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Abstract 
Identifying key nodes in urban public transportation networks is crucial for 
optimizing transportation flow and enhancing the resilience of transportation 
networks. Existing methods often suffer from shortcomings such as insuffi-
cient integration of global and local structural information and limited accu-
racy in ranking node importance. To address these issues, a multi-feature 
fusion model is proposed for identifying key nodes in urban public trans-
portation networks based on the Graph Sampling and Aggregation Network 
(GraphSAGE). First, multi-dimensional node features are constructed from 
three dimensions including the network topology, operations, and spatial dis-
tribution. Second, local neighborhood features are captured by the GraphSAGE 
network, and a global context extraction module is constructed, through which 
global context information for nodes is extracted via weighted pooling layers 
and iterative expansion. Furthermore, a multi-layer neural network is em-
ployed to predict node importance, a gravity model is used to fuse multiple 
centrality metrics to generate reference labels. Finally, a ranking loss function 
is adopted to train the network model. An empirical analysis is conducted on 
the Lanzhou transportation network. The results show that the proposed method 
achieves a Kendall’s τ  of 0.8568, representing a 0.86% improvement over the 
best baseline method, thereby validating its superiority in ranking accuracy. Vul-
nerability analysis further confirms the effectiveness of the proposed method 
in identifying key nodes. The results can provide an effective basis for decision-
makers to formulate risk-resilient contingency plans for urban public transpor-
tation networks. 
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1. Introduction 

In real life, many systems can be modeled as complex networks, such as transpor-
tation systems, power systems, and social networks [1]-[3]. In these networks, ac-
curately identifying key nodes is crucial for understanding network structure, op-
timizing network performance, and improving system resilience. Urban public 
transportation networks, the core infrastructure for city operations, become in-
creasingly complex with rapid urbanization and growing transportation demand, 
making key node identification especially essential for optimizing transportation 
flow and enhancing network resilience when resources are limited [4].  

Numerous methods have been proposed to identify key nodes, including degree 
centrality, betweenness centrality, k-shell decomposition, and eigenvector centrality 
[5]. Although these methods provide valuable insights into network structure, 
they all suffer from inherent limitations, and accurate identification is often diffi-
cult to achieve when relying solely on a single metric. The TOPSIS multi-attribute 
decision-making method [6] was used to integrate multiple centrality metrics and 
generate a comprehensive importance ranking. Moreover, the introduction of ma-
chine learning and deep learning techniques has further advanced key node iden-
tification. Sun et al. [7] proposed a model based on the fusion of a Transformer 
encoder and a CNN, which significantly improved the accuracy of node influence 
rankings by aggregating multi-hop neighborhood features. Xiong et al. [8] gener-
ated node representations via a graph convolutional autoencoder, effectively fus-
ing local and global structural information, and combined these representations 
with list ranking loss optimization to enhance node importance prediction accu-
racy. 

Complex network theory provides a framework for analyzing transportation 
networks [9]. He et al. [10] proposed an NK-shell method based on neighborhood 
k-shell values, which improves upon the traditional k-shell decomposition by in-
tegrating the k-shell values of first-order neighbors and the number of second-
order neighbors. This method has been validated in a bus-subway composite net-
work and outperforms existing methods in terms of ranking monotonicity and 
identification accuracy. Ye Qing [11] conducted a topological vulnerability assess-
ment of Beijing’s rail transit system; the results indicated that functional failures 
at hub stations could trigger network-wide cascading failures. Regarding the anal-
ysis of urban transportation network topologies, Chen Feng et al. [12] selected three 
types of indicators—node degree, node betweenness, and edge betweenness—to 
construct an evaluation system, and systematically assessed network reliability by 
analyzing changes in the shortest path length and the size of the largest connected 
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component following node failures. Zhang et al. [13] proposed a framework for 
identifying key stations that combines hierarchical computation with cross-layer 
fusion, constructing a multi-time-period multi-layer network model to capture pat-
tern heterogeneity and intraday structural dynamics. 

To overcome these limitations, recent studies have incorporated actual traffic 
demand and data-driven methods to further improve identification accuracy. Wang 
et al. [14] further proposed a calculation method based on transportation demand, 
using passenger flow distribution results driven by actual origin-destination (OD) 
matrices to replace purely topological weights, thereby achieving more precise 
identification of key nodes in multimodal networks. Lin et al. [15] established a 
public transit network model based on complex network theory, comprehensively 
considering travel resistance and path selection probability to determine network 
weights, and adopted the ant colony algorithm to solve the optimization problem 
with improved network efficiency as the objective function. Zhao et al. [16] pro-
posed a method for identifying key nodes in transportation networks based on a 
multi-channel graph convolutional network with gated attention. Through multi-
channel feature extraction and adaptive fusion, this method achieved performance 
superior to traditional centrality methods and graph neural network (GNN) base-
lines on multiple real-world datasets. Yin et al. [17] proposed an improved mutual 
information (IMI) method for identifying key nodes in urban rail transit net-
works, accounting for cross-dependencies between stations, and effectively iden-
tified key nodes with low degree but strong dependencies in the Chengdu Metro 
case study. 

Although there are already many methods for identifying key nodes, existing 
methods still face limitations. Traditional topology-based approaches rely on static 
network structures and struggle to integrate multi-source features such as opera-
tional and spatial characteristics, while deep learning methods tend to favor either 
a local or global perspective, lacking a unified framework. To address these issues, 
a key node identification model based on GraphSAGE and multi-feature fusion is 
proposed for urban public transportation network in this paper. Node features are 
constructed from three dimensions—topological features, operational character-
istics, and spatial distribution. The model captures both local and global structural 
information through the collaboration of GraphSAGE and a global context ex-
traction module, fuses multiple centrality metrics and generates node labels via a 
gravity model, and is optimized using a ranking loss function. Experiments on the 
Lanzhou transportation network demonstrate that the proposed method can ef-
fectively identify key nodes. 

2. Transportation Network Construction 

Urban composite public transportation networks consist of multiple modes such 
as buses, subways, light rail, and trams. In this paper, an urban public transporta-
tion network system composed of buses and subways is considered, and the Space-
L method is adopted to construct the urban public transportation network topol-
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ogy. Bus stops and subway stations are abstracted as nodes, and the links between 
adjacent stations on the same line are abstracted as edges, forming an unweighted 
and undirected network. All geographic coordinates are recorded in the WGS-84 
geographic coordinate system (EPSG: 4326). To ensure physically meaningful dis-
tance measurements, all station coordinates are projected onto the Universal 
Transverse Mercator (UTM) coordinate system, with each city assigned to its cor-
responding UTM zone, resulting in metric units (meters). As shown in Figure 1, 
the comprehensive urban public transportation system combining subways and 
buses is abstracted as a two-layer coupled network { }, ,SBG V E S= , where 

{ },S BS S S=  is the set of layers, with SS  denoting the subway layer and BS  de-
noting the bus layer. The node set is defined as S BV V V= ∪ , where SV  is the set 
of subway stations and BV  is the set of bus stops. The edge set is defined as 

L CE E E= ∪ , where L SS BBE E E= ∪  is the set of intra-layer edges, and CE  is 
the set of inter-layer coupling edges. 

 

 
Figure 1. Construction of the coupled subway-bus network. 

 
Within each layer, undirected edges are established based on the adjacent sta-

tion relationships determined by the lines. If multiple edges exist between two 
nodes, they are merged into a single edge. To establish inter-layer connections, 
the Euclidean distance between station coordinates in the UTM plane is adopted 
as a conservative approximation of walking distance, and a spatial coupling criterion 
is defined based on the service radius requirements of rail transit feeder connections 
specified in GB/T 51328-2018 Standard for Urban Comprehensive Transport System 
Planning [18]. Specifically, an inter-layer coupling edge is established between a bus 
stop b Bv V∈  and a subway station s Sv V∈  if their Euclidean distance is less than 
the 300-meter transfer threshold, that is, 

( ) ( ){ }, | , 300 m, ,C s b s b s S b BE v v d v v v V v V= < ∈ ∈ . Duplicate stops are eliminated at 
the source by directly using the stop uniqueness files provided by the China Public 
Transport Operation Network Dataset (CPTOND-2025) [19], in which each unique 
stop is assigned a distinct stop_id. Stops with similar geographic coordinates but 
different stop_id values are retained as separate nodes to avoid incorrect merging 
that could disrupt route topology and line affiliation information. If the con-
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structed network contains multiple connected components, only the largest con-
nected subgraph is retained for subsequent analysis. 

3. Methodology 
3.1. Node Multi-Feature Construction 

To comprehensively characterize the structural properties of nodes in urban pub-
lic transportation networks, multi-dimensional node features are constructed 
from three perspectives: network topology, operational characteristics, and spatial 
distribution. 

1) Network topology features 
K-core number, eccentricity, structural hole, and h-index are selected for cap-

turing the network topology features. The k-core number [20] indicates a node’s 
depth within the network backbone; eccentricity [21] measures its maximum dis-
tance to other nodes; structural hole [22] quantifies the potential to occupy an 
intermediary position; and the h-index [23], derived from degree distribution, 
supplements node influence assessment within its neighborhood. 

2) Operational features 
The operational features include the number of serving routes, route diversity, 

average operating duration, whether the station is a subway station, and whether 
the station is a transfer station. Route diversity is defined as the number of distinct 
routes serving a stop, counted by grouping the route_cn field in the CPTOND 
stops table by stop_id and removing duplicates, measured in counts. Average op-
erating duration is the mean operating duration across all routes serving a stop, 
computed from the start_time and end_time fields in the routes table (in HHMM 
format), with cross-day handling applied when end_time is earlier than start_time, 
measured in hours. Transfer station status is a binary indicator. Metro stations are 
marked as 1, and bus stops within 300 m of a metro station (i.e., having transfer 
edges) are marked as 1; otherwise 0. Transfer edges are identified by the 300 m Eu-
clidean distance threshold in the UTM plane. The number of serving routes and 
route diversity jointly reflect a station’s line connectivity; average operating dura-
tion indicates its service time span; and the binary indicators of subway or transfer 
station status provide modal attributes, facilitating the analysis of passenger ca-
pacity variations across modes and the structural significance of coupling nodes 
in the two-layer network. 

3) Spatial distribution features 
Spatial location, station coverage, nearest neighbor distance, average neighbor 

distance, and spatial dispersion of neighbors are considered for capturing the spa-
tial distribution features. These features are derived from station coordinates using 
UTM projection, yielding units in meters. Specifically, station coverage is computed 
as a weighted sum of the number of stops within 500 m, 1000 m, and 2000 m radii 
(weights: 0.5, 0.3, 0.2), normalized by the total number of nodes, yielding a dimen-
sionless value between 0 and 1. Spatial dispersion of neighbors is the mean pairwise 
distance among all neighboring stops, measured in kilometers; if the number of 
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neighbors is less than 2, this value is set to 0. 
The above features originate from three different data domains, with significant 

disparities in numerical scales and distribution characteristics. Therefore, in the 
preprocessing stage, Z-score standardization is performed separately for each city 
to eliminate the influence of dimensional differences on model training. For a 
node iv  its multi-dimensional feature vector is denoted as: 

 multi N
ix R∈    (1) 

where N  is the number of multi-dimensional features. The multi-dimensional 
feature matrix of all nodes in the transportation network is expressed as: 

 1 2, , ,multi multi multi multi n N
nX x x x R × = ∈   (2) 

where n  is the total number of nodes in the network. 
A learnable linear projection layer is applied to map the feature matrix multiX  

to the target embedding dimension space. Layer normalization is employed to im-
prove training efficiency, reduce sensitivity to initial weights, enhance generaliza-
tion, and mitigate overfitting. The specific computation is formulated as: 

 ( )LN multi
proj proj projX X W b= +  (3) 

where ( )LN   denotes the layer normalization function, N d
projW R ×∈  is the 

learnable weight matrix, d
projb R∈  is the bias term, and d  is the embedding di-

mension. The projected feature n d
projX R ×∈  serves as the input feature for subse-

quent modules. 

3.2. GraphSAGE-Based Feature Extraction 

Graph Sample and Aggregate (GraphSAGE) [24] is an inductive graph represen-
tation learning framework that updates node representations by aggregating fea-
tures from their neighbors, offering high computational efficiency and strong 
scalability. At layer l , for a node iv , a fixed-size neighborhood set ( )N i  of size 
S  is randomly sampled from its neighbor set ( )SN i , and the neighborhood fea-
tures are aggregated as, 

 ( ) ( )( ) ( )1AGGREGATE ,
i

l l
N j Sh h j N i−= ∀ ∈  (4) 

Then, the node’s own features are concatenated, 

 ( ) ( ) ( ) ( ) ( )( )1||
i

l l l l l
i N ih W h h bσ − = +   (5) 

where σ  denotes the ReLU activation function, and ( ) 2l d dW R ×∈  is the weight 
matrix of the l -th layer. The aggregator function ( )AGGREGATE   is imple-
mented as the mean aggregator in this paper, 

 ( )( ) ( )

( )
( )1 11AGGREGATE ,

S

l l
j j S

j N i
h h j N i

S
− −

∈

= ∀ ∈∑  (6) 

A three-layer GraphSAGE network is adopted to extract structural features of 
nodes, followed by layer normalization to improve training stability. The overall 
computation can be formulated as: 

https://doi.org/10.4236/jcc.2026.149005


M. X. Qu, H. F. Feng 
 

 

DOI: 10.4236/jcc.2026.149005 57 Journal of Computer and Communications 
 

 ( )( )( )( )( )GraphSAGE GraphSAGE GraphSAGESAGE projH Xσ σ σ=  
 

 (7) 

where σ  is the ReLU activation function, and n d
SAGEH R ×∈  is the output of 

the GraphSAGE branch. 
Through multi-layer neighbor aggregation, this pathway progressively dissem-

inates node features to farther neighborhoods, thereby effectively capturing the global 
structural information of nodes. 

3.3. Global Context Extraction 

To capture the global structural information of the entire transportation network 
and compensate for the information limitations that may arise from local aggre-
gation in GNNs, a global context extraction module is designed based on learnable 
scoring and weighted pooling. This module takes the output features of the 
GraphSAGE network n d

SAGEH R ×∈  as input, computes a contextual importance 
score for each node through a two-layer MLP with Tanh activation, and then ob-
tains weighting coefficients via Softmax normalization. Finally, a global context 
vector is derived through weighted pooling and expanded to each node, enabling 
all nodes to share the same global perspective. 

First, the fused node features are fed into a two-layer MLP with Tanh activation 
to compute an importance score 1ne R ×∈  for each node, 

 ( )( )1 1 1 1 2 2SAGEe H W b W bσ σ= + +  (8) 

where 1σ  denotes the Tanh activation function 2
1

d dW R ×∈  and 2 1
2

dW R ×∈  
are weight matrices, and 2

1
db R∈  and 2b R∈  are bias terms.  

Then, the score vector e  is normalized by Softmax to obtain the normalized 
weights 1nw R ×∈ , 
 ( )softmaxw e=  (9) 

Based on these weights, weighted pooling is applied to the node features to ob-
tain the global context vector dc R∈ , 

 ( )

1

n
i

i SAGE
i

c w h
=

= ⋅∑  (10) 

where ( )i d
SAGEh R∈  denotes the fused feature vector of the i -th node. 

Finally, the context vector is broadcast to all nodes by repeating it n  times, 
yielding the context matrix n dC R ×∈  as the output of this module. 

 1nC c= ⋅  (11) 

This module allows each node’s final representation to capture both local neigh-
borhood information and global graph context, thereby providing a more com-
prehensive characterization of node roles within the network and richer features 
for node importance prediction. 

3.4. Key Node Identification 

The features n d
SAGEH R ×∈  output by the GraphSAGE network module and the 
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features n dC R ×∈  output by the global context extraction module are concate-
nated along the feature dimension to obtain the final feature matrix, 

 [ ] 2|| n d
final SAGEH H C R ×= ∈  (12) 

Subsequently, finalH  is fed into a two-layer MLP to obtain the prediction score 
ˆ ny R∈ , 

 ( )( )2ˆ MLP finaly Hσ=  (13) 

where 2σ  denotes the Sigmoid activation function, ( )MLP   denotes a fully 
connected network. A higher score ŷ  indicates a more important node within 
the network. 

3.5. Node Label Generation 

To generate ranking labels for node importance, a two‑ stage label generation 
method is adopted that integrates centrality metrics and the gravity model. This 
method first computes node importance by fusing multiple centrality metrics, and 
then characterizes the influence of nodes on their surrounding nodes via the grav-
ity model. The final result serves as the importance label for nodes. The specific 
steps are as follows. 

1) Multi-dimensional Centrality Fusion 
To characterize node importance, five classic centrality metrics are selected, 

Degree Centrality (DC), Eigenvector Centrality (EC), PageRank (PR), Closeness 
Centrality (CC) [6], and NK-shell [10]. Among them, NK-shell extends the tradi-
tional k-shell by incorporating first-order and second-order neighbor infor-
mation, more comprehensively reflecting a node’s core hierarchy and local influ-
ence. To eliminate scale differences among these metrics, Min-Max normalization 
is applied to the above five metrics, and they are fused with equal weights to obtain 
the node mass for each node. 

2) Gravity-based Importance Calculation 
Node mass reflects the importance of individual nodes; however, to account for 

the mutual influence between nodes, the gravity model is further introduced [25], 
[26]. By treating nodes as mass points, the model evaluates the comprehensive 
influence of nodes within the network through simulating gravitational interac-
tions between them. 

The shortest path distance is adopted as the distance metric between nodes. The 
shortest path distances between all node pairs are computed to obtain the distance  
matrix ij n n

D d
×

 =   , where ijd  denotes the shortest path distance between  

nodes iv  and jv . To reduce computational complexity and focus on local influ-
ence, the gravity radius is set to 3R = , and only node pairs with ijd R≤  are re-
tained. The gravity importance iS  of node iv  is defined as, 

 2
: ,ij

i j
i

j d R j i ij

M M
S

d≤ ≠

⋅
= ∑  (14) 

where iM  and jM  denote the node masses of iv  and jv , respectively. The 
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gravity importance vector of all nodes is given by, 

 ( )T
1 2, , , n

nS S S S R= ∈  (15) 

3) Label Generation 
Min-Max normalization is applied to the gravity importance scores iS  to ob-

tain the final labels, 

 ( )
( ) ( )

min
max min

S S
y

S S ε
−

=
− +

 (16) 

where ε  is a tiny constant to prevent division by zero. The i -th component 
[ ]0,1iy ∈  represents the importance label of node iv . 

3.6. Training Optimization 

The loss function is denoted as Loss . In this paper, a pairwise ranking loss is 
adopted to enable the model to learn the relative importance ranking among nodes. 
This loss is consistent with the hinge loss formulation in Ranking SVM [27]. As 
node pairs are randomly sampled, the loss function is defined as, 

 ( )( )( )
( ),

1 ˆ ˆmax 0, sign i j i j
i j P

Loss y y y y
P

δ
∈

= − − −∑  (17) 

where P  is the set of randomly sampled node pairs, iy  and jy  denote the 
ground-truth importance scores of nodes i  and j , ˆiy  and ˆ jy  denote the 
predicted scores of nodes i  and j , 0δ >  is a margin hyperparameter, and 

( )sign ⋅  denotes the sign function. This loss function, by minimizing Loss , en-
ables the model to accurately fit node importance while preserving the correctness 
of relative order between nodes, thereby improving the model’s performance in 
ranking tasks. 

3.7. Framework of the Proposed Model  

The proposed model for identifying key nodes in urban public transportation net-
works is shown in Figure 2. The model comprises six core modules: transporta-
tion network construction, node multi-feature construction, GraphSAGE-based 
feature extraction, global context extraction, key node identification, and node la-
bel generation. First, features from multi-source data are constructed based on 
three dimensions: topological structure, operational status, and spatial distribu-
tion. Next, a GraphSAGE network is developed to capture local neighborhood 
features of the network. Furthermore, a global context extraction module is de-
signed to extract global contextual information of nodes through weighted pool-
ing and repeated expansion, and a multi-layer neural network is employed to pre-
dict node importance. Meanwhile, a gravity model is used to fuse multiple cen-
trality metrics to generate reference labels, and a ranking loss function is adopted 
to train the network model. Finally, the trained network is applied to identify key 
nodes in the urban public transportation network. 
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Figure 2. Framework of the proposed model. 

4. Experiment Set 
4.1. Datasets 

The public transportation network data used in this paper is sourced from the 
China Public Transport Operation Network Dataset (CPTOND‑ 2025) [19]. This 
dataset covers the subway networks of 351 cities in China and includes extensive 
information such as routes, stations, and operational attributes. To date, it is the 
first comprehensive nationwide public transportation dataset in China, covering 
351 cities, some of which have both bus and subway networks, while others have 
only bus networks. 

A total of 9 cities were selected to construct the experimental dataset. The train-
ing set comprised 7 cities (Xining, Yinchuan, Urumqi, Hohhot, Taiyuan, Beijing, 
and Chengdu). Wuhan was the validation set, and Lanzhou was the test set. This 
ensures that the training and test data are geographically independent, thereby 
effectively evaluating the model’s generalization ability. In terms of network scale, 
taking Lanzhou as an example, the final network contains 1143 nodes (1116 bus 
stops and 27 metro stations) and 1884 edges (1794 bus edges, 27 metro edges, and 
63 transfer edges), with an exclusion ratio of 2.47%.  
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4.2. Evaluation Metrics 

1) Kendall’s τ Correlation Coefficient 
Kendall’s τ correlation coefficient [28] is a statistical measure of ordinal associ-

ation between two ranked lists, defined as,  

 
( )1 1

2

c d

n n
τ −
=

−
 (18) 

where n  denotes the number of nodes, c  represents the number of concordant 
pairs, and d  represents the number of discordant pairs. 

In this study, the reported Kendall’s τ measures the ordinal agreement between 
the predicted node rankings and the gravity-centrality surrogate labels, rather 
than an independent observation of real-world node importance. In the absence 
of ground-truth importance labels for urban public transportation networks, these 
surrogate labels—generated by fusing multiple centrality measures with a gravity 
model—serve as a reasonable proxy for node importance, providing a quantitative 
basis for comparing different ranking methods. 

2) Largest Connected Component Ratio 
The Largest Connected Component (LCC) [29] ratio is a metric for evaluating 

network vulnerability. This metric assesses the effectiveness of node importance 
ranking methods by measuring the change in the size of the largest connected com-
ponent after the network undergoes attacks. The LCC ratio is defined as, 

 ( )LCC after

initial

C
C

ρ =  (19) 

where initialC  is the number of nodes in the largest connected component of the 
original network, and afterC  is the number of nodes in the largest connected 
component after removing a fraction ρ  of nodes. ( ) [ ]LCC 0,1ρ ∈ . This paper 
adopts the LCC metric to validate the Vulnerability of the key node rankings iden-
tified by the model. A faster decline in the LCC value indicates that the nodes 
identified by the model are more destructive to the network structure. 

4.3. Baseline Models 

To evaluate the effectiveness of the proposed model, Betweenness Centrality, 
Clustering Coefficient, TOPSIS, GCN, FGM, GCNGM, and SOLG are selected as 
baseline models. 

Betweenness Centrality [6]. Betweenness centrality is a global centrality metric 
based on shortest paths, which quantifies the frequency with which a node appears 
on the shortest paths between other nodes, thereby measuring the node’s bridging 
role in the network. 

Clustering Coefficient [6]. The clustering coefficient measures the degree to 
which the neighbors of a node are also neighbors of each other, reflecting the local 
clustering and information transfer efficiency of the network. 

TOPSIS [6]. TOPSIS is a multi-attribute decision-making method that ranks 
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alternatives by calculating their relative closeness to the positive and negative ideal 
solutions. In node importance evaluation, nodes are treated as alternatives and cen-
trality metrics as attributes, with a higher closeness indicating greater node im-
portance. 

GCN [30]. Graph Convolutional Network (GCN) performs feature extraction 
and node representation learning on graph-structured data through spectral graph 
convolution, enabling the simultaneous aggregation of node features and topolog-
ical information. 

FGM [31]. FGM is a node importance evaluation method based on the gravity 
model. It defines node mass by integrating multiple attributes such as degree, k-
shell, and eigenvector centrality, and evaluates node importance in conjunction 
with shortest path distances. 

GCNGM [32]. GCNGM is a gravity model-based node importance evaluation 
method that leverages node embedding representations. This method generates 
node topological embeddings via a fixed-weight graph convolutional network, 
uses the L2 norm of the embedding vectors as node mass, and constructs a gravity 
model combined with shortest path distances to evaluate node importance. 

SOLG [33]. SOLG is a node importance evaluation method that integrates multi-
stage topological features. It quantifies the connection strength between nodes by 
extending the Jaccard coefficient, and fuses first-order, higher-order, and global 
influences to assess node importance. 

4.4. Experimental Setup 

The number of GraphSAGE layers is set to 3, and all subsequent experiments are 
conducted under this configuration. The hidden layer dimension in GraphSAGE 
is set to 128. The margin hyperparameter δ  is set to 0.1. The AdamW optimizer 
is employed with an initial learning rate of 5 × 10−4, and a weight decay of 1 × 10−4, 
The total number of training epochs is set to 500. For model selection, we adopted 
early stopping on the Wuhan validation set, and the best model parameters were 
saved for final testing. Lanzhou data were used exclusively as the test set and were 
never involved in model training, validation, or hyperparameter tuning. 

For all baseline models, the hyperparameters suggested by the original authors 
are adopted, further adjusted based on the dataset, and all methods are ensured to 
be compared under identical training conditions. All experiments are conducted 
on a rented cloud server equipped with an NVIDIA RTX 3090 (24 GB) GPU, 14 
vCPUs Intel Xeon Gold 6330 CPU, 90 GB RAM, and 80 GB SSD storage, running 
Ubuntu 20.04. The experiments are implemented using PyTorch 1.11.0, Python 
3.8, and CUDA 11.3. 

5. Experimental Results and Analysis 
5.1. Ranking Performance Comparison 

Figure 3 shows a comparison of the node importance ranking performance be-
tween the model proposed in this paper and the baseline models on the Lanzhou 
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public transportation network. Overall, there are significant differences in ranking 
accuracy among the various types of methods. First, traditional centrality metrics 
perform poorly in the ranking task, reflecting that relying solely on the static top-
ological structure or local features of the network makes it difficult to accurately 
identify key nodes in the public transportation network. Among the multi-feature 
fusion methods and supervised learning baseline models, the Kendall’s τ results 
for TOPSIS, FGM, and GCN fall in the middle range. Among these, the GCN 
model achieved a Kendall’s τ of 0.6703, indicating the basic suitability of graph 
neural networks for extracting spatial association features of nodes in urban pub-
lic transportation networks. Among the unsupervised learning baseline methods, 
the SOLG algorithm and the GCNGM algorithm, which is based on graph convo-
lutional and gravity models, performed relatively well, with Kendall’s τ of 0.8495 
and 0.8213, respectively, significantly outperforming the previous methods. In the 
Lanzhou public transportation network test, the proposed model achieved the 
highest Kendall’s τ of 0.8568. Compared with the optimal baseline model, SOLG, 
represents a relative improvement of approximately 0.86%. These results indicate 
that the proposed model demonstrates better ranking accuracy in the task of iden-
tifying the importance of transportation nodes and can effectively identify key 
nodes within the network.  
 

 
Figure 3. Comparison of Kendall’s τ among different methods. 

5.2. Correlation Analysis 

To analyze the consistency between the predicted scores of each method and the 
ground-truth labels, Figure 4 presents the scatter plots of prediction scores versus 
label values for all methods on the Lanzhou dataset. In these plots, the horizontal 
axis denotes the node importance prediction scores produced by each method, 
and the vertical axis denotes the computed label values. 

An examination of the scatter distributions reveals that the points of the pro-
posed model are the most tightly clustered around the diagonal, indicating a 
strong linear correlation between the predicted scores and the labels. For the base-
line methods SOLG and GCNGM, although the overall distribution generally 
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aligns with the diagonal, underestimation is observed in certain regions, causing 
the corresponding points to fall slightly below the diagonal. The scatters of GCN 
and FGM also exhibit a discernible diagonal trend, but notable deviations can be 
observed in some areas. In stark contrast, the results of BC, CC, and TOPSIS dis-
play a scattered and stacked pattern, failing to effectively discriminate node im-
portance. In summary, the scatter pattern of the proposed model on the Lanzhou 
transportation network demonstrates superior consistency compared with the 
baseline methods, thus validating its effectiveness in the node importance assess-
ment task. 

 

 
Figure 4. Scatter plots of predicted scores versus ground-truth labels for all methods. 

5.3. Key Node Identification 

To determine node importance levels, the K-means clustering algorithm (K = 12) 
is applied to the importance scores produced by the proposed model. Based on 
the average score of each cluster, the 12 clusters are further grouped into three im-
portance levels: the cluster with the highest scores (30 nodes) is labeled as key nodes, 
the cluster with the second-highest scores (34 nodes) as important nodes, and the 
remaining 3rd to 12th clusters collectively as ordinary nodes (1079 nodes), totaling 
1143 nodes. Figure 5 illustrates the spatial distribution of node importance levels in 
the Lanzhou public transportation network. Spatially, key nodes exhibit an east-
west belt-like distribution and are highly concentrated in the core commercial ar-
eas of the main urban district, whereas the peripheral route endpoints are predom-
inantly ordinary nodes. This distribution pattern closely matches the constrained 
elongated urban form of Lanzhou, shaped by the Yellow River valley, thus verifying 
the practical effectiveness of the model. 

Table 1 presents the specific ranking of the 30 key nodes identified by the model. 
Among them, “Public Transport Group,” “Xizhan Shizi,” and “Wenhua Palace” are 
located at intersections of core commercial areas and main arterial roads; “Lan-
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zhou West Railway Station” and “Lanzhou Railway Station” serve as key trans-
portation transfer hubs; and “Provincial Government” and “Lanzhou University” 
function as essential public service and activity centers. The accurate identifica-
tion of these nodes as key further validates the applicability and reliability of the 
proposed method in real-world public transportation networks. 

 

 
Figure 5. Spatial distribution of identified key nodes.  

 
Table 1. Top 30 key nodes identified in Lanzhou.   

Rank Station name Rank Station name Rank Station name 

1 Caochangjie 11 Qilihe Bridge 21 Shengou Bridge 

2 
Public Transport 

Group 
12 

Lanzhou West Railway 
Station East Entrance 

22 Xihu Park 

3 Wenhua Palace 13 
Dongfanghong Square 

West Entrance 
23 Jiefangmen 

4 Xizhan Shizi 14 Xiguan Shizi 24 
Lanzhou  

University 

5 Xiaoxihu 15 
Provincial  

Government 
25 City Government 

6 
Qin’an Road Primary 

School 
16 

Lanzhou Railway  
Station 

26 
Provincial Academy of  
Agricultural Sciences 

7 
Lanzhou West  
Railway Station 

17 
Municipal  
Committee 

27 
Aoti East Street  
South Entrance 

8 
Dongfanghong Square 

East Entrance 
18 

Hongmenzi  
Bus Stop 

28 
Panxuan Road  
West Entrance 

9 
Liujiaying  
Crossroad 

19 
Xiuchuan New  

Village 
29 

Provincial  
Museum 

10 
Lanzhou West Railway 
Station North Square 

20 Western Market 30 Chenguanying 
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5.4. Vulnerability Analysis 

To verify the practical effectiveness of the proposed model in identifying key 
nodes, a Vulnerability analysis is conducted using a sequential node removal strat-
egy and observing the decay of the relative size of the largest connected compo-
nent (LCC). Figure 6 illustrates the curves of the LCC ratio under different node 
ranking methods on the Lanzhou public transportation network, where the hori-
zontal axis represents the proportion of nodes removed in descending order of 
importance, and the vertical axis represents the relative size of the largest con-
nected component. 

As shown in Figure 6, in the initial node removal interval from 0% to 30%, the 
LCC ratio of the proposed model declines most steeply. This indicates that remov-
ing nodes sequentially according to the importance ranking identified by the pro-
posed model can dismantle the network connectivity at the fastest rate. The un-
supervised methods SOLG and GCNGM also exhibit rapid decay in the early 
stage, though their overall performance is slightly inferior to that of the proposed 
model. Notably, the decline of GCN is slightly slower than the above three meth-
ods, with a stagnation in the LCC curve observed between the removal ratios of 
40% and 50%. This reflects the over-reliance of the GCN architecture on local 
information during feature aggregation, which hinders its ability to accurately 
identify key nodes connecting different regions. In contrast, the traditional single 
centrality metrics (BC, CC) and the multi-attribute aggregation framework TOP-
SIS present relatively gentle decline curves, suggesting that such methods struggle 
to comprehensively capture the nodes that play a critical role in the overall con-
nectivity of transportation networks. 

Overall, the Vulnerability performance of the proposed model is consistent with 
the conclusions drawn from the Kendall’s τ analysis, further validating its effective-
ness and reliability in the task of key node identification. 

 

 
Figure 6. LCC ratio versus node removal proportion for 
different methods. 
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6. Conclusions 

The problem of identifying key nodes in urban public transportation networks was 
addressed by proposing a model based on multi-feature fusion and the GraphSAGE 
network. The proposed model integrated multi-dimensional node features—in-
cluding network topology, operational characteristics, and spatial distribution—
to characterize nodes, employed a GraphSAGE network to extract local neighbor-
hood features, combined multi-centrality and gravity models to generate refer-
ence labels, and adopted a pairwise ranking loss function for training optimiza-
tion. An empirical analysis conducted on the Lanzhou public transportation net-
work demonstrates the effectiveness of the proposed model. Experimental results 
showed that the method achieved an average Kendall’s τ of 0.8568, representing a 
relative improvement of approximately 0.86% over the best baseline method, thereby 
demonstrating the model’s significant advantage in ranking accuracy. Vulnerability 
analysis further validated the method’s effectiveness. These research findings pro-
vided effective technical support for the evaluation of node importance in public 
transportation networks using deep learning and offered a solid basis for decision-
makers to formulate network risk mitigation plans. 

This study still has certain limitations. The current model primarily relies on 
static network topology and operational characteristics as its main inputs and has 
not yet incorporated dynamic transportation flow data, making it difficult to char-
acterize the temporal patterns of node importance during peak hours and emer-
gency scenarios. Furthermore, its applicability to larger-scale public transporta-
tion networks in terms of computational efficiency requires further validation. In 
future work, transportation flow data are planned to be incorporated to calibrate 
the model and enhance its interpretability, thereby providing more transparent 
decision-making support for transportation planning. 
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