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Abstract: 
Key node identification in multimodal transportation networks is essential for improving operational efficiency, mitigating 

risk propagation, and enhancing network resilience. However, traditional centrality metrics often fail to capture the higher-
order topological support roles and multi-scale structural persistence of nodes in coupled multimodal networks. To address 

this limitation, this paper proposes CPHD (Cycle Persistent Homology–Degree), a node importance metric integrating cycle-

structure persistent homology with node degree information. Specifically, a cycle-oriented multi-scale filtration process is 
constructed within the first- and second-order neighborhoods, where a Dowker filtration based on Jaccard topological dis-

tance extracts the persistent features of triangular (3-cycle) structures, and a Vietoris–Rips filtration based on shortest-path 

distance captures the persistence of quadrilateral and pentagonal cycles. The multi-scale persistent homology values are fused 
into a Cycle Persistent Homology value with weights determined by the entropy weight method, then multiplicatively aggre-

gated with the normalized node degree, jointly capturing higher-order structural support and local connectivity. Comparative 
experiments on four real-world networks indicate that CPHD achieves the best overall performance among the compared 
metrics, including Degree Centrality, Betweenness Centrality, Closeness Centrality, K-core, and Cycle-Ratio, in terms of 

structural disruption capability, propagation consistency, and ranking differentiation: it yields the fastest giant-connected-
component decline, the lowest robustness values in most networks, and the highest Kendall's Tau correlation with SIR-based 

spreading influence rankings across most infection probabilities. A case study on the Belt and Road sea–rail multimodal 

transportation network, a dual-layer coupled network with 201 nodes and 448 edges, demonstrates the effectiveness and in-
terpretability of CPHD. Removing about 13% of the top-ranked nodes reduces the largest connected component and global 
network efficiency to below 10% of their initial levels, and CPHD identifies not only maritime hubs such as Singapore and 

Kaohsiung and railway border stations such as Alataw and Khorgos, but also cross-system coupling nodes such as Shanghai 
and Shekou. The results indicate that CPHD provides a reliable and interpretable framework for identifying structurally 
critical nodes in multimodal transportation networks, offering a topology-based quantitative reference for resilience enhance-

ment and critical infrastructure protection. 
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1. Background and Motivation 

The Belt and Road Initiative (BRI), as a strategic 
platform for China to promote global connectivity, 

aims to achieve shared prosperity and development 
by strengthening infrastructure construction and 

economic cooperation among countries along the 
routes. The sea-rail multimodal transport network 
serves as a critical link enhancing cross-regional 
cargo efficiency and international trade. However, 

amid profound geopolitical shifts—including the 
Russia-Ukraine war and Iran's Strait of Hormuz 
blockade—the security and resilience of key logis-
tics corridors have become increasingly vital for na-

tional economic security and global supply chain 

stability(B. Chen et al., 2026). 
As a highly coupled complex system, the sea-rail 
multimodal transport network relies on seamless in-

tegration and efficient coordination among multiple 
transport modes for stable operation. While such 

cross-system synergy improves transport efficiency, 
it also amplifies systemic risks under extreme dis-

ruptions. Rail transport depends on fixed routes and 
nodes; once critical corridors are blocked, short-
term rapid reconfiguration through alternative paths 

is difficult(Yiqiao, Xianbin, Fangyun, & Lu Carol, 

2022). Although sea systems possess high capacity 
and flexibility, disruptions to key waterways or hub 
ports often exhibit cascading effects with trans-re-
gional diffusion(K. Xu, Liu, & Li, 2025). When vul-

nerabilities from different transport subsystems 
overlap in the multimodal network, local interrup-
tions can rapidly evolve into system-wide functional 
degradation or even network-wide paralysis(Chao 

Zhu & Zhu, 2024). Precisely identifying core nodes 
bearing critical structural functions and implement-

ing targeted interventions has become a key strategy 
to enhance the stability and resilience of multimodal 

transport networks. 
Traditional methods typically focus on single 
transport systems or localised frameworks, failing to 

capture complex higher-order topological infor-

mation in multimodal transport networks. In highly 
coupled multi-subsystem networks, they tend to 
overlook nodes that, despite low connectivity, play 
irreplaceable roles in maintaining local synergy, 

providing path redundancy, and suppressing disrup-
tion propagation(X. Huang, Chen, Cai, Wang, & Hu, 
2022). In response, this paper proposes CPHD (Cy-
cle Persistent Homology–Degree), a node im-

portance metric integrating persistent homology of 

cycle structures with node degree information, to 

more accurately identify key nodes supporting struc-
tural integrity and resilience in complex transport 

networks. 
 

2. Literature Review and Research Gap 

Complex network theory provides an important an-
alytical framework for critical node identification in 
transportation systems(W. Huang et al., 2024). With 

the development of data acquisition and modeling 
methods, complex network analysis has been widely 
applied to resilience assessment and critical node 
identification in transportation systems such as high-

ways, railways, aviation, and sea transport, offering 

operational quantitative bases for transportation or-
ganization optimization, infrastructure protection, 
and system resilience enhancement(X. Xu & Xu, 

2024). 
Sorting node importance based on network topolog-

ical properties is currently the mainstream method 
for critical node identification. From degree central-

ity (DC)(Chang & Kim, 2022), which reflects the 
scale of node connections, to closeness centrality 
(CC)(Li, Teng, & Wang, 2025), which measures the 

proximity of a node to others, and to betweenness 

centrality (BC)(Guo, Zhao, & Gao, 2026), which 
characterizes a node's mediating role in the entire 
network, these methods have all provided effective 
means for critical node identification. However, 

most of these methods focus on single networks and 
typically characterize node importance from a single 
topological dimension, emphasizing local connec-
tivity features or low-order structural properties. 

This makes it difficult to fully reveal the true role of 
nodes in the overall structural organization and func-

tional maintenance of complex transportation net-
works(Liu, Tian, Huang, & Yang, 2018). 

As research on multimodal transport networks deep-
ens, studies have begun to address the network com-
plexity arising from the coupling of multiple trans-

portation modes, attempting to identify critical 

nodes from perspectives such as overall organiza-
tion, cross-modal connectivity, and integration of 
multi-dimensional attributes(Gao, Hu, Yang, & 
Zhao, 2024; Stamos, 2023). Some studies have con-

structed directed weighted networks integrating sea, 
air, rail, and road transport, proposing various cen-
trality metrics to identify key transportation cit-
ies(Shen & Zong, 2023). Others have combined im-
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proved TOPSIS, grey relational analysis, and infor-

mation entropy weighting methods to achieve com-
prehensive critical node identification in multi-layer 

heterogeneous transportation networks(Zhang & Ng, 
2021). Although these studies expand the applica-

tion boundaries of traditional methods, they gener-
ally remain at the level of comprehensive evaluation 
of node and edge attributes, still insufficiently char-
acterizing higher-order topological structures of net-

works. 
To break through the limitations of low-order topo-
logical descriptions, some research has started to fo-
cus on the role of higher-order topological features 

such as cycle structures, motifs, and other structural 

patterns in node importance identification(J. Chen, 
Wang, Xia, Shi, & Chen, 2025; Fan, Lü, Shi, & 
Zhou, 2021). Studies show that node importance in 

complex networks is not only influenced by local 
connectivity features and shortest path distributions 

but is also closely related to higher-order topological 
structures(Lambiotte, Rosvall, & Scholtes, 2019; Y. 

Xu, Zhao, Chen, Liu, & Xia, 2024). For multimodal 
transport networks, such higher-order structures can 
more fully reflect closed associations, alternative 

paths, and collaborative organizational mechanisms 

between different transportation modes. Based on 
this understanding, the Cycle Ratio (CR) metric has 
been proposed(Fan et al., 2021). This metric charac-
terizes the degree of node participation in cycle 

structures through a cycle count matrix, emphasiz-
ing a node's participation level in cycle structures 
and its contribution to neighborhood structure and 
overall network organization. To some extent, it 

compensates for the inadequacy of low-order topo-
logical metrics in characterizing complex structural 

relationships, providing ideas for identifying critical 
nodes from a higher-order topological perspective. 

However, current research on critical node identifi-
cation in multimodal transport networks faces two 
key limitations. First, while some studies incorpo-

rate higher-order features like cycle structures, they 

remain at combined node–edge evaluation levels, 
with insufficient exploration of higher-order pat-
terns, local topological nesting, and multi-scale or-
ganisation. Second, most methods rely on static net-

works—whether low-order (DC, BC) or higher-or-
der (CR) metrics—focusing on fixed-state structures 
while neglecting the persistence and evolutionary 
stability of local topological features across scales. 

For multimodal networks with complex couplings 

and abundant alternative paths, node importance de-

pends not only on participation in key structures but 
also on the persistence and stability of supported 

structures across scales. This highlights the need for 
methods combining higher-order topological char-

acterisation with dynamic persistence analysis. 
Based on this, this paper proposes CPHD, a critical 
node identification method leveraging persistent ho-
mology features of cycle structures. Combining 

node degree as a low-order feature with a cycle-ori-
ented multi-scale filtration and persistent homology 
analysis, CPHD extracts second-order neighborhood 
features reflecting the persistence of higher-order 

topological structures. These are fused with low-or-

der attributes to form a comprehensive ranking met-
ric that captures both local connectivity and persis-
tent roles in higher-order structures, offering new 

methodological support for multimodal transport 
networks. The main contributions are: 

1. Constructing a cycle-oriented filtration process 
within the second-order neighborhood. By ap-

plying cycle-oriented multi-scale filtration with 
persistent homology analysis, multi-scale per-
sistent cycle features are extracted from the sec-

ond-order neighborhood, precisely reflecting a 

node's structural role in local higher-order to-
pology and enhancing critical node identifica-
tion in complex coupled networks. 

2. Establishing a framework integrating higher-

order topological persistence features with low-
order local attributes. By combining higher-or-
der structural information with node degree, the 
ranking simultaneously reflects a node's 

higher-order structural support role and local 
connectivity, addressing the limitations of sin-

gle static low-order metrics and providing a 
more comprehensive approach for critical node 

identification in multimodal transport networks. 
3. Validating the effectiveness and applicability 

of the proposed method through comparative 

experiments on multiple real-world networks 

and a case study of the Belt and Road sea-rail 
multimodal transport network. 

The remainder of this paper is organized as follows. 
Section 3 presents the cycle structure persistent ho-

mology-based node importance evaluation method 
and its implementation process. Section 4 conducts 
comparative experiments on multiple real-world 
networks to verify the method's effectiveness and ro-
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bustness in general complex networks. Section 5 ex-

amines the method's applicability in real multimodal 
transport scenarios through the Belt and Road sea-

rail multimodal transport network case. Finally, Sec-
tion 6 concludes the paper. 
 

3. Critical Node Identification Method Based 

on Cycle Structure Persistent Homology 

Values 

3.1. Cycle Structure 

In complex networks, cycle serve as a critical com-
ponent for characterising higher-order topological 

features and act as fundamental structural units re-
flecting the network's closed connectivity relation-

ships, alternative paths, and local collaborative or-

ganisational mechanisms. A cycle of length  𝑙 is rep-
resented as an ordered node sequence𝑣1 , 𝑣2, . . . , 𝑣𝑙,  

where for any 𝑖 (1 ≤ 𝑖 ≤ 𝑙), node 𝑣𝑖  is adjacent to 

𝑣𝑖+1, and the terminal nodes 𝑣1  and 𝑣𝑙 are also adja-

cent. Triangles represent the most basic cycle struc-
tures. Cycle structures enhance network connectiv-
ity and robustness by introducing redundant paths, 
offering greater resilience to failures than chain or 

star configurations.  

In sea-rail multimodal transport networks, multiple 
interacting nodes form various cycle structures that 
contribute differently to network resilience. Trian-

gles (3-cycles) represent the most fundamental re-
dundancy unit, formed when two neighbors of a 
common node are directly linked, providing the 

shortest alternative path. Quadrilaterals (4-cycles) 

add a fourth node to extend detouring capacity under 
failures. Pentagons (5-cycles) and larger cycles exist 
but require more interactions and yield weaker co-
hesion. To balance topological expressiveness and 

computational cost, , topological feature extraction 
is restricted to 3-cycles, 4-cycles, and 5-cycles—that 
is, triangles, quadrilaterals, and pentagons—which 
the algorithm enumerates explicitly. Cycles of 

length greater than 5 are not enumerated individu-

ally; their influence is reflected indirectly through 
the persistence of lower-order structures. 
However, their significance lies not merely in exist-

ence but in persistent presence across scales, which 
is critical for capturing their true structural im-

portance in multimodal transport networks. As illus-
trated in Figure 1, nodes A and B each contain only 

one quadrilateral cycle within their second-order 
subgraphs; relying solely on cycle count fails to dis-
tinguish their topological contributions. To address 

this limitation, we compute persistent homology val-

ues of cycle structures in the second-order subgraph. 
Figure 2 shows that the 1-dimensional cycle of node 

A is born at filtration threshold 2.0, whereas that of 
node B is born at threshold 3.0. Since no maximum 

threshold is set, no death time is recorded. Compared 
with raw cycle counts, persistent homology values 
provide greater discriminability by capturing the 
multi-scale birth information of cycle structures, 

thereby offering a more expressive characterization 
of high-order topological features. 
 

3.2. Persistent Homology 

In persistent homology, topological data is repre-

sented not by a single simplicial complex but by a 
nested sequence constructed via a filtration function. 

This enables computing homology group variations 
across parameters, thereby characterising the persis-
tence of topological features. For each simplicial 

complex 𝐾 in the family of simplicial complexes ℱ𝑖 , 
the 𝑞  -dimensional homology groups 𝐻𝑞(𝐾)  are 

computed, yielding the persistent homology results. 
 

𝐻𝑞(ℱ𝑖 ) = {𝐻𝑞 (𝐾𝛿) → 𝐻𝑞(𝐾𝛿′)}
0≤𝛿≤𝛿′   (1) 

 

Specifically, the appearance and disappearance 
times of each topological structure within the family 
of simplicial complexes are represented as barcodes: 
 

𝑃𝑒𝑟𝑠𝑞(ℱ𝑖 ) = {(𝑏𝑖,𝑗 ,𝑑𝑖,𝑗) ∈ [0, 𝛿𝑚] ×

[0, 𝛿𝑚]|𝑏𝑖,𝑗 < 𝑑𝑖,𝑗 , 𝑗 ∈ ℕ+ ,𝑗 ≤ 𝐽𝑞,𝑖 }  
(2) 

 

Herein, 𝑏 denotes the birth time of the topological 
structure, while 𝑑 denotes its death time. 𝐽𝑞,𝑖  repre-

sents the count of 𝑞 -dimensional homology groups. 

For certain topological structures that persist indefi-
nitely after birth, their death time is conventionally 
set to the maximum value of the filtration parameter, 

𝛿𝑚, during computation. 
To specifically identify cycle structures at different 

scales, distinct filtration functions are required to fil-
ter node neighbor subgraphs. For the 1-hop neighbor 

subgraph 𝐺𝑖
1(1 ≤ 𝑖 ≤ 𝑛), the Dowker filtration func-

tion is applied, yielding the Dowker complex cluster 

𝐹𝑖
𝐷 = {𝐷𝛿1

,𝐷𝛿2
, . . . , 𝐷𝛿𝑚

} , where 𝐷𝛿1
⊆ 𝐷𝛿2

⊆⋅⋅⋅⊆

𝐷𝛿𝑚
, and the filtration parameter 𝛿  satisfies 𝛿1 <

𝛿2 <⋅⋅⋅< 𝛿𝑚. Similarly, for the 2-hop neighbor sub-
graph 𝐺𝑖

2(1 ≤ 𝑖 ≤ 𝑛) , the VR filtration function is 

utilized, resulting in the VR complex cluster 𝐹𝑖
𝑉𝑅 =

{𝐶𝑙 (𝐺𝑖,𝛿1

2 ), 𝐶𝑙 (𝐺𝑖,𝛿2

2 ), . . . , 𝐶𝑙(𝐺𝑖 ,𝛿𝑚

2 )}. 
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Fig. 1. Schematic of different high-order topological features 
 

 
Fig. 2. Persistence barcode diagram 
 

3.2.1. Dowker Filtration Function 

The Dowker filter function identifies triangular 
structures in network subgraphs(Ye, Jiang, Jiang, & 
Li, 2023). To incorporate local topology into persis-

tent homology, we introduce a topological distance 

based on Jaccard similarity and construct the corre-
sponding filtration process(Bag, Kumar, & Tiwari, 
2019). Specifically, for any pair of nodes, 𝑣𝑖  and 𝑣𝑗, 

in the graph, their topological distance 𝑆𝑖𝑗 is defined 

as: 
 

𝑃𝑆𝑖𝑗 = 1 −
|𝑁(𝑣𝑖)∩𝑁(𝑣𝑗)|

|𝑁(𝑣𝑖)∪𝑁(𝑣𝑗)|
  (3) 

 

Where, 𝑁(⋅)represents the neighbourhood set of a 
node. This distance metric quantifies topological 

dissimilarity between node neighbourhoods: more 
common neighbours yield shorter distances. During 

filtration, basic cycle structures form preferentially. 
By defining the topological distance 𝑆𝑖𝑗 as a weight 

function 𝑊1 : 𝐸 → ℝ on the edges, the unweighted 

undirected network 𝐺 is transformed into an undi-

rected weighted network 𝐺1 = (𝑉, 𝐸, 𝑊1 ). If there 

exists a target node 𝑣 ′ ∈ 𝑉 such that for any 𝑣𝑖(1 <

𝑖 < 𝑛), 𝑊(𝑣𝑖 , 𝑣 ′) ≤ 𝛿, then we have the Dowker 𝑞 

-sink complex 𝔇𝛿
𝑠𝑖 = {𝜎 = [𝑣1, 𝑣2,⋅⋅⋅, 𝑣𝑛]}  , and 

based on this, the Dowker sink filtration is defined 

as {𝔇𝛿
𝑠𝑖 → 𝔇

𝛿′
𝑠𝑖 }

0≤𝛿≤𝛿′
. Correspondingly, if there ex-

ists a node 𝑣 ′ ∈ 𝑉 such that for any 𝑣𝑖(1 ≤ 𝑖 ≤ 𝑛), 

𝑊(𝑣 ′, 𝑣𝑖) ≤ 𝛿, then we have the Dowker 𝑞 -source 
complex 𝔇𝛿

𝑠𝑜 = {𝜎 = [𝑣1 , 𝑣2,⋅⋅⋅, 𝑣𝑛]} , and the 

Dowker source filtration is denoted as {𝔇𝛿
𝑠𝑜 →

𝔇
𝛿′
𝑠𝑜 }

0≤𝛿≤𝛿′
. Triangular cycle structures in complex 

network systems can be formed in multiple ways. 
Using the Dowker filtration defined on unweighted 
undirected networks, without distinguishing be-

tween source nodes and target nodes, the 𝑛 neigh-
bouring nodes of a single node are combined to form 

an (𝑛 − 1) -dimensional simplex. The filtration pro-

cess is illustrated in Figure 3. Specifically, when 

𝛿 ≤ 1, the two neighboring nodes E and G of node 
F form a 1-simplex, while nodes A and D each con-

stitute a 0-simplex. When𝛿 ≤ 3, nodes B, C, and D 
share a common neighbor node A, thus forming a 2-
simplex; in contrast, nodes F, G, and H have no com-
mon neighbor node, thereby yielding a 1-dimen-
sional cycle structure.
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Fig. 3. Schematic diagram of Dowker filter filtration process 
 

3.2.2. VR Filtration Function 

The VR filter function is utilized to identify cycle 

structures in network subgraphs other than trian-
gles(Lim, Memoli, & Okutan, 2024). By defining 

the shortest-path distance 𝑑𝑖𝑗
𝐶𝑙 in the network as a 

weight function 𝑊2: 𝐸 → ℝ on the edges, the net-
work 𝐺 is transformed into 𝐺2 = (𝑉, 𝐸, 𝑊2). Unlike 

triangles, which emphasize direct neighborhood 
overlap, quadrilaterals and pentagons represent indi-

rect connectivity and detour capacity—key struc-
tural resilience attributes in transportation networks. 
Shortest-path distance directly measures the connec-

tivity cost between nodes, serving as the canonical 

metric for evaluating rerouting efficiency and path 
diversity(Latora & Marchiori, 2001). This choice 
ensures that our VR filtration captures the persis-
tence of structurally alternative paths that maintain 

network functionality under disruptions. For any 

𝛿 ∈ 𝑅, let the subnetwork be 𝐺𝛿 = (𝑉, 𝐸, 𝑊𝛿 ) ⊂ 𝐺, 

where the edge set 𝐸𝛿 ∈ 𝐸 contains only edges with 

weights less than or equal to 𝛿. Then, for any 𝛿 ∈ 𝑅, 

the VR complex is defined as the clique complex 
𝐶𝑙(𝐺𝛿 ) of the subnetwork 𝐺𝛿 , and the VR filtration 

is defined as {𝐶𝑙(𝐺𝛿 ) → 𝐶𝑙(𝐺𝛿′ )}0≤𝛿≤𝛿′ . The clique 

complex 𝐶𝑙(𝐺)  is a simplicial complex in which 
each simplex corresponds to a complete subgraph in 

𝐺. During this filtration process, the set of nodes is 
first added to the VR complex. Subsequently, as the 

parameter 𝛿  varies, edges are incorporated into 
complete subgraphs in ascending order of their 
weights. Throughout this process, the VR filtration 

structure gradually takes shape, as illustrated in Fig-
ure 4. 

In Figure 4, when 𝛿 ≤ 1, nodes A, B, and C are con-

nected to form a connected component, reducing the 
total number of connected components from 5 to 3. 

When 𝛿 ≤ 3, nodes A, B, C, D, and E form a 5-cycle 
structure, which further evolves into a 4-cycle struc-

ture when𝛿 ≤ 4. By recording the persistence of cy-

cle structures across different scales, these persistent 
features can be extracted as high-order topological 
features of the nodes.

 

 
 

Fig. 4. Schematic diagram of VR filter filtration process 
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3.3. Calculation of Persistent Homology Values 

for Cycle Structures 

First, let us consider an undirected and unweighted 

network denoted as 𝐺 = (𝑉, 𝐸), where 𝑉 = {𝑣1 , 𝑣2,⋅
⋅⋅, 𝑣𝑛}  represents the set of nodes in the network, 

with 𝑛  indicating the total number of nodes; and 
𝐸 = {𝑒1 , 𝑒2,⋅⋅⋅, 𝑒𝑚} represents the set of edges in the 

network, with 𝑚  being the total number of edges. 

The adjacency matrix of this network is 𝐴𝑛×𝑛 =
(𝑎𝑖𝑗), where 𝑎𝑖𝑗 = 1 if there is an edge connecting 

node 𝑣𝑖  and node 𝑣𝑗, and 𝑎𝑖𝑗 = 0 otherwise. 

In this paper, we adopt the homology characteristics 
of cycle structures at different scales within first- 

and second-order neighbor subgraphs as high-order 
topological features of nodes. The extraction process 

of high-order topological features for nodes is illus-
trated in Figure 5. The Cycle Persistent Homology 
Value (CPH) is obtained by summing the existence 
durations of topological structures for each node, as 

follows: 
 

𝐶𝑃𝐻𝑞 (𝑣𝑖) = ∑ (𝑑𝑖,𝑗 − 𝑏𝑖,𝑗)
𝐽𝑞 ,𝑖

𝑗=1   (4) 

 

When setting 𝑞 = 1, we can calculate the homology 
characteristics 𝐶𝑃𝐻𝑞 (𝑣𝑖)  of 1-dimensional holes 

near node 𝑣𝑖. The Dowker homology characteristics 

𝐶𝑃𝐻△
𝐷𝑜𝑤𝑘𝑒𝑟𝑖  calculated using ℱ𝑖

𝐷
 correspond to the 

high-order topological features of various triangular 

cycle structures near node 𝑣𝑖 . Similarly, the VR ho-

mology characteristics 𝐶𝑃𝐻4-cycle
𝑉𝑅 (𝑣𝑖)  and 

𝐶𝑃𝐻5-cycle
𝑉𝑅 (𝑣𝑖)

 
calculated using ℱ𝑖

𝑉𝑅
 correspond to 

the high-order topological features of cycle struc-

tures (other than triangles) near node 𝑣𝑖 . A larger 

persistent homology value implies that the topolog-
ical structure persists for a longer duration during the 
filtration process, indicating a more enduring func-
tional role of the topological structure and more 

prominent high-order topological features. 

Although high-order features reveal cycle participa-
tion and path redundancy, relying solely on them has 
limitations. As shown in Figure 6, using only high-

order features (e.g., cycle counts) assigns node A (no 
cycles) a score of 0, while nodes B and C receive 

similar scores despite C having greater actual influ-
ence due to stronger local connectivity. Conversely, 

using only low-order features like degree centrality 
assigns high scores to A and C, underestimating 
node B. Thus, neither low-order nor high-order fea-

tures alone can comprehensively capture node im-

portance. 

 

 

 
Fig. 5. Schematic diagram of node high-order topological feature extraction 
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Fig. 6. Schematic illustration of node importance differentiation using low-order and high-order topological 

features 
 
To quantify the influence of neighboring nodes on 

the evaluated node𝑣𝑖 , we incorporate the node de-

gree value 𝐷  into the node evaluation metric 
𝐶𝑃𝐻(𝑣𝑖). This enables the metric to not only depict 
the node's supporting role within local high-order 
structures but also reflect its neighboring connectiv-

ity capabilities, thereby achieving a more compre-

hensive and nuanced identification of key nodes. For 
an undirected and unweighted network, the node im-
portance identification method based on the cycle 

persistent homology-degree is denoted 
as 𝐶𝑃𝐻𝐷(𝑣𝑖) . Specifically, the CPHD-index for 

node 𝑣𝑖  is computed by multiplicatively aggregating 
the persistent homology value of cycles with the 
node degree as follows: 

 

𝐶𝑃𝐻𝐷(𝑣𝑖) =
𝑑(𝑣𝑖)−𝑑𝑚𝑖𝑛

𝑑𝑚𝑖𝑛𝑚𝑎𝑥×𝐶𝑃𝐻(𝑣𝑖)
  (5) 

 

Here, 𝐶𝑃𝐻(𝑣𝑖) denotes the higher-order topological 
feature value of node a, which is fused from the one-

dimensional homology values of triangle (3-cycle), 
quadrilateral (4-cycle), and pentagonal (5-cycle) cy-

cle structures within the neighborhood of node𝑣𝑖 .  
Specifically, 3-cycle structures are extracted via the 
Dowker filtration, while 4-cycle and 5-cycle struc-
tures are extracted via the Vietoris-Rips (VR) filtra-
tion. To integrate these high-order topological fea-

tures with the conventional degreecentrality, the de-
gree value of each node is first normalized to the 
range [0,1] using min-max normalization, ensuring 
that both the degree and topological feature compo-

nents are on a comparable scale and that neither 

dominates the aggregation due to magnitude differ-
ences. The multiplicative form ensures that they are 

jointly indispensable: if either the persistent homol-
ogy value or the normalised degree is zero, the 
CPHD value vanishes, reflecting a semantic require-
ment that a critical node must simultaneously pos-

sess high structural redundancy, as characterised by 

persistent homology, and high connectivity, as char-
acterised by its degree. The weights of features at 
different scales are objectively determined by the 

entropy weight method according to their distribu-
tion differences across all nodes in the network, 

providing a data-driven balance among the compo-
nents and avoiding subjective parameter tuning: the 

information entropy of each feature is first calcu-
lated; the smaller the entropy, the greater the inter-
node difference and discriminative ability of the fea-
ture, and thus the higher the assigned weight; con-

versely, features with larger entropy receive lower 
weights(W. Huang et al., 2021). The specific steps 
are outlined in Algorithm 1.  
CPHD constructs multi-scale filtrations within the 

second-order neighborhood, extracting persistent 

cycle features and integrating them with degree in-
formation. This simultaneously captures path redun-
dancy and local connectivity, addressing traditional 

centrality metrics' limitations in depicting high-or-
der loop information. This makes CPHD particularly 

suited for multimodal transport networks, effec-
tively representing circulation structures formed by 

cross-mode interweaving and cross-system depend-
encies.

 
 
 

 
 
 

 
 
 

 



Lu, Y., Chen, X., Chen, F. 

Archives of Transport, 78(2), 171-195, 2026 

179 

 

 

 

Algorithm 1 CPHD-Based Node Importance Eval-
uation Framework 

Input: Graph 𝐺 = (𝑉, 𝐸) 
Output: CPHD values for all nodes in 𝑉 

1: procedure CPHD(𝑣, 𝐺, 𝑤, 𝑑𝑚𝑎𝑥𝑚𝑖𝑛 
2:   Extract 1-hop neighbors 𝑁1(𝑣) 

3:   Extract 2-hop neighbors 𝑁2(𝑣) 

4:   Construct induced subgraph 𝐺𝑣  
5:   Compute shortest-path distance matrix 𝑀 
6:   Replace infinite distances by a large constant 

7:       𝐶𝑃𝐻1
𝐷𝑜𝑤𝑘𝑒𝑟Dowker𝑣 

8:       

{𝐶𝑃𝐻1
𝑉𝑅(𝑣)|𝐶𝑃𝐻4 −cycle

𝑉𝑅 (𝑣), 𝐶𝑃𝐻5−cycle
𝑉𝑅 (𝑣)} ←

VR(𝑣, 𝐺𝑣)
 

9:   Apply sigmoid function 𝜎(𝑥) =
1

1+𝑒−𝑥
 

10:  Compute the high-order topological features 

of node 𝑣 

11: 

𝑪𝑷𝑯𝟏(𝒗)
= 𝒘𝟏

× 𝝈 [𝑪𝑷𝑯△
𝑫𝒐𝒘𝒌𝒆𝒓[]𝟐[𝑪𝑷𝑯𝟒−cycle

𝑽𝑹 (𝒗)]
𝟑

[𝑪𝑷𝑯𝟓−cycle
𝑽𝑹 (𝒗)]]

 
12:  Compute normalized degree: 

13:   𝑑̂(𝑣) =
𝑑(𝑣)−𝑑𝑚𝑖𝑛

𝑑𝑚𝑖𝑛𝑚𝑎𝑥
 

14:   return 

15:   𝑪𝑷𝑯𝑫(𝒗) = 𝒅̂(𝒗) × 𝑪𝑷𝑯𝟏(𝒗) 
16: end procedure 

17: procedure Dowker(𝑣, 𝐺𝑣) 

18:   Initialize similarity matrix 𝑆 
19:   for each node pair (𝑣𝑖 , 𝑣𝑗) in 𝐺𝑣  do 

20:        𝑁𝑖𝑗 ←
|𝑁1(𝑣𝑖)∩𝑁1 (𝑣𝑗)|

|𝑁1(𝑣𝑖)∪𝑁1 (𝑣𝑗)|
 

21:   end for 

22:   Convert similarity matrix to distance matrix 

𝐷𝑠 = 1 − 𝑁 
23:   Extract 1-dimensional persistence intervals 

24:   return 𝐶𝑃𝐻1
𝐷𝑜𝑤𝑘𝑒𝑟 

25: end procedure 

26: procedure VR(𝑣, 𝐺𝑣 )
 

27:
   

ℛ ←
𝑉𝑅(𝑀, 𝑚𝑎𝑥𝑑𝑖𝑚 = 1, do_cocycles=True)

     
28:   dgms ← ℛ.cocycles[1] 
29:   Initialize 𝐶𝑃𝐻4-cycle ← 0, 𝐶𝑃𝐻5−cycle ← 0 

30:   for each persistence interval (𝑏, 𝑑) ∈
𝑑𝑔𝑚𝑠[1] do 

31:      𝑝 ← 𝑑 − 𝑏 

32:      𝑐 ← cocycle corresponding to (𝑏, 𝑑) 

33:      𝐸support ← {(𝑖, 𝑗)|𝑐(𝑖, 𝑗) ≠ 0} 

34:      𝐿𝑚𝑖𝑛  

35:      for each edge (𝑢, 𝑣) ∈ 𝐸support do 

36:         if a shortest path 𝑃 from 𝒖 to 𝒗 exists in 
𝑵𝟐 (𝒗) then  

  37:            𝑳 ← |𝑷| + 𝟏  

38:            𝐿 𝑚𝑖𝑛(𝑚𝑖𝑛𝑚𝑖𝑛
  

39:         end if 
40:      end for 

41:      if 𝐿𝑚𝑖𝑛 then 

42:        𝐶𝑃𝐻4−cycle ← 𝐶𝑃𝐻4−cycle + 𝑝  

43:      else if 𝐿𝑚𝑖𝑛 then 

44:        𝐶𝑃𝐻5-cycle ← 𝐶𝑃𝐻5-cycle + 𝑝  

45:      end if 
46:   end for 

47:   return (𝐶𝑃𝐻4-cycle, 𝐶𝑃𝐻5-cycle)   

48: end procedure 

49: procedure Compute weights 𝒘  

50:   Construct feature matrix 𝑋 ∈ ℝ
𝑛×3

, where 

columns correspond to 𝐶𝑃𝐻△
𝐷𝑜𝑤𝑘𝑒𝑟, 

𝐶𝑃𝐻4−cycle
𝑉𝑅 , 𝐶𝑃𝐻5−cycle

𝑉𝑅  

51:   for 𝑗 = 1 to 3 do 
52:      𝑆𝑗 ← ∑ 𝑥𝑖𝑗

𝑛
𝑖=1   

53:      for 𝑖 = 1 to 𝑛 do 

54:         𝑞𝑖𝑗 ←
𝑥𝑖𝑗

𝑆𝑖𝑗
  

55:      end for 

56:   end for 

57:   for 𝑗 = 1 to 3 do 

58:      𝑒𝑗 ← −
1

𝑙𝑛 𝑛
∑ 𝑞𝑖𝑗 𝑙𝑛 𝑞𝑖𝑗

𝑛
𝑖=1   

59:      ℎ𝑗 ← 1 − 𝑒𝑗  

60:   end for 

61:   𝐻 ← ∑ ℎ𝑖𝑗
3
𝑗=1   

62:   for 𝑗 = 1 to 3 do 

63:      𝑤𝑗 ←
ℎ𝑖𝑗

𝐻
  

64:   end for 

65:   return 𝑤 = (𝑤1, 𝑤2, 𝑤3)  
66: end procedure 

67: Compute degree bounds (𝑑𝑚𝑎𝑥𝑚𝑖𝑛 

68: for each node 𝑣 ∈ 𝑉 do 
69:   𝐶𝑃𝐻𝐷(𝑣) ← CPHD(𝑣, 𝐺, w, 𝑑𝑚𝑎𝑥𝑚𝑖𝑛 

70: end for 

71: return {𝐶𝑃𝐻𝐷(𝑣)}𝑣∈𝑉 
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4. Experiments and Results 

4.1. Experimental Network 

To verify the effectiveness and applicability of the 

proposed node importance identification method in 
general complex networks, this paper selects four 

real-world networks from different domains for 
comparative analysis, including: (a) Drug(Correia, 
de Araújo Kohler, Mattos, & Rocha, 2019), (b) 
Adjnoun(Newman, 2006), (c) Friendship-3(Chami, 

Ahnert, Kabatereine, & Tukahebwa, 2017), and (d) 
Paris(Crucitti, Latora, & Porta, 2006). The topolog-
ical structures of these networks are illustrated in 
Figure 7. 

In these example networks, key node definitions 

vary: in the Drug network, they represent drugs 
prone to triggering extensive interactions; in the 
Adjnoun network, they denote adjectives serving as 

structural, thematic, or emotional cores. Despite 
these differences, all networks are abstracted as un-

directed, unweighted topological networks with 
self-loops removed, ensuring consistent evaluation 

criteria. Basic statistics are presented in Table 1, 
where 𝑁  and 𝐸  denote the number of nodes and 

edges in the network, respectively; ⟨𝑘⟩ represents 

the average degree; 𝐿 represents the average path 
length; 𝐶  indicates the average clustering coeffi-

cient; and 𝑟 signifies the assortativity coefficient. 
The selected networks exhibit significant variations 
in foundational statistical characteristics, confirming 

their representativeness of diverse real-world struc-

tures. For instance, the Paris network has the lowest 
average degree (2.9382) and clustering coefficient 
(0.0472), indicating a sparse structure with low node 
aggregation, whereas the Friendship-3 network has 

the highest average degree (11.1033), reflecting 

denser connectivity, and the Adjnoun network has 
the highest clustering coefficient (0.1903), indicat-
ing stronger node clustering tendencies. 

.2. Connectivity Validation Analysis 
In node importance evaluation, connectivity valida-

tion analysis serves as a core method for validating 
the effectiveness of node ranking results(Y. Huang, 

Wang, Ren, & Lü, 2024). Connectivity validation 

analysis involves progressively removing nodes 

from the network based on their importance rank-
ings provided by different metrics, while simultane-

ously monitoring changes in the size of the network's 
giant connected component (GCC). These changes 

are used to assess the network's ability to maintain 
connectivity. Additionally, to more comprehen-
sively compare the performance differences among 
various methods during the removal of critical 

nodes, this paper introduces the 𝑅 -value as a test pa-
rameter for network robustness. The formula for cal-

culating the 𝑅 -value is as follows: 
 

𝑅 =
1

𝑁
∑ 𝑔(𝑛)𝑁

𝑛=1   (6) 

 

Where, 𝑔(𝑛) is the relative size of the largest con-
nected component after the removal of 𝑛 nodes and 

𝑁 is the initial number of nodes. The normalization 

factor 
1

𝑁
 eliminates the influence of network size, so 

that the resulting 𝑅 values can be compared directly 
across networks of different sizes and across differ-

ent attack strategies. A smaller 𝑅  -value indicates 
that when the same proportion of nodes are removed, 

the network's connectivity declines more rapidly, 
meaning that the corresponding method is more ef-
fective in identifying nodes that play a crucial sup-

porting role in the network. 
Figure 8 presents four real-world networks ranked 
by seven metrics—DC, BC, CC, K-core, CR, Ran-

dom, and the proposed CPHD—with GCC changes 
during node removal compared in Figure 8. For the 

random attack, the simulation is repeated 10 times at 
each removal fraction with independent random 
node selections, and the reported curve is the mean 

of the GCC size over the 10 repetitions. The CPHD-

based ranking yields the fastest GCC decline, reduc-
ing the giant connected component to below 10% of 
its original size before 50% of nodes are removed, 
indicating that CPHD-identified nodes exert the 

most significant destructive effect on network con-
nectivity. 

 
Table 1. Four basic topological characteristics of real networks  

Network name 𝑁 𝐸 ⟨𝑘⟩ 𝐿 𝐶  𝑟 

Drug 75 181 4.7271 2.8131 0.1571 -0.3146 

Adjnoun 112 425 7.4746 2.5354 0.1903 -0.1293 

Friendship-3 192 1181 11.1033 2.4440 0.1574 -0.0842 

Paris 335 494 2.9382 11.3237 0.0472 0.0107 
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Fig. 7. Diagram of network topological structure 

 

In contrast, the important nodes identified by tradi-
tional centrality metrics (DC, BC, CC, K-core) and 
the cycle-ratio metric (CR) tend to exhibit a rela-

tively weaker destructive effect on overall network 
connectivity. Specifically, when 50% of the nodes 

are sequentially removed based on these metrics, the 
giant connected component generally retains a size 

of 30%–50%. Notably, CR consistently outperforms 
CC and K-core across all four networks, confirming 
the value of incorporating cycle structure infor-

mation; however, it remains less effective than 

CPHD, suggesting that raw cycle counts capture 
only partial high-order topological information. 
Moreover, in the Paris network, which possesses the 
lowest node clustering degree as illustrated in Figure 

8(d), this phenomenon becomes particularly pro-
nounced: certain nodes ranked as important by the 
CC and K-core metrics are even less critical than 

randomly selected nodes, whereas both CR and 
CPHD maintain consistent effectiveness, further 

highlighting the limitations of conventional ap-
proaches in capturing structurally vulnerable nodes 

within sparsely clustered topologies. 
This is attributable to the fact that traditional central-
ity metrics typically place emphasis on the local con-

nection characteristics or positional attributes of 

nodes, while overlooking the role of nodes in main-
taining connectivity between different regions. Alt-
hough CR incorporates cycle structure information, 
it treats all cycles equally regardless of their multi-
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scale stability, thereby missing the nuanced topolog-

ical persistence that distinguishes critical from non-
critical cycles. In contrast, the CPHD metric inte-

grates local connection information with persistent 
homology-based high-order structural features, ena-

bling it to more precisely identify nodes that play a 
pivotal supporting role in the overall connectivity of 
the network. Table 2 presents the R-values of the 
four real-world networks under the seven different 

metrics. It can be observed that the R-value of 
CPHD is only marginally higher than that of DC in 
the Drug network (0.1697 vs. 0.1670), and it is the 
lowest among the remaining metrics across the other 

three networks. The CR metric exhibits a consistent 

middle-tier performance, ranking fourth among the 
seven metrics in all four networks. While CR out-

performs CC and K-core universally—demonstrat-
ing the incremental value of cycle structure infor-

mation—its R-values remain higher than those of 
CPHD across all networks, quantitatively confirm-
ing that persistent homology values provide more 
discriminative high-order topological features than 

raw cycle counts. This further underscores the effec-
tiveness and applicability of identifying important 
nodes based on the CPHD metric.

 

  

  
Fig. 8. Changes in giant connected components of seven node importance metrics for four real network node 

removals 

 
Table 2. The Robustness of four real-world networks under seven metrics 

Networks Random DC BC CC K-core CR CPHD 

Drug 0.4309 0.1670 0.1769 0.2355 0.2467 0.1796 0.1697 

Adjnoun 0.4489 0.2926 0.2864 0.3230 0.3408 0.3080 0.2851 

Friendship-3 0.4811 0.3499 0.3390 0.3952 0.3970 0.3831 0.3325 

Paris 0.2770 0.1760 0.1610 0.3905 0.3465 0.2175 0.1568 
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4.2. Propagation Validation Analysis 

To further verify CPHD's effectiveness in evaluating 
propagation influence, the SIR model simulates in-

formation dissemination, while Kendall's Tau coef-
ficient quantifies the consistency between CPHD 

rankings and those from traditional centrality met-
rics. 
 
4.2.1. SIR model 

The Susceptible-Infected-Recovered (SIR) 
model(Changfeng Zhu, Jia, Wang, Fang, & Cheng, 
2025), a classic epidemic propagation model, is 
widely used to evaluate node importance in infor-

mation dissemination. Nodes are categorised into 

three states: Susceptible (S), Infected (I), and Recov-
ered (R). Initially, only a small number of seed 
nodes are infected (I), with all others susceptible (S). 

Infected nodes can infect their neighboring nodes 
with an infection probability of 𝛽 , causing these 

neighbors to transition to the infected state. Subse-

quently, infected nodes change to the recovered state 

(R) with a recovery probability of 𝛾. Once a node 
enters the recovered state, it can no longer be in-
fected. The simulation process continues until no 

new infected nodes emerge in the network. At this 
point, the number of recovered nodes reflects the in-

fluence scope of the seed nodes across the network. 
 
4.2.2. Kendall correlation coefficient 

In propagation validation, the SIR model calculates 

the number of ultimately recovered nodes when each 
node serves as the initial infection source, measuring 
propagation influence. Kendall's Tau coefficients 
are then computed between the CPHD rankings, CR 

rankings, traditional centrality rankings, and SIR-

based propagation influence rankings, thereby com-
prehensively evaluating the consistency and dis-
criminative power of each centrality measure in cap-

turing node propagation significance. 
Kendall's rank correlation coefficient is a non-para-

metric statistic measuring monotonic correlation be-
tween two variables, ranging over [-1, 1]. Higher 

values indicate greater ranking consistency, where 1 
implies complete consistency, -1 complete opposi-
tion, and 0 no correlation. Consider two sequences, 

𝑋 and 𝑌, related to all 𝑁 nodes in a network, where 
𝑋 = (𝑥1, 𝑥2,⋅⋅⋅, 𝑥𝑁)  and 𝑌 = (𝑦1 , 𝑦2,⋅⋅⋅, 𝑦𝑁) , along 

with 𝑁 ordered pairs (𝑥1, 𝑦1 ), (𝑥2,𝑦2),⋅⋅⋅, (𝑥𝑁,𝑦𝑁) 
generated by these nodes. For any two node pairs 
(𝑥𝑖 ,𝑦𝑖) and (𝑥𝑗, 𝑦𝑗), if either 𝑥𝑖 > 𝑥𝑗 and 𝑦𝑖 > 𝑦𝑗 or  

𝑥𝑖 < 𝑥𝑗 and 𝑦𝑖 < 𝑦𝑗, they are considered concordant. 

Otherwise, they are regarded as discordant. The cal-
culation method for Kendall's rank correlation coef-

ficient 𝜏 is as follows: 
 

𝜏 =
(𝑛𝑐−𝑛𝑑)

√(𝑁(𝑁−1)/2)×(𝑡𝑋+𝑡𝑌)
  (7) 

 

Where, 𝑛𝑐 and 𝑛𝑑 represent the number of concord-

ant pairs and discordant pairs, respectively. 𝑡𝑋 is the 
number of node pairs where 𝑥𝑖 = 𝑥𝑗 and 𝑦𝑖 ≠ 𝑦𝑗; 𝑡𝑌 

is the number of node pairs where 𝑥𝑖 ≠ 𝑥𝑗 and 𝑦𝑖 =

𝑦𝑗. Additionally, if both 𝑥𝑖 = 𝑥𝑗 and 𝑦𝑖 ≠ 𝑦𝑗 or both 

𝑥𝑖 ≠ 𝑥𝑗  and 𝑦𝑖 = 𝑦𝑗 , then this node pair is not 

counted in either 𝑛𝑐 or 𝑛𝑑. 
 
4.2.3. Analysis of validation results 

The four traditional metrics, DC, BC, CC, and K-

core, along with the CPHD and CR, were applied to-

gether with the SIR model to the Drug, Adjnoun, 
Friendship-3, and Paris networks. Kendall's Tau cor-
relation coefficients were calculated for these met-

rics under different infection probabilities𝛽.  
To enable the epidemic to spread rapidly across the 

network, the infection probability must surpass the 

epidemic propagation threshold 𝛽𝑡ℎ. In the experi-
mental parameter settings, the recovery probability 

𝛾 is set to 0.01. The formula for calculating the epi-

demic propagation threshold 𝛽𝑡ℎis given by: 𝛽𝑡ℎ =
⟨𝑘⟩

(⟨𝑘2⟩−⟨𝑘⟩)
, where ⟨𝑘⟩ and ⟨𝑘2⟩ represent the first-or-

der moment and the second-order moment of the av-
erage degree, respectively.  

We further analyze the relationship between the in-

fection probability 𝛽 and the correlation coefficients 

by expressing 𝛽 and the relative infection intensity 

in multiples of the transmission threshold 𝛽𝑡ℎ. Spe-
cifically, 𝛽 varies from 0.1𝛽𝑡ℎ to 1.5𝛽𝑡ℎwith a step 

size of 0.1𝛽𝑡ℎ. For each infection probability 𝛽, the 
full node ranking procedure is independently re-

peated 10 times. Within each repetition, every node 
is evaluated across 20 independent SIR propagation 

simulations, and the final Kendall's 𝜏 coefficient is 
reported as the arithmetic mean of the 10 repetitions. 
The shaded region surrounding the CPHD curve cor-

responds to ±1 sample standard deviation of the 10 
repeated measurements, which quantifies the fluctu-

ation level of ranking consistency. All experiments 
are executed with a fixed random seed to guarantee 
full reproducibility of all simulation results.The 
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Kendall's Tau correlation coefficients under differ-

ent infection probabilities are shown in Figure 9. 
Across the four real-world networks, CPHD 

achieves relatively high 𝜏 values over most infec-
tion-probability intervals, especially near the epi-

demic threshold (𝛽𝑡ℎ), where it exhibits the strongest 
agreement with SIR-based influence rankings. DC 
performs comparably on the smaller networks (Drug 
and Adjnoun) but degrades more sharply on larger 

networks as 𝛽  increases. BC shows peak con-
sistency only in a narrow low-𝛽  region on Paris, 
failing to maintain robustness across the full range. 

CR yields the weakest overall correlation: on 
Friendship-3 it remains substantially below all other 

metrics, and on the other networks it also trails 
CPHD by a large margin. The consistently narrow 

standard-deviation band around CPHD further con-

firms that its advantage is stable rather than an arti-
fact of a single run. These results indicate that rely-

ing solely on local cycle counts fails to capture the 
nuanced topological richness provided by higher-or-

der persistent-homology features, underscoring the 
superiority of the CPHD approach in identifying in-
fluential spreader. 
Table 3 presents the average Kendall's Tau coeffi-

cients of the four studied networks under different 
infection probabilities. Overall, CPHD achieves the 
optimal comprehensive performance among all 
compared metrics: it obtains the highest correlation 

coefficient under the vast majority of 𝛽 conditions, 

and maintains a distinct performance advantage 
across most of the infection probability range. 

 
 

 
Fig. 9. Changes of 𝜏 values of six algorithms under different infection probabilities 
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Table 3. Average 𝜏 of four networks under different 𝛽 
𝛽 DC BC CC K-core CR CPHD 

0.1𝛽𝑡ℎ 0.5087 0.4567 0.4977 0.4539 0.3944 0.5266 

0.2𝛽𝑡ℎ 0.5279 0.4896 0.5790 0.4805 0.4111 0.5530 

0.3𝛽𝑡ℎ 0.5520 0.5037 0.5978 0.5054 0.4334 0.5791 

0.4𝛽𝑡ℎ 0.5593 0.5051 0.5785 0.5132 0.4379 0.5868 

0.5𝛽𝑡ℎ 0.5710 0.5129 0.5661 0.5218 0.4514 0.5964 

0.6𝛽𝑡ℎ 0.5696 0.5011 0.5477 0.5243 0.4499 0.5955 

0.7𝛽𝑡ℎ 0.5614 0.4996 0.5315 0.5160 0.4439 0.5832 

0.8𝛽𝑡ℎ 0.5485 0.4884 0.5163 0.5066 0.4389 0.5688 

0.9𝛽𝑡ℎ 0.5499 0.4921 0.5219 0.5119 0.4422 0.5705 

1.0𝛽𝑡ℎ 0.5426 0.4838 0.5055 0.5095 0.4362 0.5625 

1.1𝛽𝑡ℎ 0.5363 0.4730 0.4871 0.5007 0.4335 0.5521 

1.2𝛽𝑡ℎ 0.5266 0.4657 0.4788 0.4949 0.4168 0.5407 

1.3𝛽𝑡ℎ 0.5173 0.4595 0.4721 0.4876 0.4261 0.5300 

1.4𝛽𝑡ℎ 0.5056 0.4541 0.4527 0.4799 0.4129 0.5147 

1.5𝛽𝑡ℎ 0.4828 0.4319 0.4409 0.4552 0.3981 0.4946 

 

It is worth noting that CPHD does not achieve com-
plete dominance in every single scenario: near the 

two thresholds of 𝛽 = 0.2𝛽𝑡ℎ  and 𝛽 = 0.3𝛽𝑡ℎ , the 
correlation coefficient of betweenness centrality 
(CC) is slightly higher than that of CPHD. Even so, 
CPHD remains the metric with the best stability per-
formance across the full range of infection probabil-

ities, and it demonstrates both overall accuracy and 
robustness when characterizing the propagation in-
fluence of nodes. 
 

4. Case Study  

a. Data Sources and Network Model Construc-

tion 

To validate the proposed method in complex multi-

modal transport scenarios, this paper uses the Belt 
and Road sea–rail intermodal transport network for 
empirical analysis. Encompassing both railway and 

container maritime systems, this network features 

extensive cross-regional coverage, tightly coupled 
modes, and a complex hierarchical structure, effec-
tively reflecting the organisational and operational 
characteristics of real-world multimodal transport 

networks. 
This paper employs an L-space model, integrating 
multi-layer complex network theory, to construct a 
dual-layer complex network model. In this model, 

cities with ports or railway stations serve as nodes, 

while the transportation routes between these ports 
or stations act as edges. The network is abstracted as 
a heterogeneous coupled network triplet, denoted as 

𝐺 =< 𝑉, 𝐸, 𝑆 > . Where, 𝑉  represents the set of 

nodes, encompassing railway transport stations (𝑉𝑟) 

and maritime ports (𝑉𝑚); 𝐸 denotes the set of edges, 

comprising railway transport route edges (𝐸𝑟), mar-

itime cargo transport route edges (𝐸𝑚), and inter-

layer edges (𝐸𝑡) connecting the two systems; and 𝑆 
signifies the set of network layers, including the rail-

way layer (𝑆𝑟) and the maritime layer (𝑆𝑚). This 
modelling approach preserves the topological char-

acteristics of the subsystems while abstracting the 
cross-network inter-layer connections as system 
coupling relationships, thereby capturing the hetero-

geneous interactions within the multimodal 
transport network. 
The railway transportation sub-network is con-

structed based on the China-Europe Railway Ex-

press route data published by the China-Europe 
Railway Express official website, the China Railway 
95306 website, and relevant transportation plat-
forms, and it contains a total of 84 station nodes and 

125 connecting edges (Available at: 
https://ec.95306.cn/ and https://www.crex-
press.cn/zoblmenu/trainLine. Accessed: 15 October 
2025 ). The maritime transport sub-network is con-

structed based on the shipping route data of the top 

10 global container liner companies by capacity, as 
reported by Alphaliner in 2025 (Available at: 
https://alphaliner.axsmarine.com/PublicTop100/. 

Accessed: 8 September 2025). Specifically, route in-
formation from these 10 carriers is collected and 

compiled to derive a total of 83 shipping routes, 
yielding 117 port nodes and 316 connecting edges. 

Considering the actual interconnections between the 
railway and maritime transport networks, city nodes 
that serve as both railway stations and maritime 
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ports are subjected to city mapping coupling. Ac-

cording to statistics, seven cities appear in both types 
of transport systems and act as inter-layer coupling 

nodes, linking the railway sub-network with the 
maritime sub-network. Ultimately, the Belt and 

Road sea-rail intermodal transport network model is 
constructed, comprising a total of 201 nodes and 448 
connecting edges. An illustration of its overall topo-
logical structure is shown in Figure 10. 

In this case study, both sub-networks are abstracted 
as undirected and unweighted topological networks: 
an edge denotes the existence of a transport service 
between two nodes, while service frequency, capac-

ity, cargo volume, and travel time are not encoded. 

This modelling choice is justified by the operational 
nature of both subsystems. China–Europe freight 
train services operate on fixed infrastructure with es-

sentially bidirectional routes, while Belt and Road 

liner services are predominantly pendulum-type, 

also traversing the same routes in both directions. 
Under these conditions, an undirected graph accu-

rately captures the route availability that CPHD 
analyses. The unweighted representation is primar-

ily driven by data constraints: comprehensive and 
comparable operational data, such as service fre-
quencies, capacities, and cargo flows, across all Belt 
and Road nodes are not publicly available and vary 

rapidly, so weighting from partial or heterogeneous 
sources would introduce substantial uncertainty. 
Moreover, evaluating CPHD and all benchmark 
metrics on the same unweighted skeleton ensures 

that performance differences reflect the metrics 

themselves rather than heterogeneous edge attrib-
utes, consistent with the comparative experiments in 
Section 4. 

 

 
Fig. 10. Topological structure of the Belt and Road sea-rail intermodal network 
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Nevertheless, this abstraction introduces limitations 

that must be considered when interpreting the results. 
First, directional cargo flows are not captured: Asia–

Europe trade is markedly imbalanced, with service 
frequencies and transit permissions varying by di-

rection. A cycle in the undirected graph represents a 
structurally available detour rather than a guaranteed 
scheduled route, meaning the cycle-based persis-
tence features provide an upper bound on structural 

redundancy rather than a catalogue of feasible re-
routing options. Second, all links are treated equiva-
lently: a high-frequency trunk service and a low-fre-
quency feeder service contribute identically to the 

topology, and the filtration relies on hop-count dis-

tance rather than generalised transport cost. Conse-
quently, the resulting importance rankings reflect 
structural (topological) criticality rather than flow-

based or cost-based operational criticality. 
 

b. Analysis of Topological Characteristics of 

the Sea-Rail Intermodal Transport Network 

Firstly, an analysis is conducted on the overall topo-
logical characteristics of the Belt and Road sea-rail 
intermodal transport network. The statistical results 

reveal that the network has an average node degree 

of 4.3583, indicating a moderate level of overall 
connectivity. After fitting a function to the node de-
gree distribution, a power-law model is obtained: 

𝑦 = 197.1 − 153.6 × 0. 8𝑥 . The distribution exhib-

its truncated power-law characteristics, as illustrated 
in Figure 11, suggesting a significant non-uni-
formity in the connection relationships among nodes. 

Specifically, a small number of nodes bear a large 
number of connections, while the majority of nodes 
have relatively low degrees of connectivity. This 

structural feature indicates that the aforementioned 

Belt and Road sea-rail intermodal transport network 
exhibits characteristics consistent with a scale-free 
degree distribution, with its overall connectivity 
heavily reliant on nodes with high degrees of con-

nectivity. The failure of key nodes may thus have a 
substantial impact on network performance. 

The average network distance𝐿, refers to the mean 
value of the sum of distances between all pairs of 
nodes, reflecting the degree of separation among 

nodes. The distribution of distances between nodes 

in the Belt and Road sea-rail intermodal transport 
network is shown in Figure 12. It can be observed 
that the shortest path distances between node pairs 
in this network exhibit characteristics approximating 

a normal distribution. Statistical results indicate that 

node pairs with a shortest path length of 4 account 
for 33.6%, and approximately 93.2% of node pairs 

have a shortest path length of no more than 6, 
demonstrating good overall accessibility within the 

network. Further calculations reveal that the average 
path length of the network is 3.7148, implying that, 
on average, container cargo needs to traverse ap-
proximately four connecting edges, corresponding 

to about three transfers, to travel from the starting 
node to the destination node within the network, in-
dicating relatively high overall transport efficiency. 
Specifically, the average path length of the railway 

transport sub-network is 2.6952, while that of the 

maritime transport sub-network is 3.3427. This sug-
gests that, under the same scale conditions, the rail-
way transport network has structurally shorter 

transport paths, with cargo requiring an average of 
only about two transfers to complete point-to-point 

transport, highlighting the efficiency and conven-
ience of railway transport within the multimodal 

transport system. 
Random networks typically show a low clustering 
coefficient and short average path length, whereas 

small-world networks exhibit both high clustering 

and short path length. For comparison, an Erdős–Ré-
nyi random network𝐺(𝑛, 𝑝) of the same scale (𝑛 =
201, 𝑝 = 0.03 ) was constructed, where each node 

pair is connected independently with probability 𝑝 

and the edge probability is incrementally raised until 
the network is connected(Newman, 2002). The re-
sults are shown in Table 4. 
 

Table 4. Comparison of topological properties be-
tween the sea-rail multimodal transport 

network and random network 
Network 𝑁 𝐿 𝐶  

Sea-rail multimodal 

transport network 
201 3.7148 0.2735 

Random network 201 3.0872 0.0320 

 
Both networks have an average path length below 6, 

consistent with the 'six degrees of separation' theory, 
indicating good overall accessibility. However, the 
sea–rail intermodal network achieves a clustering 

coefficient of 0.2735, significantly higher than the 

random network. This combination of high cluster-
ing and short path length suggests the presence of 
small-world characteristics in the Belt and Road 
sea–rail intermodal transport network. 
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Fig. 11. Node degree distribution of the Belt and Road sea-rail multimodal transport network 

 
c. Resilience Analysis of the Belt and Road 

Sea-Rail Intermodal Transport Network 

Under Deliberate Attacks 

To evaluate the structural stability and functional re-
tention of the Belt and Road sea–rail intermodal net-
work under node failures, this paper simulates delib-
erate attacks (based on CPHD, the cycle-based met-

ric CR, DC, BC, CC, and K-core) and random at-

tacks. CR is included as an advanced cycle-based 
benchmark that ranks nodes according to their in-
volvement in network cycles, so that the value of 

higher-order loop information for structural resili-
ence assessment is explicitly tested in the compari-
son. Structural resilience is assessed from three per-

spectives: connectivity backbone preservation, 
structural fragmentation, and transport efficiency. 
This assessment employs four indicators, namely the 
proportion of the largest connected subgraph (GCC), 

the average size of non-main components, global 

network efficiency, and the number of connected 
components. The corresponding results are pre-
sented in Figure 13

 

 
Fig. 12. Distribution of shortest-path distances between node pair 
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Fig. 13. Variation of network parameters in the Belt and Road sea-rail multimodal transport network under 

different attack modes 

 
Results show that CPHD-based node removal in-
flicts the most severe damage on network connectiv-

ity. When approximately 13% of high-CPHD nodes 
are removed, the largest connected subgraph drops 

below 10% of its initial size (Figure 13a), and global 
network efficiency falls below 10% (Figure 13b). 

The number of connected components rises rapidly, 
peaking at 117 when 22% of nodes are removed, 
while the average size of non-main components re-
mains below 2 (Figures 13c–13d). These findings 

confirm that CPHD-identified nodes are critical for 
maintaining the connectivity backbone, suppressing 
fragmentation, and preserving transport effi-
ciency—their failure triggers rapid network degra-

dation. 
Notably, CR produces the strongest destructive im-
pact among the benchmarks and its curves closely 
track those of CPHD: under CR-based attacks the 

GCC and global efficiency likewise collapse to near-

zero levels by 𝑞 ≈ 0.2, and the number of connected 

components rises to a high early peak (approxi-
mately 110). This shows that incorporating cycle in-

formation substantially improves the identification 
of structural resilience-critical nodes relative to tra-

ditional centrality metrics, and it corroborates the ra-
tionale of building CPHD upon cycle structures. 

Nevertheless, CPHD retains a marginal but con-
sistent advantage over CR: the collapse thresholds 
of the GCC and global efficiency are reached at 
slightly smaller removal fractions, and the fragmen-

tation peak is higher and earlier (117 at 𝑞 ≈ 0.22 

versus about 110 at 𝑞 ≈ 0.25 − 0.3). The difference 
arises because CR only measures whether and how 
often nodes participate in cycles and treats all cycles 
equally, whereas CPHD further distinguishes cycles 

by their persistence (i.e., the scale and robustness of 
the loops) and integrates degree information, ena-
bling it to separate genuinely resilience-critical 
nodes from nodes that merely lie on many short, 

fragile cycles. 
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In contrast, traditional centrality metrics (DC, BC, 

CC, K-core) exert weaker destructive impacts, espe-
cially in early attack stages, as they focus on local 

connectivity or global position while overlooking 
nodes' roles in maintaining collaborative relation-

ships, path redundancy, and disruption suppression. 
Among them, K-core shows the slowest early deg-
radation, because the core-decomposition ordering 
is insensitive to the bridging nodes that hold the sea-

rail corridors together. By integrating higher-order 
topological persistence with node degree, CPHD 
more accurately identifies structural resilience-criti-
cal nodes, demonstrating clear advantages in disrup-

tion efficiency and robustness. 
 

d. Results of Key Node Identification and 

Strategies for Enhancing Network Resili-

ence 

Building on the network structural resilience analy-

sis, this paper further systematically reviews the key 
nodes identified through CPHD. By integrating the 

spatial distribution characteristics and transport or-
ganisation structure of the Belt and Road sea–rail in-
termodal transport network, it analyses the structural 

roles and mechanisms of different types of key 

nodes within the network, and on this basis discusses 
possible directions for  structural resilience enhance-
ment from a topological perspective. It should be 
emphasised that, as discussed in Section 5.1, these 

discussions are derived solely from the undirected 

and unweighted structural model and do not incor-
porate investment cost, operational feasibility, or in-
stitutional constraints; they are therefore intended as 

reference directions for planners and subsequent de-
tailed studies rather than directly applicable policy 

prescriptions. 

To compare the differences in node identification 

across various metrics within the multimodal 
transport network, Table 5 presents the top 10 nodes 

ranked by importance under the six metrics. Overall, 
the rankings generated by CPHD differ from those 

of the other metrics to varying degrees, with the larg-
est disparities observed for BC, CC, and K-core, in-
dicating that CPHD offers a distinct analytical per-
spective in assessing node importance compared to 

conventional metrics. Specifically, CPHD not only 
identifies core port nodes with strong radiating ca-
pabilities in the maritime network, such as Singa-
pore, Kaohsiung, Shanghai, and Hong Kong, but 

also ranks railway port nodes like Alataw, Erenhot, 

Horgos, and Manzhouli at the forefront. In contrast, 
metrics like CC and K-core tend to favour port nodes 
with larger connection scales or relatively central lo-

cations, while falling short in identifying railway 
hubs that facilitate sea-rail connections, cross-bor-

der transitions, and regional bridging functions. 
The cycle-based metric CR yields a top-10 list that 

largely coincides with that of CPHD: the two rank-
ings share eight nodes, including an identical top 
five (Singapore and the four railway border nodes). 

Because CR relies on cycle information alone, this 

agreement provides independent cross-validation, 
from a purely cycle-based perspective, that loop 
structures are the key higher-order information un-
derlying the identification of these corridor-bridging 

nodes. The remaining discrepancies concern mainly 
the hub ports. CR places Rotterdam and Ningbo in 
the top 10, whereas CPHD retains Shanghai and 
Hong Kong, reflecting the additional discrimination 

introduced by CPHD's persistence weighting of cy-
cles and its integration with degree information. 

 

Table 5. Top 10 nodes in node importance ranking under six metric 

Rank 
Metric 

CPHD DC BC CC K-core CR 

1 Singapore Singapore Singapore Singapore Qingdao Singapore 

2 Alataw Alataw Alataw Shanghai Shanghai Alataw 

3 Erlianhot Erlianhot Xiamen Qingdao Ningbo Erlianhot 

4 Khorgos Khorgos Hamburg Shekou Xiamen Khorgos 

5 Manzhouli Manzhouli Manzhouli Xiamen Yantian Manzhouli 

6 Kaohsiung Kaohsiung Khorgos Hamburg Singapore Rotterdam 

7 Shekou Shekou Erlianhot Kaohsiung Nansha Colombo 

8 Colombo Colombo Qingdao Yantian Colombo Kaohsiung 

9 Shanghai Shanghai Kaohsiung Hong Kong Hong Kong Shekou 

10 Hong Kong Ningbo Shanghai Ningbo Pusan Ningbo 
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For the Belt and Road sea-rail intermodal transport 

network, nodes such as Alataw, Erenhot, Horgos, 
and Manzhouli may not always rank highest under 

traditional centrality metrics, yet they serve as cru-
cial hubs connecting inland railway corridors with 

the international maritime system, playing a vital 
role in maintaining the continuity of sea-rail 
transport corridors and enabling cross-regional col-
laborative transport. The higher rankings assigned to 

these nodes by CPHD indicate that, by incorporating 
higher-order topological persistence features, the 
metric can more effectively identify key nodes in the 
multimodal transport network that simultaneously 

provide structural support and facilitate functional 

transitions. Meanwhile, port nodes like Singapore, 
Kaohsiung, and Shanghai remain highly ranked un-
der CPHD, indicating that the metric can account for 

both core maritime hubs and sea-rail nodes, thereby 
aligning more closely with the actual organisational 

characteristics of the multimodal transport network. 
Furthermore, Table 6 presents the top 30 nodes 

ranked by importance in the Belt and Road sea-rail 
intermodal transport network, as identified using the 
CPHD metric. It is evident that these high-value 

nodes exhibit significant characteristics in terms of 

both spatial distribution and node type: spatially, 
they are primarily concentrated along the main Asia-
Europe multimodal transport corridors and at key 
junctures between maritime and land transport; in 

terms of node type, they encompass railway border 
stations, core ports, and hub cities for sea-rail inter-
modal transport. This indicates that the key nodes 
identified by CPHD are not limited to highly con-

nected nodes within a single transport subsystem but 
rather focus on nodes that provide support for cross-

regional transport organisation and intermodal con-
nectivity. This structural interpretation is further 

supported by the agreement between CPHD and the 

cycle-based metric CR at the top of the ranking (Ta-
ble 5), which suggests that persistent cycle struc-

tures, rather than connection scale alone, underlie 
the importance of these nodes. 

The importance of these nodes does not solely stem 
from their connection scale or advantage in shortest 
paths but is more reflective of their structural roles 
in maintaining alternative routes, supporting local 

redundancy, and facilitating coordination among 
multiple transport subsystems. Consequently, within 
the topological model, the failure of such nodes 
would simultaneously weaken multiple critical 

transport corridors and local collaborative struc-

tures. Combining this with the resilience analysis re-
sults from Section 5.3, it can be observed that in the 
simulated attack scenarios, the removal of nodes 

with high CPHD values typically leads to the rapid 
collapse of the connectivity backbone in the early 

stages of network evolution, further indicating that 
this metric can effectively identify key nodes that 

uphold the overall structural stability of the multi-
modal transport network. To delineate the structural 
roles of key nodes across different spatial scales and 

transport subsystems, this paper further conducts a 

classified analysis of important nodes in the Belt and 
Road sea-rail intermodal transport network from two 
dimensions: spatial scale and transport subsystem 
type. Spatially, nodes are divided into those within 

China and those in the Asian/European regions; at 
the subsystem level, nodes are categorised into the 
maritime transport subsystem and the railway 
transport subsystem. Top 10 nodes ranked by im-

portance under each classification are presented in 
Table  7. 

 
Table 6. Top 30 nodes ranked by importance in the Belt and Road sea-rail multimodal transport network 

Rank Node CPHD Rank Node CPHD Rank Node CPHD 

1 Singapore 0.7155 11 Ningbo 0.2430 21 Piraeus 0.1610 

2 Alataw 0.5701 12 Hochiminh 0.2286 22 Nansha 0.1594 

3 Erlianhot 0.4831 13 Qingdao 0.2274 23 Klang 0.1439 

4 Khorgos 0.4455 14 Rotterdam 0.2258 24 Said 0.1268 

5 Manzhouli 0.4065 15 Pusan 0.2115 25 Felixstowe 0.1110 

6 Kaohsiung 0.3252 16 Yantian 0.2078 26 Le Havre 0.0959 

7 Shekou 0.3136 17 Xiamen 0.2071 27 Dalian 0.0948 

8 Colombo 0.2729 18 Suez 0.1924 28 Taipei 0.0932 

9 Shanghai 0.2575 19 Hamburg 0.1768 29 Dunkirk 0.0793 

10 Hong Kong 0.2455 20 Tanjung Pelepas 0.1751 30 Cai Mep 0.0792 
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Table 7. Top 10 nodes based on different classification 

Rank 
China Asia/Europe Maritime Subsystem Railway Subsystem 

Node CPHD Node CPHD Node CPHD Node CPHD 

1 Alataw 0.5701 Singapore 0.7155 Singapore 0.7155 Alataw 0.5701 

2 Erlianhot 0.4831 Colombo 0.2729 Kaohsiung 0.3252 Erlianhot 0.4831 

3 Khorgos 0.4455 Hochiminh 0.2286 Shekou 0.3136 Khorgos 0.4455 

4 Manzhouli 0.4065 Rotterdam 0.2258 Colombo 0.2729 Manzhouli 0.4065 

5 Kaohsiung 0.3252 Pusan 0.2115 Shanghai 0.2575 Shekou 0.3136 

6 Shekou 0.3136 Suez 0.1924 Hong Kong 0.2455 Shanghai 0.2575 

7 Shanghai 0.2575 Hamburg 0.1768 Ningbo 0.2430 Qingdao 0.2274 

8 Hong Kong 0.2455 Tanjung Pelepas 0.1751 Hochiminh 0.2286 Yantian 0.2078 

9 Ningbo 0.2430 Piraeus 0.1610 Qingdao 0.2274 Xiamen 0.2071 

10 Qingdao 0.2274 Klang 0.1439 Rotterdam 0.2258 Hamburg 0.1768 

The analysis reveals significant differences in the 

structural characteristics and risk propagation pat-
terns of key nodes across different regions and 
transport subsystems. Within China, key nodes are 
primarily concentrated at core border stations along 

the main corridors of China-Europe freight trains 
and at certain coastal hub ports. These nodes typi-
cally exhibit strong cross-system connectivity and 
path convergence capabilities, yet their local struc-

tures often suffer from insufficient alternative paths 

and low redundancy levels, relying heavily on spe-
cific critical corridors. For instance, in the simula-
tion, when all railway border nodes within China fail 

simultaneously, as an extreme stress-test scenario 
rather than a realistic prediction, the global network 
efficiency rapidly declines from 0.2697 to 0.1002. 

This indicates that such nodes possess pronounced 

bottleneck characteristics and that their loss would 
lead, within the model, to a rapid degradation in 
overall network performance. 
In contrast, key nodes in the Asian/European regions 

are more commonly represented by large compre-
hensive ports and inland hub cities. These nodes are 
typically located at terminal distribution or cross-re-
gional transit points within the Asia-Europe multi-

modal transport system, deriving their importance 

primarily from their path integration capabilities and 
sea-rail connectivity functions at a regional scale. 
Compared to border-type nodes in China, these 

nodes generally exhibit higher local redundancy lev-
els. However, due to their critical roles in cross-re-

gional transport organisation and long-distance link 
connections, their failure would, in the topological 

model, have a stronger cross-regional propagation 
effect, often manifesting as a systemic decline in 
transport organisation efficiency and a significant 

reduction in the reachability of cross-regional short-

est paths. 
From the perspective of transport subsystems, key 
nodes in the railway subsystem are primarily cross-
border border stations and mainline corridor nodes, 

displaying typical 'bottleneck-type' structural char-
acteristics. Their failure is more likely to result in 
transport corridor disruptions and rapid fragmenta-
tion of connected components under the simulated 

node-removal scenarios. Conversely, key nodes in 

the maritime transport subsystem are mostly highly 
connected ports and shipping hubs, exhibiting a 
combination of 'hub-type' and 'bridging-type' char-

acteristics. Their failure not only directly weakens 
network efficiency and alternative path levels in the 
topological model but may also amplify these effects 

across the entire network through sea-rail connectiv-

ity relationships. Overall, the importance of key 
nodes is not solely determined by connection scale 
or locational conditions but rather depends on their 
embedding within multi-scale path structures and 

cross-system collaborative relationships. 
Based on the aforementioned key node identification 
and classification results, differentiated implications 
for enhancing the resilience of the Belt and Road 

sea-rail intermodal transport network can be further 

discussed as follows. From a topological perspec-
tive, this study provides a structure-oriented prioriti-
zation framework that identifies the critical areas re-

quiring focused attention; the operational implemen-
tation of corresponding measures can be further ex-

plored in subsequent research with practical data. 
1. Railway border-station key nodes: enhancing 

structural corridor redundancy. Topological 
analysis reveals that alternative paths around 
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these nodes are insufficient and corridor de-

pendency is high. From a structural standpoint, 
planners may consider promoting multi-border-

station coordination and the development of al-
ternative corridors to reduce reliance on single 

passages, thereby mitigating the structural im-
pact of single-point failures on network con-
nectivity. 

2. Hub port key nodes: alleviating structural con-

centration and strengthening port collaboration. 
Structural analysis indicates that connectivity is 
markedly concentrated in a small number of 
hub ports. At the structural level, diversifying 

dependence on single ports or channels and en-

hancing functional complementarity among 
port clusters can effectively reduce the net-
work's exposure to localized disruptions. 

3. Cross-system coupling key nodes: prioritizing 
transshipment interfaces in subsequent plan-

ning. Urban nodes serving as rail-sea inter-
modal points structurally bridge the two sub-

systems, and their failure may simultaneously 
compromise both. Establishing cross-system 
operational monitoring and emergency re-

sponse mechanisms is conducive to containing 

cascading effects that are structurally possible; 
the quantification of actual propagation dynam-
ics can be further addressed in subsequent re-
search incorporating operational data. 

 
5. Conclusions 

This paper proposes a node importance metric, 
CPHD, which integrates persistent topological fea-

tures of cycle structures with node degree infor-
mation. By constructing a multi-scale filtration pro-

cess on the second-order neighbourhood, CPHD ex-
tracts persistent cycle-structure characteristics and 

combines them with node degree to comprehen-
sively characterise node importance, addressing the 
limitation of traditional centrality metrics in captur-

ing higher-order topological information. Empirical 

studies on multiple real-world networks and the Belt 
and Road sea-rail intermodal transport network 
demonstrate CPHD's superior performance in key 
node identification, primarily reflected in the fol-

lowing aspects: 
1. Connectivity disruption capability: CPHD ef-

fectively identifies structurally critical nodes. 
In connectivity validation experiments, the 

CPHD-based node removal strategy yielded the 

lowest robustness values across the Adjnoun, 

Friendship-3, and Paris networks, indicating 
that the nodes identified by CPHD occupy 

more pivotal positions within the network 
structure, whose failure would accelerate net-

work disintegration. 
2. Consistency with propagation impact: CPHD 

consistently achieved high Kendall's Tau coef-
ficients in the Adjnoun, Friendship-3, and Paris 

networks, with overall performance surpassing 
traditional metrics such as DC, BC, CC, and K-
core. This confirms that CPHD rankings ex-
hibit the strongest agreement with the propaga-

tion influence rankings derived from the SIR 

model. 
3. Application value to the Belt and Road sea-rail 

intermodal transport network: CPHD effec-

tively captures the nodes essential for cross-
system connectivity, path redundancy, and 

backbone integrity. Removing merely 13% of 
the identified key nodes reduced both the larg-

est connected component and global efficiency 
to below 10% of their initial levels. Further-
more, CPHD-based attacks induced the most 

severe structural degradation among all bench-

marks, including the cycle-based metric CR, 
demonstrating its effectiveness in revealing the 
structural vulnerability and critical weak points 
of the intermodal transport network within the 

topological framework. 
Based on these key node identification results, this 
paper further discusses differentiated, topology-in-
formed resilience-enhancement directions for rail-

way border-station, hub port, and cross-system cou-
pling nodes; these directions are derived from the 

structural analysis and should be validated against 
operational data and feasibility constraints before 

implementation. The proposed method offers a new 
structural perspective for key node identification in 
complex transport networks and can serve as a top-

ological reference for prioritising attention in critical 

infrastructure protection and emergency prepared-
ness in intermodal transport systems. 
This study is subject to certain limitations that war-
rant acknowledgement.. The analysis is based on an 

undirected and unweighted abstraction of the inter-
modal network, in which service direction, fre-
quency, capacity, and cargo flows are not repre-
sented; the identified node importance therefore re-

flects structural rather than operational criticality, 
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and the resilience-enhancement directions proposed 

above should be treated as topology-informed guid-
ance to be further validated with operational data 

and feasibility assessments. Future work will extend 

CPHD to directed and weighted representations in-

corporating service schedules and cargo-flow data, 
and will evaluate the identified key nodes against 

real disruption scenarios. 
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