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Abstract

A systematic spatial resilience analysis of population flow networks in underdeveloped
mountain towns is essential for sustainable urban-rural integration. Using mobile signaling
data from March 2023, this study constructs a population flow network across 69 towns in
the Yimeng Mountainous Region. This study proposes a novel targeted-attack framework
based on centrality and assesses structural resilience along the three dimensions of effi-
ciency, transitivity, and connectedness. Population flows exhibit a twin-core north-south
structure, characterized by a hub-and-spoke system in the south and a self-stabilizing
triangular configuration in the north. The network demonstrates strong spatial agglom-
eration and heterogeneity, with modular clustering revealing four functional modules
shaped by administrative boundaries. It exhibits small-world properties, attributed to high
transmission efficiency and strong local clustering. The network shows robust resilience to
disruptions. Targeted attacks based on betweenness centrality significantly compromise
structural resilience; efficiency, transmission, and connectivity change linearly at low attack
intensities but decline sharply at higher levels.

Keywords: population flow; centrality; targeted attacks; resilience; sustainable development;
Yimeng Mountainous Region

1. Introduction

Resilience is the capacity of a complex system to sustain or restore functionality
under perturbation [1,2]. The concept of resilience was first used in the field of ecology in
1973 [3]. Since then, the scope of its research has gradually expanded beyond traditional
ecological boundaries to include numerous disciplines, such as geography, economics,
and sociology [4,5]. Cross-regional flows of people, capital, information, technology, and
other functional elements between cities and towns have increased in frequency due to
the new urbanization strategy’s accelerated promotion. This has caused the urban system
to gradually shift in the direction of networking. The traditional study paradigm has
been altered by the frequent interaction between urban and rural elements. The town
network, which is based on the theory of “flow space,” has gained a lot of interest as a
novel organizational structure for examining regional spatial relationships [6,7].

Within the analytical framework of town networks, the analysis of inter-town linkage
data constitutes the core component. Researchers have established a network of inter-
town transportation flows [8], information flows [9], economic flows [10,11], population
flows [12,13], and other elements for the correlation analysis between towns by using
the parametric substitution method [14] or the actual occurrence of various elemental
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flows [15-17]. While the latter concentrates on data parsing and network pattern analysis,
the former concentrates on model creation, with the key being the choice of indicator
system, indicator weights, and model structure, such as the gravity model. For example,
the gravity model has been used to analyze the city network of the Lanxi cluster [18], while
cell phone signaling data have been employed to construct population flow networks for
studying segregation in US cities [19]. Among these, the town population flow network
constructed from large-scale dynamic migration data provides the most effective means to
identify and analyze town network structures, integrating economic, social and cultural
ties in a highly nuanced, complete and rapidly adaptive form [20]. Therefore, population
flow networks are an invaluable and systematic foundation for studying town networks.

The networked development of towns is distinctly double-edged for sustainability.
Town networks reshape regional spatial structures by facilitating the orderly flow and effi-
cient allocation of factors [21]. This enables peripheral towns to access more development
opportunities through their network connections. However, as risk disturbances inten-
sify, towns are facing mounting pressures from both internal dysfunctions and external
shocks, such as financial crises, demographic aging, natural disasters, and geopolitical
conflicts [22,23]. The COVID-19 pandemic, a global cyber disruption event, exemplifies the
profound impact such disruptions can cause [24]. Towns must remain vigilant against sys-
temic risks transmitted through networks. These risks compound systemic vulnerabilities
and pose a major threat to sustainable urban development [25]. Therefore, the integration of
regional resilience concepts with network structural analysis has enriched and broadened
research on urban-rural network resilience.

The topology of the town network is significantly correlated with the resilience of the
regional system [26]. Differences in the density and intensity of inter-town connectivity
govern a town’s adaptive, recovery, and transformative capacity as they reshape its network
structure. Assessing the resilience and sustainability of town network structures is crucial
for understanding inter-town interactions and allowing for a scientific evaluation of the
overall network system’s resilience. Most academics have studied topology, network struc-
tural resilience, and network function and their interrelationships using both quantitative
and qualitative methods based on complex network theory [27-29]. They have analyzed
the spatial structure of town networks and assessed their structural resilience by mea-
suring topological attributes like degree of aggregation, network efficiency, connectivity,
heterogeneity, and hierarchicality [30-32]. A study developed an assessment model for the
resilience of the urban information, transportation, and economic flow network structure,
and proposed an optimization pathway for constructing a preventive mechanism [33].
Only a few scholars have quantified network structure resilience through interruption
simulations, which involve repeatedly testing a network’s functional performance after
node failures. For instance, the effects of both deliberate attacks and natural disasters on
logistics network resilience were examined, and, building on this analysis, a paradigm for
its evaluation from a network perspective was developed [34].

The study of town networks progressively transcends the geographical limitations
of conventional administrative boundaries due to the increasing cross-regional flow of
resource elements. Significant hierarchical expansion characteristics are evident in its
research scale, which progressively moves from conventional provincial or municipal
administrative units [35] to particular regional spaces with geographic continuity character-
istics [36] or policy-oriented boundaries [37], and then extends to micro-spatial units like
counties [38]. The theoretical construction of cross-scale spatial correlation is inadequate
because the majority of current research focuses on the analysis of town networks in de-
veloped regions [39], while the analysis of multidimensional interaction networks among
heterogeneous nodes in towns and cities in less developed regions is still lacking. For
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instance, the relationship between town resilience and population flow networks has been
investigated [40]. In a separate context, the resilience features of Nepal’s transportation
system following a significant earthquake, along with the effect of damaged roads on the
rate of social activity recovery, have also been examined [41]. This study explores methods
for analyzing the structural characteristics and resilience of township-scale population flow
networks in underdeveloped, mountainous regions. External disturbances are simulated by
sequentially removing nodes based on their centrality and recalculating network efficiency,
transmissibility, and connectivity.

The research objectives and approach of this study are as follows (Figure 1): (1) We
analyze the spatial pattern characteristics of the population flow network in the Yimeng
Mountainous Region. In this study, we select 69 towns in the underdeveloped Yimeng
Mountainous Region for research. Using mobile signaling data, which is known for its
timeliness and objectivity, we construct a population flow network for these towns and
examined the spatial patterns of the network. (2) We analyze the network topology and
structural resilience. This research employs sophisticated network analysis and computer
simulations to assess the structural resilience of population flow networks in towns of
the Yimeng Mountainous Region. The assessment primarily focuses on key topological
metrics, such as hierarchy, assortativity, transitivity, efficiency, and connectedness. (3) We
propose optimization strategies for the resilience of town networks in underdeveloped
mountainous areas. The findings provide a valuable basis for fostering the development
of small and medium-sized towns, promoting regional coordinated development, and
advancing sustainable urban—rural growth.
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Figure 1. Research logic and process framework.

2. Data Sources and Research Methods
2.1. Study Area

A location of significant geographical and practical importance, the Yimeng Moun-
tainous Region is situated in the southeast of Shandong Province, China’s Luzhongnan
hilly region (Figure 2). The Yimeng Mountainous Region’s five counties—Yishui, Mengyin,
Yinan, Pingyi, and Fei—with a combined land area of 9243.8 square kilometers, are home
to 69 towns, and have a combined population of nearly 4,810,000. With a per capita GDP of
40,400 yuan, well below the national average of 89,400 yuan, and a per capita disposable
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income ratio of 2.3:1 between urban and rural residents, the Yimeng Mountainous Region
is considered underdeveloped due to its significant issues with uneven urban and rural
development and insufficient rural development. The Yimeng Mountainous Region” s
geography is characterized by severe fragmentation and is primarily composed of low hills
with basins and depressions scattered throughout. The ground is normally slanted from
northwest to southeast. Due to the region’s highly undulating topography, the process of
transferring elements of the urban network is significantly impacted by the spatial barrier
effect. The loss of land, population, and other factors of production in the countryside is a
major issue; the transfer of factors of production across the gradient gradually becomes
unbalanced, and the sustainable development of cities and towns is challenged. Research
on the spatial pattern of town networks and network structure resilience in the Yimeng
Mountainous Region is urgently needed, as is an examination of strategies to enhance the
resilience of such networks in the area. It is evident that the issue of imbalanced urban de-
velopment there has a significant impact on the efficient and rational allocation of resources
and limits the quality of spatial development.

Elevation(m)
High : 8500

Low: -100
0 600 1200

1800

e ki

Elevation(m)
weem High: 1133

- Low : 16

0 20 40 60

km

Hebei

Jiangsu

Gaogla
2 Town

S
S

Legend

] Boundary
Elevation(m)
o High: 1133

0 30 60 90
I km

Low:3

Figure 2. Schematic of the study area: (a) shows the location of the study area in China; (b) shows
the location of the study area in Shandong Province; (c) shows the location of the study area in Linyi
City; (d) shows the 69 towns in the study area; (e) shows the topography of the study area.

2.2. Data Sources and Processing

The study data came from Unicom subscribers” mobile phone signaling data in the
Yimeng Mountainous Region’s Fei County, Mengyin County, Pingyi County, Yishui County,
and Yinan County that Smart Steps gathered in March 2023. This data included the en-
crypted unique subscriber identification number (anonymous numbering without personal
information), the type of signaling, the time the signaling occurred, and the base station to
which the mobile phone was connected at the signaling event. It is not possible to directly
determine behavioral features like population movement or the purpose of user actions
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from mobile phone signaling data. The general law of population flow is considered while
establishing the population flow identification rules by analyzing the original mobile phone
signaling data and industrial parameters data (Figure 3). (1) Determining the stay points
for each user. A stay point is determined by looking at the spatial and temporal distribution
of individual user signaling, which will be continuous in time (within 30 min), spatially
close (within 300 m), and have many (more than 2) signaling data points for convergence.
The decision to adopt a 300 m threshold is informed by Chen et al.’s research [42], which
demonstrates that variations in grid cell sizes ranging from 250 to 1500 m have minimal
impact on the accuracy of inferring meaningful locations for smartphone users. The selec-
tion of the 30 min threshold draws upon the study by Zheng et al. [43]. It is important to
note that researchers should ultimately determine the choice of thresholds based on the
specific requirements of their research questions. (2) Finding travel linkages for each user.
Concatenating all legitimate user stays in the research region yields pairings of locations
traversed in terms of days, omitting the portion of origins and destinations that are both
in the same area. The user’s current location can be localized based on the base station’s
location and the signaling data. Individual positioning data can be used to restore the
individual’s travel link information in the time dimension and spatial latitude, allowing for
the determination of the population flow’s outflow and inflow locations. 4,660,499 was the
final population movement count in the Yimeng Mountainous Region.
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Figure 3. Procedure for identifying population migration data.

2.3. Research Methods
2.3.1. Spatial Autocorrelation Analysis

Both global and local spatial autocorrelation are often employed techniques in spatial
autocorrelation analysis, which examines the geographical correlation and spatial differ-
entiation of neighboring geographic features. By computing Moran’s I and p-value, the
agglomeration of the town network’s spatial arrangement in the Yimeng Mountainous
Region was evaluated. I has a value between —1 and 1, where a value of 1 indicates full
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spatial positive correlation, a value of 0 indicates spatial random distribution, and a value
of —1 indicates spatial negative correlation.

2.3.2. Complex Network Analysis
1.  Network Density

Network density represents the degree of interconnection of the units in direct propor-
tion to one another and reflects the entirety of the object of investigation.

where D is the network density, n is the number of nodes in the network, and R is the
strength of the demographic links between nodes i and j.

2. Centrality

Degree centrality. Degree centrality, which essentially measures a node’s position in
the network and characterizes the degree of node connectedness, is the number of other
nodes that are directly connected to the node.

_ deg(v)
where Cp (V) is the degree centrality; deg(v) is the number of direct connections of node v;
N is the total number of nodes in the network.

Betweenness centrality. The percentage of all shortest paths in the network that go
through the location is known as betweenness centrality. The more control a node has over
the network, the higher its median value.

14
Cp(V)= ), Qu(V)
sEVAL Qst

where Cp (V) is the betweenness centrality; Qs; is the total number of shortest paths from
node s to t; Qs¢ (V) is the number of shortest paths through node v.

Closeness centrality. The reciprocal sum of the shortest paths from a node to every
other node times the number of other nodes is known as closeness centrality. The degree to
which neighboring nodes influence a node is indicated by its closeness degree.

N-1
W) =T a0
u#v

where C¢ (V) is the closeness centrality; d(u, v) is the shortest path distance from node u to
v; N is the total number of nodes in the network.

2.3.3. Network Structural Resilience Assessment Metrics

This paper, in conjunction with the research on network structure toughness assess-
ment, assesses the dynamic aspects of network structure toughness from the viewpoints
of transitivity, efficiency, and Connectedness under disruption scenarios, as well as the
static aspects of network structure toughness from four perspectives: hierarchy, assorta-
tivity, Clustering coefficient, and transitivity. The following are the precise computation
techniques and evaluation indices (Table 1).
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Table 1. Network structural resilience assessment metrics.

Indicator Properties Resilience Characteristics Indicator Interpretation of Indicators
Hierarchy Degree distribution Distributional characteristics
of node degree values
Assortativity Degree correlation Correlation of node links
Static Local clustering The degree of clustering of
- nodes connected to
coefficient . .
Clustering coefficient neighboring nodes
Global clustering Overall degree of clustering
coefficient of networks
. : e Population transmission
Static/Dynamic Transitivity Average path length capacity of the network
Efficiency Network efficiency Ove.ral.l netw.o.rk
) transmission efficiency
Dynamic
Largest connected The largest connectivity
Connectedness o
component scenario in the network

1.  Degree Distribution

According to Crespo [44], a rise in the slope of their distribution indicates a strength-
ening of hierarchical features among nodes. A higher level of hierarchical structure empha-
sizes the important role of high-level nodes and induces path dependency in lower-level
nodes. When core nodes are attacked, lower-level nodes lose support, reducing the net-
work’s overall resilience.

Ky =C(K;)"
In(Kj) = In (C)—O—aln(K,Z)

where K, denotes the degree of node I; K; denotes the rank of the degree of node & in
the network in terms of place order; C is a constant; a denotes the slope of the degree
distribution curve.

2. Degree Correlation

Network nodes frequently exhibit preference attachment, which is why Newman
developed the ideas of homophily and heterophily to differentiate between node preference
attachment. Networks with higher assortativity exhibit poorer adaptability and flexibility
in the face of external disturbances, resulting in lower resilience levels. Conversely, net-
works with higher disassortativity demonstrate more flexible node interactions and higher
resilience levels. For specific measurements, the degree mean of all directly associated
nodes in the neighborhood of each node is calculated:

Ky =) Ki/K;
i€v
Ky, = D + bK,,

where K; is the degree of the neighboring node i of node /; v is the set of all neighboring
nodes of node k; D is a constant; and b is the degree correlation coefficient.

3. Average path length

The network’s average path length metric is used to assess transmissibility, and the
pass-through route with the lowest connection cost is the shortest path between nodes. The
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average path length is the mean distance between any two nodes in a network. Shorter
connection paths enable elements to circulate faster and at lower costs, allowing the network
to adapt rapidly to external disturbances.

1
L=—r—7—>) dij
1/2n(n+1) g g
where L is the average path length of the network;  is the number of nodes; and d;; is the
shortest connected path from node i to node ;.

4. Clustering coefficient

The analysis of network agglomeration can be performed using both local and global
clustering coefficients. The degree of node clustering throughout the network may be
observed by calculating the global clustering coefficient, which is the average of the lo-
cal clustering coefficients of every node in the network. The local clustering coefficient
is a measure that characterizes the degree of aggregation of network nodes. A higher
clustering coefficient fosters closer interactions between nodes, which facilitates smoother
coordination and cooperation within the network during crises.

2F;

Ci=
"oki(ki—1)

1
C= 712? Ci

where The degree of node i is indicated by k;, the number of edges that are really cre-
ated between nodes next to node i is indicated by E;, and the local and global clustering
coefficients are indicated by C; and C, respectively.

5. Network efficiency

Network efficiency assesses the total effectiveness of element transfer between nodes
in a network. Higher numbers indicate shorter pathways and stronger connectedness,
representing the network’s robustness and efficiency.

1 1

E=— Y —
n(n—l);di]-

where E is the network efficiency; 7 is the total number of nodes; and dl-j is the shortest
path length from node i to node j (0 if not connected).

6. Largest Connected

Component. The connection integrity of the network as a whole is reflected in the
relative size of the largest connected component; greater values show that the network’s
main body is connected and that elements can flow effectively, while lower values show

the opposite.
Nicc
N

where M is the relative size of the largest connected component; Nycc is the number

M =

of nodes in the largest connected component; and N is the total number of nodes in
the network.
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3. Result Analysis
3.1. Characterization of Spatial Patterns

The Yimeng Mountainous Region exhibits a hierarchical structure with notable varia-
tions in the degree of population flow among municipalities. Natural Breaks (Jenks) was
used to examine the spatial depiction of population flow data in towns and cities in the
Yimeng Mountainous Region (Figure 4). The population flow network of towns in the
Yimeng Mountainous Region has 3294 spatial correlation paths in total. The population
flow of towns is driven by the potential energy difference created by factor agglomeration
between towns, which also produces considerable spatial correlation. With spatial differ-
entiation into two major development zones in the north and the south, limited by the
geomorphological barrier effect and the disparity in urban and rural development potential,
the network as a whole is characterized by a multi-core structure (Figure 4a). Additionally,
the intensity of population flow between the zones is significantly weakened. Influenced
by geographical proximity and the gravitational pull of regional centers, the southern zone
has formed a tight spatial coupling relationship with Linyi’s main urban area. The area
exhibits a distinct “hub-and-spoke” structure, creating a dual-core, radial spatial pattern
centered around Pingyi and Feicheng subdistricts. The northern zone is a stable, triangu-
lar structure comprising complementary industrial functions and interlocking economic
factors. Yicheng, Jiehu, and Mengyin subdistricts form its core and create a star-shaped,
radial spatial pattern. To create a multi-scale nested flow network, overcome the spatial
barriers created by geomorphological isolation and the gradient of development potential,
and achieve the balanced distribution of elements and optimization of spatial efficiency
between urban and rural areas, it is necessary to reinforce the construction of functional
corridors across areas.

Both Tier 1 and Tier 2 networks exhibit a point-axis development pattern of net-
work organization and a boomerang-shaped spatial pattern (Figure 4b,c). The core turn-
ing points of this spatial pattern are all located at the county government seats, namely
Yicheng Subdistrict, Pingyi Subdistrict, Jiehu Subdistrict, and Feicheng Subdistrict. With
only two town linkage pairs—Yicheng Subdistrict-Longjiaquan Subdistrict and Yicheng
Subdistrict-Xujiahu Town—and a single-core pattern with Yicheng Subdistrict at its center,
the first-tier network is the area in the Yimeng Mountainous Region with the strongest
linkage of urban population flows, with a linkage intensity range of 6210-18,399 trips.
Strong industrial complementarities, notable economic synergies, and clear needs for social
resource sharing exist between Xujiahu Town, Yicheng Subdistrict, and Longjiaquan Sub-
district. Additionally, there is a lot of population migration in the towns. With a linkage
intensity range of 36626210 person-times, the second-tier network is the foundation of the
town’s population flow network and an extension of the first-tier network. It consists of
six town linkage pairs, including Pingyi Subdistrict-Zhongcun Town, Feicheng Subdistrict-
Shangye Town, and Jiehu Subdistrict-Tongjing Town. The multi-core pattern centered on
Pingyi Subdistrict, Feicheng Subdistrict, and Jiehu Subdistrict has started to gain promi-
nence. Due to their status as the region’s political and economic hubs, the three subdistricts
contain more densely populated industrial chains, better-paying jobs, and advanced public
service facilities, all of which have a clear population-sucking impact on the nearby towns.
With a range of 1391-3662 contacts, the third tier of the network complements the backbone
with a “star-shaped” spatial layout and a hub-and-spoke network organization (Figure 4d).
Five town connection pairings, such as Mengyin Subdistrict-Zhengcheng Town, Mengyin
Subdistrict-Gaodu Town, and Mengyin Subdistrict-Jiuzhai Township, make up a linkage
pattern with Mengyin Subdistrict as the core. Of these, the core of Mengyin Subdistrict
is starting to develop. Compared to the four core towns previously mentioned, Mengyin
Subdistrict has less of an impact on the outlying towns due to topographical constraints.
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The fourth-tier network, which has a linkage strength of 368-1391, is a further refinement
of the association pattern of the first three tier networks (Figure 4e). It identifies the spatial
expansion and overall spatial skeleton of the urban population flow network in the Yimeng
Mountainous Region and reflects more fine-grained features of the network. With a range
of connection intensities between 0 and 368 person-times, the fifth-tier network has the
most evenly distributed population connections throughout the Yimeng Mountainous Re-
gion. When combined with the first four tiers, it forms a pattern of town-level connections
in the region, which is more evenly distributed. In general, there are weak connections
between ordinary towns and significant connections between the main towns in the Yimeng
Mountainous Region. Therefore, to enhance the structural resilience of population flows
among towns in the Yimeng Mountainous Region and to promote sustainable urban-rural
development, the supporting role of ordinary towns within the town hierarchy should
be strengthened.

(b) First tier
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(¢) Second tier
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Figure 4. Hierarchical distribution of spatial linkages: (a) Spatial structure of population linkages
across all five tiers; (b) Spatial structure of population linkages for Tier 1; (c) Spatial structure of
population linkages for Tier 2; (d) Spatial structure of population linkages for Tier 3; (e) Spatial
structure of population linkages for Tier 4.

3.2. Topology Characterization

The network matrix of population flow in the municipalities of the Yimeng Moun-
tainous Region is derived from the binarized data (the existence of linkage is 1 and vice
versa is 0), and Ucinet calculates its network density to be 0.7899. The towns in the Yimeng
Mountainous Region have formed a relatively compact population flow network. This
network exhibits robust overall connectivity, intensive spatial interactions among towns,
and a comparatively stable trajectory of sustainable urban—rural development. The town
population flow network in Yimeng Mountainous Region exhibits significant spatial ag-
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glomeration characteristics and has spatial positive correlation, according to the global
autocorrelation coefficient (Table 2), which was computed from the data of the network.
Its Moran’s I was 0.14, with a p-value of 0.0333, which was tested for significance. The
first-level network of spatial pattern analysis mutually confirms that Yicheng Subdistrict,
Longjiaquan Subdistrict, and Xujiahu Town are high and high agglomeration areas with
significant spatial correlation and in the absolute core of agglomeration, according to the
local Moran’s I index.

Table 2. Statistics on spatial autocorrelation indicators.

Moran’s I Expected Index Variance z-Score p-Value
0.1389 —0.0147 0.0052 2.1283 0.0333

Town status and degree centrality are closely correlated, with more connected towns
typically demonstrating greater external connectivity efficacy. Topology optimization for
town population flow networks is implemented using the Gephi 0.9.2 platform, which is
based on the complex network analysis method. To extract the backbone network that best
reflects the system’s core position in the spatial interaction system, the mobility intensity
threshold is set at 368. Edge connections with population flow values below the threshold
are removed. The Louvain algorithm-based modularization clustering analysis yielded
a modularity (Q) value of 0.172, indicating a statistically significant departure from a
random network structure. This quantitative result supports the identification of four
distinct modules that exhibit notable differences in spatial distribution (Figure 5). There is a
notable spatial proximity effect in the modules’ distribution, and the county administrative
boundaries’ restricting effect has a major impact on their spatial arrangement. As the main
hubs for information sharing and resource flow within the modules, Yicheng Subdistrict,
Jiehu Subdistrict, Mengyin Subdistrict, Pingyi Subdistrict, and Feicheng Subdistrict exhibit
a high degree of centrality, strong connectivity, and influence within their respective
modules. This composite development pattern is known as “urban areas leading—towns
synergizing.” It displays a composite pattern of “town synergy-urban area leading” growth.

Mengyin and Jiehu’s subdistricts each adopt a single-center radial structure (Modules
I and II), displaying a clear preference bias for spatial interactions and a variety of town
linkages. The difference in the development gradient between urban and rural areas, as
well as the path-dependence of the flow of resources and factors, can be interpreted as a
spatially optimal linking mechanism under the role of the core-edge structure. This leads to
a greater tendency to obtain development momentum through the establishment of vertical
networks among ordinary towns, while maintaining limited internal connectivity.

Due to the mountainous terrain barrier, Pinyi Subdistrict and Feicheng Subdistrict
form a dual-center synergistic development-type structure (Module III). The mountainous
terrain forms a relatively independent geographical space for the two subdistricts while
also creating a closely interconnected area, serving as a natural barrier. The core corridor
extending westward from Linyi’s central urban area consists of Pingyi County and Fei
County. Pingyi County functions as a regional gateway city and the western sub-center of
Linyi. Owing to its proximity to the main urban area, Fei County directly benefits from
economic spillover effects. This spatial structure lays the foundation for high-frequency
population flow.
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Figure 5. Topological structure of the backbone network and module identification.

Then, a major and secondary hierarchical structure (Module IV) is formed by Yicheng
Subdistrict and Xujiahu Town. Yicheng Subdistrict and Xujiahu Town have established an
efficient vertical division of labor through differentiated industrial positioning. Xujiahu
Town supplies raw materials and intermediate products that are used directly or indirectly
in the manufacturing sector of Yicheng Subdistrict. As a regional service hub, Yicheng
Subdistrict boasts a well-developed commercial and logistics system, which provides a
broader market for the industrial products from Xujiahu Town. This cluster development
model—based on a vertical division of labor within industrial chains—avoids homogeneous
competition and enhances the efficiency of resource and factor allocation through the
construction of regional value chains. As a result, population flow and economic linkages
between the two cores are strengthened, contributing to the formation of an orderly and
coordinated spatial structure.

3.3. Network Structural Resilience Assessment
3.3.1. Network Static Structure Toughness Assessment

1.  Hierarchy

In the assessment of network hierarchy (Figure 6), the slopes la | of the degree distribu-
tion of degree centrality, closeness centrality, and betweenness centrality of the population
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flow network of towns in the Yimeng Mountainous Region are 0.1544, 0.1015, and 0.6359,
respectively, which indicates that the network has a certain degree of hierarchical structure,
and that the network is more significantly heterogeneous. The number of connections,
location, and control capacity of the towns in the network vary, and the ability of Jiehu
Subdistrict, Yicheng Subdistrict, and Pingyi Subdistrict—the core towns—to cluster and
radiate with other towns in the area differs significantly from that of the other towns in the
network. This disparity, however, shows up differently depending on the centrality metric.
While the degree centrality heterogeneity is relatively small, the betweenness centrality het-
erogeneity is large. This suggests that while the number of connections between towns in
the network is relatively uniform, there are notable differences in the control of information,
and that the core towns serve as crucial “transit stations” in the network, exerting greater
control over population flows. Because removing these crucial nodes can significantly alter
the information propagation flow, a network with a higher number of higher betweenness
centrality may be more vulnerable to attacks directed at these nodes. However, due to the
comparatively more uniform distribution of degree centrality and closeness centrality, the
network remains robust in the face of random failures or attacks, and the failure of a few
nodes does not lead to the collapse of the entire network.

45 &
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-

35

y=—0.1544x + 4.475 y=-0.1015x + 4.7526
R?=10.6152 R?*=0.7927

y=-0.6359x + 4.8941
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T
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(a) Degree Centrality Distribution

LN(KH*) LN(KH*) LN(KH*)

(b) Closeness Centrality Distribution (c) Betweenness Centrality Distribution

Figure 6. Network degree distribution. KH denotes the degree of node H; KH* denotes the rank of
the degree of node H in the network in terms of place order.

2. Assortativity

The town population flow network in the Yimeng Mountainous Region has degree
correlation coefficients of degree centrality, closeness centrality, and betweenness central-
ity of —0.0601, —0.072, and —0.0868, respectively, with values less than 0 according to
network matching assessment (Figure 7). This suggests that the network exhibits a disas-
sortative mixing pattern, characterized by a significant negative degree correlation and
a non-significant assortative tendency. Specifically, core towns tend to form connections
with ordinary towns, while ordinary towns display a reduced probability of connecting, a
phenomenon that reflects the existence of a hierarchical structure or core-edge organiza-
tional pattern in the network. In terms of degree centrality, the network exhibits a relatively
flat distribution. This is associated with a significant negative correlation with neighbor-
ing towns and diverse linkage patterns. Within this structure, core towns leverage their
advantages to drive and radiate influence to ordinary towns, forming a well-organized
network with a disassortative mixing pattern. This confirms that core towns function as
structural hubs and critical bridges, underpinning both the connectivity and integration of
the regional network. Their role as network “bridges” is further validated by the higher
correlation coefficient of betweenness centrality compared to closeness centrality. This has a
significant siphoning effect on the population of ordinary towns, and residents of ordinary
towns continue to migrate to the core towns. The ongoing migration of residents from ordi-
nary towns to core towns strengthens the core-periphery structure. This enables the core
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towns to consolidate their local linkages while establishing new, long-range connections,
thereby enhancing the resilience and connectivity of the entire regional network.
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Figure 7. Network degree correlation.

3. Transitivity

The population flow network of towns in the Yimeng Mountainous Region has a
small average path length, a large average clustering coefficient, and a characteristic
small-world impact according to the network transmissibility assessment (Table 3). The
streams are provided with a maximum of two nodes in transit between nodes, and the
network’s average path length is 1.210. This indicates substantial population mobility
within the Yimeng Mountainous Region, which is predominantly characterized by short-
distance, inter-urban, and rural flows. This pattern is facilitated by extensive direct linkages
between urban and rural areas, resulting in a well-connected network. It also means
that every two towns in the Yimeng Mountainous Region can be connected through just
1.210 towns. The actual value is near the random network’s minimum value and within its
distribution, suggesting that the nodes have “short path” characteristics similar to those of
the random network. When combined with the random network path length statistics, the
minimum value is 1, the maximum value is 2, and the distance is 2 in 21% of all cases. The
standard deviation is 0.407. The existence of short paths is supported by the average path
length’s consistency with the randomized network, even though it is somewhat longer
than the minimum. Population flow and other activities can occur because of the network’s
improved spatial connectivity, higher transmission efficiency of complementary links, and
generally higher interactive exchanges between nodes. The “flow” spreading along this
path will also have strong diffusion capacity and accessibility, as well as less resistance and
relatively low additional costs.

Table 3. Statistical table of indicators related to the small world effect.

Average Clustering
Coefficient

0.844 1.210 0.407 0.166 1 2

Average Path Length SD Var Min Max

4. Clustering Coefficient

According to the network agglomeration assessment (Figure 8), the population flow
network’s average clustering coefficient is 0.844 (Table 3), indicating a strong clustering
effect. Most of the network’s core towns are connected to and form small groups with
their ordinary nearby towns, while the number of isolated towns is lower. The four
core towns at the bottom of the list—Yicheng Subdistrict, Jiehu Subdistrict, Mengyin
Subdistrict, and Pingyi Subdistrict—have local clustering coefficients that fall between
0.784 and 0.803, which is significantly less than the average value. This implies that there is
more of a one-way relationship between the regular towns and the core towns, and that
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the degree of proximity between the other towns connected to these four core towns is
not relevant. The network structure needs to be enhanced because ordinary towns and
cities have fewer connections and interactions with one another and are constrained by
their economic, transportation, information, and other circumstances. Notably, Feicheng
Subdistrict has a larger local clustering coefficient (0.811) than those of the other four core
towns because of the blocking effects of mountain ranges caused by terrain. Geographic
proximity dominates the region’s core area, and as distance increases, the power of spatial
linkages with external economic units weakens, making cross-scale factor flows more
difficult. From a resilience perspective, the goal is to enhance the urban-rural network by
strengthening factor coupling and functional nesting. This increases the network’s stress
resistance. Concurrently, removing administrative barriers can improve cross-scale synergy

and inter-town collaboration.

26%

Clustering Coefficient

I 0.7840-0.8030
77 0.8031-0.8260
[ ]o8261-038480
[ Jos481-038720
[ 0.8721-0.9050
I 0.9051-0.9480

Figure 8. Network local clustering coefficients.

3.3.2. Network Dynamic Structural Toughness Evaluation in Interruption Scenarios

The dynamic simulation of the urban population flow network was conducted on the
MATLAB (R2024a) platform. The process began by symmetrizing the binarized matrix and
employing a progressive node removal strategy to simulate the cascading failure process,
thereby obtaining the evolution of network structural resilience (Figure 9). A composite
scenario of random attack and centrality directed attack is designed to address the dif-
ferences in damage characteristics between natural and man-made disasters. The former
simulates non-directed damage, such as weather disasters, using random sampling, while
the latter uses node directed removal based on degree centrality, betweenness centrality,
and closeness centrality, respectively, to characterize intentional attacks, such as military
strikes. We methodically monitored the features of the evolution of the network structural
toughness of the population flow in the towns and cities of the Yimeng Mountainous
Region by computing the key indicators, such as network efficiency, average path length,
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and maximum connectivity subgraph during the attack process. The core towns have
both high connectivity and short average paths, which results in the overlap of the two
indexes of degree centrality and closeness centrality. This is essentially the result of the joint
action of network structural characteristics and nodes’ functional needs. The population
flow network of towns in the Yimeng Mountainous Region exhibits uniform connectivity,
hierarchical characteristics, and small-world effects.
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Figure 9. Changes in network structural toughness metrics under disruption scenarios: (a) Change in
network efficiency; (b) Change in average path length; (c) Change in the relative size of the largest
connected component.

The network efficiency tends to fluctuate linearly between attack ratios of 0-0.87 and
exhibits a cliff-like nonlinear decline at the conclusion, depending on the attack scenario
(Figure 9a). This pattern is characteristic of complex systems approaching a critical thresh-
old. The network structure’s heterogeneity and the node functions” numerous coupling
effects during the dynamic evolution are the causes of the local nonlinear phenomenon.
In particular, the hierarchical nature of town population flow networks is mapped by
discontinuous changes in network efficiency. Examples include the short increase in degree
centrality and closeness centrality attacks at attack ratio 0.91, as well as the betweenness
centrality attack at attack ratio 0.87. This temporary increase can be interpreted as a re-
silience mechanism involving redundant path activation. It occurs because the failure of
core towns, which act as “structural holes,” disrupts normal flow mediation and forces the
network to utilize alternative pathways. However, it may also activate redundant paths,
a network reconfiguration capability that enables counterintuitively resilient restoration
of the network’s efficiency prior to a certain threshold. The network’s critical phase tran-
sition property, however, is revealed by the cliff-like decay at the end of the attack. This
abrupt collapse signifies a systemic shift from a connected to a fragmented state. When
the attack surpasses the giant clusters’ survival threshold, the remaining nodes exhibit a
nonlinear collapse in system efficiency as a result of the hub nodes’ loss of connectivity and
integration ability.

Under randomized attack scenarios, the robustness-vulnerability paradox is examined
in response to changes in the average path length of population flow networks in towns and
cities in the Yimeng Mountainous Region. The attack ratio is less than 0.73 during the pre-
random attack period, indicating that the population flow network in towns in the Yimeng
Mountainous Region can achieve effective fault tolerance through the redundancy design
of the edge nodes (Figure 9b). However, if the attack ratio is near the critical threshold (i.e.,
0.96), the path length drops to zero immediately. In contrast, deliberate attacks cause a
greater variation in the average path length. When the attack ratio is between 0.0 and 0.64,
the average path length tends to change linearly; when the attack ratio exceeds 0.64, the
population connection between towns is cut off, the average path length surges nonlinearly,
and the network tends to collapse; the network splits into several isolated sub-networks
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until the network giant cluster completely disintegrates. When the attack ratio reaches the
critical thresholds of 0.87 and 0.91, respectively, the average path length exhibits a distinct
inflection point, indicating a phase transition in the network structure. At this stage, under
targeted attacks based on degree, closeness, and betweenness centrality, the average path
length begins to decline sharply across all strategies. This suggests that once the critical
threshold is exceeded, the network’s transitivity undergoes a phase transition, precipitating
an accelerated collapse of its overall structure.

Since the towns of the Yimeng Mountainous Region have high connectivity between
their population flow network nodes, the relationship between the maximum connectivity
subgraph and the attack ratio under various attack scenarios tends to change linearly
with negligible fluctuations (Figure 9c). This suggests that the network has a high level
of structural toughness and is more resilient to different types of attacks. Across many
attack situations, the initial changes in the metrics are nearly identical. The metrics decline
rate under the betweenness centrality assault, however, is noticeably greater than the
metrics decline rate under the other three attack scenarios when the attack ratio hits 0.87.
A high degree of network fragmentation and a general propensity to collapse are caused
by nodes with a high degree of betweenness centrality, which serve as “bridges” between
towns and cities. Their systematic removal immediately breaks the network’s modular
connections. Although the steep drop at the end indicates the cascade disintegration caused
by a random attack breaching the threshold, the maximum connectivity subgraph curves
for random attacks demonstrate super toughness at attack ratios less than 0.96, which is
attributed to the masking effect of the degree distribution heterogeneity of this network on
random failures.

3.3.3. Network Structural Resilience Optimization Strategy

The following optimization techniques are suggested in conjunction with the findings
of this paper’s evaluation of the network structure of population flow’s resilience in the
towns of the Yimeng Mountainous Region:

Firstly, highlighting the core and synergizing development. The network structure’s
robustness is enhanced by the multi-core network architecture. The Yimeng Mountainous
Region has developed primarily around the Pingyi, Feicheng, Yicheng, Jiehu, and Mengyin
subdistricts. Core towns occupy pivotal positions within regional networks and should
strengthen their radiating and driving effects. It is recommended that a multi-tiered,
gradient-based radiation network be established, centered on core towns and enhancing
the heterogeneous connections between them and neighboring towns. Priority should
be given to unblocking and adding critical links, as well as improving the activation
capability of redundant network paths. Therefore, the diffusion effect of core towns should
be leveraged to guide neighboring towns in cultivating differentiated functional clusters.
This will promote cross-regional integration of factors and sustainable development.

Secondly, development should be differentiated according to local conditions. The
current challenges include low clustering coefficients in core towns and insufficient con-
nectivity among ordinary towns within the network. To address these, each area should
develop distinctive industries based on local conditions. This approach should be guided
by the principle of “one town, one industry, one county, one characteristic.” The goal is
to foster a development pattern that is both unique and complementary. The focus is on
strengthening industrial linkages and functional collaboration among ordinary towns by
establishing a diversified, complementary, and differentiated county-level industrial sys-
tem. This will create more abundant and stable employment opportunities for urban and
rural populations alike, guiding the formation of a balanced, multidirectional population
flow pattern. It will alleviate the pressure on specific towns caused by population outflow
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due to fluctuations in a single industry or external shocks. Ultimately, it will enhance the
resilience of the population flow network structure.

Thirdly, factor mobility and cooperative development. Due to the barrier effect of
its topography and the influence of administrative boundaries, the Yimeng Mountainous
Region is spatially differentiated into two major development zones: the northern and
southern regions. Therefore, the direct connections and functional coordination among
core towns must be strengthened in order to overcome the impact of geographical and
structural fragmentation. Strengthen connectivity between the two regions by enhancing
the backbone network of high-speed rail and expressways. Furthermore, upgrading projects
for ordinary national and provincial highways should be implemented, while continuous
efforts are made to improve the quality and efficiency of rural roads, thereby facilitating
the internal circulation of regional resource flows. Building on this foundation, we should
actively promote the joint construction and shared use of digital infrastructure and facilitate
the deep integration of digital technologies into public services, inter-agency coordination,
and social governance. This will promote the seamless flow of people and information
within the region, ultimately increasing the frequency of interactions between towns and
cities and enhancing the overall resilience of the regional network.

4. Discussion

To mitigate the risk of uncertainty and support the integrated growth of urban and
rural areas, it is crucial to investigate the structural resilience of town networks. In the field
of structural resilience of urban and rural networks, previous research has produced some
findings. The interaction mechanism and resilience assessment of the composite network
formed by the population flow in towns and cities in underdeveloped hilly and moun-
tainous regions are not given enough attention in the research, which primarily focuses
on the optimization of information and traffic flow networks in urban agglomerations
in developed regions or the development of social capital within villages [45-47]. This
results in a significant discontinuity in the theoretical system when considering regional
heterogeneity. In order to compensate for the geographic white space of the related research
and enhance the empirical analysis of the network structure toughness from the perspective
of the town population flow, this paper uses the underdeveloped Yimeng Mountainous
Region as the research object and investigates its network structure toughness based on the
population factor flow. This study proposes optimization strategies tailored to the urban
network structures of underdeveloped regions to enhance their resilience to sustainable de-
velopment. In comparison to plains or developed urban areas [48,49], network mobility in
the Yimeng Mountainous Region is significantly limited by administrative boundaries and
topographical barriers, preventing cross-regional, high-efficiency spatial breakthroughs.
The network structure is significantly asymmetric, with a few core cities possessing strong
radiating capabilities and connections between most ordinary cities that remain relatively
weak. During simulated node failures, core towns had a smaller impact on the overall
network structure’s resilience than anticipated. They exhibited different response patterns
to external shocks than areas with higher mobility and denser networks. Nonetheless,
the network of towns and cities is made up of many different components that interact,
is complicated and all-encompassing, and has many dimensions. For instance, the town
network’s transportation, economy, information, and people movement data are only one
dimension; therefore, in order to quantify the strength of town interactions thoroughly, a
number of factors must be introduced. This will be the focus of future study.
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5. Conclusions

By building a population flow network in towns within the Yimeng Mountainous
Region, this paper examines the spatial structural features of the population flow network
in these areas. It also assesses the structural resilience of the population flow network in
the Yimeng Mountainous Region from the standpoint of structural resilience. The findings
of the study indicate the following:

(1) The population flow network in towns across the Yimeng Mountainous Region ex-
hibits a pronounced north—south differentiation and a multi-core, hierarchical struc-
ture, which is significantly influenced by the effects of terrain barriers. The southern
zone exhibits a hub-and-spoke pattern, contrasting with the stable triangular configu-
ration in the north, resulting in limited connectivity between the two. Tiers one and
two constitute an interconnected backbone, whereas tiers three through five progres-
sively extend to form a balanced support layer. While connections between ordinary
towns remain relatively weak, those among core towns are closely maintained.

(2) The town population flow network in the Yimeng Mountainous Region exhibits tight
connectivity and pronounced spatial clustering. However, it has not transcended the
rigid constraints imposed by administrative boundaries overall. The identification
and analysis of functional modules revealed four types radiating outward from core
towns, which can be categorized into three structural types: a single-center radiating
structure, a dual-center synergistic development structure, and a primary-secondary
hierarchical structure.

(3) The Yimeng Mountainous Region’s towns have a network structure of people flow
that is both resilient and vulnerable. As pivotal hubs, core towns enhance network
efficiency while also intensifying dependence on key nodes and compounding the
deficiency in lateral connections. A balanced distribution of degree and closeness
centrality ensures redundancy in the network. The small-world effect enables the
efficient flow of key elements; however, the low local clustering coefficient may
indicate structural vulnerabilities arising from one-way dependencies.

(4) When subjected to simulated attacks, the structural resilience of the population flow
network in the towns of the Yimeng Mountainous Region exhibits a distinct tempo-
ral evolution. The network exhibits strong resilience against random attacks. The
betweenness centrality attack strategy has the most significant impact on network
structural resilience under deliberate attacks. During the initial stages of an attack,
efficiency, transitivity, and connectedness exhibit gradual changes. As the attack con-
tinued, some redundant paths were activated, which caused temporary fluctuations
and rebounds in the metrics. Once the threshold is reached, a sharp, nonlinear decline
occurs. This triggers a phase transition in the network’s overall functionality, resulting
in a rapid loss of structural resilience.
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