functional statuses, are robust to
different choices of the binarization threshold to a large extent.

5.4.3. Robustness to Variations in Year Windows

The study period adopted for the QAP analysis spans from 2013 to 2024, covering
12 years. However, this time frame cannot be extended to earlier years due to limited data
availability, as several statistical indicators are missing in the early stage, especially those
measuring the development of information technology.

Frequent COVID-19 outbreaks occurred between 2020 and 2022, and effective isolation
and epidemic prevention control measures were widely implemented nationwide, which
exerted remarkable impacts on the transportation and logistics industries. In order to
eliminate the interference caused by this special exogenous shock, we excluded the samples
from 2020 to 2022 and re-performed the QAP analysis. The correlation results are displayed
in Table 19, and the regression results are listed in Table 20.

Regarding the QAP correlation analysis, by comparing Tables 12 and 19, it is clear that
after removing the samples from the COVID-19 years, only slight variations exist in the
specific values of correlation coefficients. Economic development X1, educational advance-
ment X4, urbanization X6, technological innovation X7 and geospatial proximity X9 remain
statistically significant. Specifically, the significance level of educational advancement X4

decreases from 1% to 5%, whereas the significance level of urbanization X6 rises from 10%
to 5%. Overall, the QAP correlation analysis is robust to year windows with and without
COVID-19.

Table 19. Results of QAP correlation analysis excluding 2020 to 2022.

Driving Factors Correlation Coefficient Significance
Level

Economic development X1 0.521 *** 0.001
Inclusive finance X2 0.132 0.128

Environmental pollution governance X3 0.033 0.432
Educational advancement X4 0.288 ** 0.008

Industrial structure rationalization X5 0.109 0.237
Urbanization level X6 0.213 ** 0.040

Technological innovation X7 0.241 ** 0.030
Informatization level X8 −0.076 0.302
Geospatial proximity X9 0.207 ** 0.020

** and *** denote 5% and 1% statistical significance, respectively.

https://doi.org/10.3390/su18147215

https://doi.org/10.3390/su18147215


Sustainability 2026, 18, 7215 42 of 49

Table 20. Results of QAP regression analysis excluding 2020 to 2022.

Driving Factors Non-Standardized
Regression Coefficient

Standardized Regression
Coefficient Significance Level

Economic development X1 0.465 0.494 *** 0.001
Inclusive finance X2 0.024 0.026 0.368

Environmental pollution
governance X3

0.017 0.018 0.397

Educational advancement X4 0.078 0.084 0.183
Industrial structure
rationalization X5

0.082 0.087 0.159

Urbanization level X6 0.059 0.063 0.231
Technological innovation X7 0.117 0.124 * 0.072

Informatization level X8 0.056 0.060 0.236
Geospatial proximity X9 0.300 0.299 *** 0.001

R2 = 0.395, Adjusted R2 = 0.362
* and *** denote 10% and 1% statistical significance, respectively.

Regarding the QAP regression analysis, by comparing Tables 13 and 20, it is clear
that economic development X1 remains statistically significant at the 1% significance
level after removing the samples from the COVID-19 years. However, obvious variations
emerge, although minor differences can be observed in the specific values of the correlation
coefficients. Educational advancement X4 is no longer significant, whereas technological
innovation X7 becomes significant. In other words, COVID-19 altered the QAP regression
results by rendering educational advancement X4 insignificant and technological innovation
X7 significant. One plausible reason is that the isolation and control measures implemented
during the pandemic restricted or even disrupted transportation and logistics, yet the
provision of education merely shifted online rather than coming to a halt. Additionally, the
adjusted R2 decreases from 0.384 to 0.362 because the shorter sample period without the
pandemic years leads to a reduction in the explanatory capacity of statistically significant
variables. Overall, the QAP regression analysis is robust to year windows with and
without COVID-19 to some extent, because economic development X1 is always statistically
significant at 1%.

Combining the QAP correlation and regression analyses, after excluding samples from
the pandemic years, the correlation and regression significance of all variables remains
unchanged—except that X4 and X7 lose statistical significance in regression, while still
showing significant correlation. Consequently, there are no substantive changes to the
empirical findings, and the driving mechanism of the network structure evolution remains
robust across year windows with and without COVID-19.

5.4.4. Robustness to Variations in Omitted and Added Control Variables

Section 4.3 analyzes how nine factors drive the dynamic evolution of the logistics
resilience spatial correlation network. As these variables cover economic, financial, en-
vironmental, educational, industrial, urbanization, technological, informatization, and
geographical dimensions, some included indicators may be redundant, and some critical
influencing factors may still be omitted. To address this concern, we carry out robustness
tests below by removing and adding different control variables.

First, we conducted the robustness test for variations in omitted control variables.
Although nine variables are taken into the QAP analysis, only five are significant in

correlation analysis, while three are significant in regression analysis. After removing those
insignificant in both the correlation and regression analyses, the results of the QAP analysis
are listed in Table 21.

https://doi.org/10.3390/su18147215

https://doi.org/10.3390/su18147215


Sustainability 2026, 18, 7215 43 of 49

Table 21. Results of QAP analysis when removing insignificant variables.

Driving Factors Correlation
Coefficient Significance Level Standardized

Regression Coefficient
Significance

Level

Economic development X1 0.555 *** 0.001 0.518 *** 0.001
Educational advancement X4 0.292 *** 0.009 0.137 * 0.050

Urbanization level X6 0.207 *** 0.060 0.011 0.457
Technological innovation X7 0.207 *** 0.047 0.081 0.146

Geospatial proximity X9 0.218 ** 0.013 0.293 *** 0.001

R2 = 0.411, Adjusted R2 = 0.395
*, **, and *** denote 10%, 5%, and 1% statistical significance, respectively.

Comparing Tables 12, 13 and 21, it is clear that X1, X4, X6, X7, and X9 remain signifi-
cantly correlated, where the significance level of X6 falls from 10% to 1%, while those of X7

and X9 decrease from 5% to 1%. Furthermore, X1, X4, and X9 show significant regression
coefficients, where the significance levels of X1 and X9 remain at 1%, while that of X4 rises
from 5% to 10%. X6 and X7 have insignificant regression coefficients. The adjusted R2

increases from 0.384 to 0.395, in which the significant variables X1, X4, and X9 explain a
higher proportion of the structural evolution of logistics resilience. Overall, the results
remain highly robust.

Second, we conducted the robustness test for variations in added control variables.
Beyond the above selected variables, government intervention may also exert impacts.

After all, the operation of a regional logistics system is an integration of market regulation
and government regulation. Therefore, government intervention as a new control variable
is introduced into the QAP analysis together with the original variables to examine whether
the results undergo significant changes. Government intervention is measured by the total
local fiscal budget expenditure, which is a common practice in the existing literature [8,31].
The estimation results after adding government intervention, defined as variable X10, to
the previous six variables are displayed in Table 22, and those adding to the previous nine
variables are in Table 23.

A comparison of Tables 21 and 22 reveals that X1, X4, X6, X7 and X9 are still significantly
correlated, whereas the newly added variable X10 is insignificant. Although the significance
levels of X6, X7 and X9 rise from 1% to 5%, those of X1 and X4 stay at 1%. Furthermore,
X1, X4 and X9 yield significant regression coefficients: the significance levels of X1 and X9

remain at 1%, and that of X4 stays at 10%. X6 and X7 still exhibit insignificant regression
coefficients, as does X10. The adjusted R2 falls slightly from 0.395 to 0.393. Overall, the
inclusion of this new variable brings no improvement and even generates a minor negative
impact, which further verifies that the empirical results are highly robust.

Table 22. Results of QAP analysis when adding government intervention to the previous six variables.

Driving Factors Correlation
Coefficient

Significance
Level

Standardized
Regression Coefficient

Significance
Level

Economic development X1 0.555 *** 0.001 0.517 *** 0.001
Educational advancement X4 0.292 *** 0.010 0.136 * 0.053

Urbanization level X6 0.207 ** 0.058 0.011 0.446
Technological innovation X7 0.207 ** 0.050 0.081 0.152

Geospatial proximity X9 0.218 ** 0.014 0.293 *** 0.001
Government intervention X10 −0.163 0.102 −0.003 0.483

R2 = 0.405, Adjusted R2 = 0.393
*, **, and *** denote 10%, 5%, and 1% statistical significance, respectively.
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Table 23. Results of QAP analysis when adding government intervention to the previous
nine variables.

Driving Factors Correlation
Coefficient

Significance
Level

Standardized
Regression Coefficient

Significance
Level

Economic development X1 0.555 *** 0.001 0.522 *** 0.001
Inclusive finance X2 0.032 0.430 −0.049 0.261

Environmental pollution
governance X3

0.024 0.469 0.012 0.449

Educational advancement X4 0.292 *** 0.007 0.149 ** 0.033
Industrial structure
rationalization X5

−0.011 0.515 0.013 0.429

Urbanization level X6 0.207 * 0.056 0.010 0.444
Technological innovation X7 0.207 ** 0.047 0.088 0.140

Informatization level X8 −0.045 0.393 0.055 0.250
Geospatial proximity X9 0.218 ** 0.015 0.299 *** 0.001

Government intervention X10 −0.163 0.101 −0.002 0.488

R2 = 0.416, Adjusted R2 = 0.380
*, **, and *** denote 10%, 5%, and 1% statistical significance, respectively.

Comparing Tables 12, 13 and 23, it is clear that X1, X4, X6, X7, and X9 remain signif-
icantly correlated with their significance levels all unchanged, but the newly added X10

is insignificant. Furthermore, X1, X4, and X9 show significant regression coefficients also
with their significance levels all unchanged, while the newly added X10 is insignificant,
too. The adjusted R2 decreases from 0.384 to 0.380, in which the newly added X10 slightly
decreases the proportion of the structural evolution of logistics resilience that the significant
variables X1, X4, and X9 can explain. Overall, the introduction of the new variable has not
led to any improvement and instead produces a slight negative effect, so the results remain
highly robust.

Synthesizing the above two points, the empirical results remain highly robust to both
the addition and removal of control variables.

6. Conclusions and Implications
6.1. Research Findings

This paper constructs a five-dimensional indicator system of Operationality, Withstand-
ability, Adaptability, Recoverability and Transitability to measure the logistics resilience
of 13 provincial-level regions along the NWLSC from 2013 to 2024. Then, it applies the
standard deviation ellipse and gravity center migration model to analyze spatiotemporal
differentiation, adopts the modified gravity model, gravity-based adjacency matrix, and
social network analysis to dissect the overall, nodal, and block structural evolution of the lo-
gistics resilience spatial correlation network, and employs the QAP model to quantitatively
identify its driving factors. The key conclusions are drawn as follows.

First, the overall logistics resilience of the NWLSC shows a steady upward trend during
the sample period, accompanied by remarkable spatial non-equilibrium and gradient
differentiation. Provincially, Chongqing, Sichuan and Shaanxi always maintain a leading
resilience level and growth momentum, while Gansu, Qinghai and Xizang are located in
the low-value echelon with slow improvement. Spatially, the gravity center of logistics
resilience is stably situated within Sichuan Province, showing an evolutionary path of
southeastward migration followed by northeastward extension. The spatial distribution
scope gradually shrinks and the directional agglomeration trend is strengthened, indicating
that logistics resilience presents an obvious trend of spatial concentration along the main
corridor axis in the period of 2013–2024.
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Second, the logistics resilience spatial correlation network of the NWLSC features
full connectivity without isolated nodes, while the overall correlation intensity still stays
relatively weak and presents a distinct hierarchical structure dominated by the core hub of
Chongqing during the sample period. In the period of 2013–2024, from the overall network
perspective, the network scale and density show the characteristics of fluctuation, recovery
and gradual enhancement; the network structure evolves from a rigid hierarchy toward
redundant backup, with improved shock resistance and system stability. From the individ-
ual nodal perspective, Main Channel provinces represented by Chongqing occupy the core
position in degree centrality; core hub and gateway provinces possess a prominent advan-
tage in closeness centrality; and Shaanxi, Gansu, Inner Mongolia, and Guangxi undertake
important intermediary and bridging functions with high betweenness centrality. From
the block perspective, the four blocks have formed clear functional divisions: bidirectional
spillover, net spillover, broker and net beneficiary. The inter-block spillover relationship has
evolved from scattered linkage around 2013 to a mature hierarchical transmission system
around 2024.

Third, the structural evolution of the logistics resilience spatial correlation network is
jointly driven by multiple socioeconomic and geographical factors during the sample period.
The economic development level, geospatial proximity and educational advancement exert
significant positive driving effects on the network spatial correlation, while technological
innovation and urbanization also have close correlations with the network structure change.
For the year window 2013–2024 and a subsample excluding the pandemic years 2020–2022,
these factors jointly form a hierarchical synergistic driving system, in which geographical
proximity constitutes the basic spatial constraint, economic development provides the core
driving force, and human capital endowment acts as the essential supporting condition.

6.2. Policy Recommendations

According to the research findings, during the sample period, the following pol-
icy recommendations are put forward to strengthen logistics resilience with a balanced
spatial network.

Recommendation 1: Suggest Institutionalizing Spatial Stratification to Counteract
Gradient Erosion.

The persistence of a core–periphery dichotomy during the sample period, substanti-
ated by the standard deviational ellipse analysis, possibly necessitates a departure from
homogenized policy instruments. Interventions should be spatially calibrated to address
the inertia of geographic inequality.

On the one hand, we should formulate reverse fiscal transfer mechanisms to alleviate
external dependence. As the above empirical findings show, the logistics resilience of
peripheral nodes represented by Qinghai and Ningxia is predominantly driven by external
interventions. To counteract this problem, core hubs such as Chongqing and Sichuan
should allocate a portion of their operational surplus to peripheral provinces as an institu-
tional arrangement. Moreover, the central governmental investment mechanism should
increase subsidies for regions with weak logistics resilience and slow growth. With such
multiple supports, peripheral provinces could upgrade their infrastructure and make up
for deficiencies using methods such as the construction of alternative transportation routes,
emergency supply warehouses, distribution nodes, standby logistics yards and emergency
diversion facilities. In this way, the vulnerability stemming from the fragility of individual
nodes can be decoupled.

On the other hand, we should optimize the functional layout to consolidate the
principal northwest–southeast agglomeration axis. The above empirical findings verify
that the spatial distribution orientation has remained relatively steady. Then, the solidified
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hierarchical system and spatial layout under the existing classification of Main Channel–
Core Area–Extended Belt suggests that it may not be appropriate to arbitrarily readjust.
More specifically, the Main Channel provinces such as Chongqing and Sichuan should
advance functional upgrading, expand radiating influence, and thus drive the development
of adjacent regions. The Core Area provinces, represented by Guangxi and Hainan, should
prioritize eliminating seaport operational bottlenecks by upgrading port functions and
improving multimodal transport capacity. The Extended Belt provinces such as Shaanxi
and Gansu should focus on the promotion of corridor collaboration by improving the
network of node-linked logistics parks and establishing systematic functional reserves.

Recommendation 2: Suggest Forging Institutional Thickness to Catalyze Network
Synchronicity.

The shifting process from a rigid hierarchy to redundant system reveals a dilemma,
where the logistics resilience spatial correlation network is constrained by both low overall
network density and inadequate inter-node ties although there is strong accessibility. Then,
it is critical to convert fragile inter-regional links into stable collaborative systems because
pure physical connection alone cannot ensure logistics resilience.

On one hand, we should deepen integrated operations between core hubs and periph-
eral nodes. Besides reinforcing usual infrastructure interconnections, sound collaborative
mechanisms should be established. Under such institutional arrangements, unified dig-
ital scheduling systems could be rolled out, dedicated freight routes could be opened,
and core regions with high degree centrality and closeness centrality, such as Chongqing,
Sichuan, and Shaanxi, could spread sophisticated management experience and deploy
logistics resources in peripheral areas such as Qinghai, Xizang, and Ningxia. In this way,
the combination of cargo resource strengths and the practical experience of core hubs
with the geographical locational advantages of peripheral provinces possibly reflects an
improvement in the overall density of the spatial logistics network.

On the other hand, we should remove institutional barriers to unleash potential
driving forces. For example, as the QAP analysis confirms, the practical efficacy of inclusive
finance and digital informatization is contingent on robust institutional guarantees, and
they cannot drive the structural evolution of the spatial network independently. Therefore,
unified operational norms and data standards shall be enforced along the corridor by
aligning relevant institutions and regulations to develop a coherent institutional framework,
which is an essential prerequisite for financial instruments and digital platforms to exert
their enabling effects. In particular, priority should be given to developing replicable
and expandable mechanisms for simplified customs clearance and integrated multimodal
transport at key nodes.

Recommendation 3: Suggest Seeding Endogenous Momentum via Centroid Dynamics.
The centroid migration trajectory from 2013 to 2021 illustrates that the growth of

logistics resilience is mostly possibly reflecting sample-period policy-steered characteristics,
while it relies little on endogenous self-development. In order to promote the sustain-
able evolution of logistics resilience, policies must anchor the three engines of economy,
education, and geography, which are verified to be key drivers of the network evolution.

On one hand, we should harness the Chengdu–Chongqing Dual-City Economic Circle
as a radiation source. Aligning with the southeastern shift of the spatial center of gravity,
we can utilize the mature industrial base of this core pole to stimulate demand in lagging
regions. Establishing cross-provincial industrial–logistics chains that link manufacturing
clusters in Chongqing and Sichuan with resource nodes in the Extended Belt can strengthen
economic momentum and innovation capacity through integrated industrial and logistics
chains to promote efficient economic circulation. Meanwhile, collaboration with universities
along the corridor to launch customized cross-border logistics programs and training
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interdisciplinary talent with expertise in the economic and geographical characteristics of
the region to solidify human capital support, works to address the impact of educational
advancement differences on logistics resilience.

On the other hand, we should establish collaborative mechanisms among neighboring
provinces to fully leverage geographical adjacency. As the QAP analysis shows, geograph-
ical adjacency acts as a key driving factor. Then, those neighboring provinces such as
Shaanxi and Gansu, and Guangxi and Yunnan, could try to build cooperative alliances
which contribute to constructing shared resource pools and jointly formulating emergency
response plans. The concrete approaches include planning alternative transport routes,
optimizing yard resource allocation, and arranging emergency transport capacity and
material reserves. Such efforts can transform geographical proximity into solid resilience
reserves and mitigate the systemic risks revealed in the 2020 shock, thereby facilitating
cross-regional emergency resource allocation and flexible adjustment of transport routes.

6.3. Limitations and Future Directions

Although the above empirical study offers profound findings, the analysis scale is
limited to the macro-regional level, while failing to distinguish the operational status and
development gaps among logistics enterprises, port terminals, and multimodal transport
hubs. Such subtle differences are crucial for clarifying the complex structural evolution of
the spatial network.

Therefore, future research should narrow down the research scale by integrating
various micro transaction and operational data from logistics parks, coastal ports, and core
logistics enterprises to map the underlying spatial connectivity of the network.
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