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Highlights  Abstract  

 KeyGAM-GCN integrates structure and 

attribute features for identifying key nodes. 

 SIRS model can generate nodes’ labels by 

considering dynamic spreading influence.  

 Gated attention and residual connections can 

enhance the performance of KeyGAM-GCN.  

 ISE and NDCG are used to evaluate 

propagation efficiency and ranking quality of 

nodes. 

 

 The key nodes in Transportation systems can improve the transportation 

system's performance efficiently and quickly when the maintenance 

resources are limited. A gated attention multi-channel graph 

convolutional network (KeyGAM-GCN) is proposed to identify the key 

nodes for complex transportation networks, which is an intelligent data-

driven unsupervised key nodes identification method. In KeyGAM-

GCN, a multi-channel graph convolutional network is developed to 

extract diverse topological and attribute features from transportation 

networks. A gated attention mechanism can fuse features by adaptively 

balancing the importance of different feature channels. To validate the 

effectiveness, experiments on 10 real-world transportation datasets are 

performed by comparing KeyGAM-GCN with several baselines in 

multiple metrics. The susceptible-infected-recovered-susceptible model 

is used to generate the nodes lables for evaluating the performance of the 

proposed method. The results show that KeyGAM-GCN can provide 

guidance for preventive maintenance for transportation systems. 
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1. Introduction 

 Transportation networks constitute key infrastructure for 

modern urban functioning, facilitating essential urban mobility, 

logistics operations, and emergency response systems [1]. The 

rapid pace of urbanization coupled with surging transportation 

demands has led to unprecedented expansion and increasing 

complexity in transport networks, critically straining their 

capacity to ensure operational stability, service efficiency, and 

systemic resilience [2]. Identifying critical nodes, such as major 

transportation hubs, key intersections, and strategic ports, 

within these intricate systems is vital for traffic flow 

optimization, resilience enhancement, and transportation 

maintenance under limited resources [3]. When natural disasters 

or major accidents occur, failure of these critical nodes can 

trigger system-wide paralysis, causing substantial economic 

damage and societal disruption. Key node identification also 

intersects with other crucial research domains, including 

congestion analysis [4], network robustness assessment [5], and 

cascading failure modeling [6]. Therefore, a sophisticated 
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method for identifying key nodes enables targeted traffic control 

strategies, optimal resource distribution, and development of 

highly resilient transportation infrastructure, ultimately 

safeguarding urban networks' continuous operation and stability. 

Complex network theory offers a robust analytical 

framework for understanding complex systems, revealing their 

structural properties and operational dynamics [7]. Indeed, 

many real-world systems are modeled as complex networks, 

encompassing transportation systems [8], social systems [9], 

biological systems [10], power systems [11], and citation 

networks. These networks are characterized by numerous nodes 

and edges, wherein key nodes significantly impact the holistic 

structure and functionality. Identifying these key nodes is 

crucial for a deeper understanding of network topology; it 

reveals critical aspects of inter-node connectivity and 

information transmission pathways, thereby illuminating the 

mechanisms that govern network operations. Accordingly, key 

node identification constitutes a fundamental problem in 

complex network research, having garnered widespread 

interdisciplinary interest in recent years. 

Numerous algorithms have been proposed to address key 

node identification, including classical centrality measures such 

as Degree Centrality [12], Betweenness Centrality [13], 

Closeness Centrality [14], k-shell decomposition [15], 

Eigenvector Centrality [16], H-index [17], and Katz Centrality 

[18]. These classical centrality-based indicators primarily 

assess the structural importance of nodes by quantifying their 

topological significance within a network. Although such 

methods furnish valuable perspectives on network architecture, 

they are individually encumbered by inherent constraints. 

Consequently, relying exclusively on any single metric may 

prove insufficient for accurately identifying key nodes in 

complex systems like transportation networks, thereby 

restricting their practical applicability in real-world scenarios. 

Recently, deep learning methods have demonstrated 

remarkable progress in key node identification tasks and are 

increasingly utilized in transportation network analysis. In 

contrast to conventional centrality indicators, deep learning 

models autonomously learn high-dimensional features, 

diminishing the need for manual feature engineering and 

elevating the precision of key node identification. Specifically, 

graph neural networks (GNNs) leverage both topological 

structure and node attributes to refine key node identification 

within complex networks. For instance, Graph Convolutional 

Networks (GCNs) aggregate features from neighboring nodes, 

enabling their embeddings to capture global topological 

information. Graph Attention Networks [19] employ adaptive 

attention mechanisms to dynamically assign varying 

importance to neighboring nodes, which improves the 

flexibility of information exchange. Graph Sampling-based 

methods, such as GraphSAGE [20], sample a fixed number of 

neighbors to mitigate computational overhead in large-scale 

graphs, thereby enhancing model scalability. Moreover, graph 

cascade learning methods, including InfGCN [21] and DiffPool 

[22], incorporate information propagation dynamics to model 

node influence, thus bolstering the robustness of key node 

identification. Nevertheless, existing approaches still have some 

limitations, such as insufficient fusion of heterogeneous data 

and a lack of adaptive mechanisms for feature integration, 

which curtails their effectiveness in complex transportation 

networks. 

To overcome these challenges, this paper proposes a Gated 

Attention Multi-Channel Graph Convolutional Network 

(KeyGAM-GCN), a novel approach for identifying key nodes 

in transportation networks. The KeyGAM-GCN model operates 

on two core principles as follows. (1) A multi-channel graph 

convolutional structure is utilized to holistically capture 

topological features, traffic flow patterns, and their interactions, 

enabling effective feature integration. (2) A gated attention 

mechanism is introduced to dynamically learn the significance 

of different channels, facilitating adaptive feature fusion and 

thereby improving both the precision and generalizability of key 

node identification. The main contributions of the research work 

are as follows. 

 Leveraging the SIRS model to generate the importance 

labels of nodes, thereby reframing key node 

identification as a binary classification task. This allows 

the model to capture node influence within network 

propagation dynamics, leading to improved 

identification accuracy. Compared to traditional methods, 

this approach offers a more accurate reflection of nodal 

roles in dynamic spreading processes. 

 Designing a gated attention mechanism to adaptively 

fuse multi-channel feature information, enhancing the 
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model's adaptability to different scenarios. The GAM 

mechanism automatically adjusts the importance of each 

feature channel based on data distribution, improving the 

model's generalization capability. 

 Enhancing information interaction via dense residual 

connections, which strengthens cross-layer feature 

exchange and mitigates the over-smoothing problem in 

GNNs. This design preserves key high-level feature 

information, improving the discriminatory of key nodes. 

The remainder of this paper is organized as follows. Section 

2 provides a concise review of related work. Section 3 details 

the proposed KeyGAM-GCN model and the metrics used for its 

evaluation. Section 4 describes the experimental design, 

including the datasets, ablation studies, baseline methods, and 

experimental parameter settings, before presenting an analysis 

of the experimental outcomes. Section 5 investigates the 

KeyGAM-GCN model's performance and parameter sensitivity 

through a case study on the Beijing subway network. Finally, 

Section 6 summarizes the findings of this study and discusses 

potential directions for future research. 

2. Related work 

In recent years, research on key node identification has achieved 

substantial advancements and found extensive application 

across diverse domains. In complex network analysis, 

“centrality” is the generally accepted term for node importance, 

and this concept has become a focal point, addressing the 

fundamental question of identifying a network's most pivotal or 

central vertices. The diverse interpretations of “importance” 

have culminated in a variety of centrality measures in network 

analysis [23]. Currently, key node identification methods fall 

into two main classes: those based on topology and those driven 

by deep learning. Topology-based methods, including degree 

centrality, betweenness centrality, and clustering coefficient, 

ascertain node importance by analyzing network structural 

features. Deep learning-based methods, typified by Graph 

Neural Networks (GNNs) like Graph Convolutional Networks 

(GCNs) and Graph Attention Networks (GATs), identify key 

nodes through learned representations of features and structure. 

Both paradigms have substantially contributed to advancing key 

node identification research. 

2.1. Topology-based methods 

In complex network analysis, traditional topology-based 

methods remain fundamental for key node identification. These 

approaches primarily leverage network topology and assess 

node importance through various centrality metrics or network 

features. Based on their analytical perspective, topology-based 

methods are broadly categorized into local feature-based, global 

feature-based, and dynamic process-based approaches. Local 

feature-based methods typically quantify node importance 

using metrics like degree centrality, betweenness centrality, and 

closeness centrality. Global feature-based methods, in contrast, 

consider the overall network structure, employing techniques 

such as K-shell decomposition and spectral clustering for key 

node identification. Additionally, dynamic process-based 

methods have garnered increasing attention. These include 

approaches grounded in information diffusion models [24], 

gravity models [25], and random walks [26], which can more 

accurately capture a node's actual influence by considering its 

role in dynamic network processes. Within complex 

transportation network studies, alongside classical centrality 

measures, several novel metrics have emerged to identify key 

nodes from diverse perspectives, thereby enhancing 

identification effectiveness in these systems. 

For instance, Wan et al. [27] integrated network centrality 

with economic factors, proposing a TOPSIS-based 

comprehensive evaluation method to identify key ports in 

maritime shipping networks. Wen et al. [28] incorporated joint 

entropy and multi-scale factors, considering both network 

topology and port importance to offer a new perspective on 

transportation network reliability. Bai et al. [29] applied small-

group percolation to identify overlapping community structures 

and key nodes, assessing the resilience and recovery capacity of 

the global liner shipping network. Xu et al. [30] introduced the 

motif centrality to identify key ports and optimize the structural 

robustness of the global liner shipping network. 

Furthermore, research has focused on integrating multi-

dimensional topological information. Dui et al. [31] combined 

the Copeland method to rank ports and shipping routes, 

evaluating the residual resilience of maritime transportation 

systems. He et al. [32] proposed a modeling and robustness 

assessment method for multi-modal freight networks, analyzing 

infrastructure disruption impacts by integrating node and link 
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characteristics. Du et al. [33] enhanced the topological potential 

model by incorporating multiple centrality metrics and 

topological entropy to identify key nodes affecting both 

structure and passenger flow in metro networks. Sui et al. [34] 

developed a ship node importance evaluation method based on 

maritime traffic complex networks to improve waterborne 

transport safety and efficiency. Curado et al. [35] adopted  

a multi-layer network centrality approach, constructing a three-

layer composite network of urban public transport, commercial 

activities, and tourism to identify critical areas. 

Community structure and network resilience analysis also 

offer novel perspectives for key node identification [36]. 

Wandelt et al. [37] utilized the community structure to propose 

a robustness analysis method based on intra-community 

connectivity, aiming to optimize transport system protection. De 

Bona et al. [38] employed network simplification by removing 

low-degree nodes to retain public transport network backbones, 

revealing the significance of hub-hub connections and small-

world properties. Wei et al. [39] examined the bus route network 

spatial characteristics, uncovering the impact of administrative 

divisions on public transport integration. Yang and An [40] 

constructed a multi-subnetwork complex network model to 

evaluate urban public transport resilience under extreme 

weather, analyzing robustness variations via cascading failure 

simulations. Martín et al. [41] proposed an accessibility-based 

framework to identify key road netwoek nodes, assessing 

resilience under various segment disruptions. 

Despite the notable advancements of topology-based 

methods in key node identification, most of reported approaches 

rely on predefined and static structural metrics. As a result, most 

approaches are used to capture nonlinear interactions, dynamic 

propagation behaviors, and complex dependencies among 

nodes in large-scale transportation networks. Moreover, the 

reliance on human experience limits the adaptability of the 

above methods to heterogeneous data, evolving network 

conditions, highlighting the need for a more flexible learning-

based framework. 

2.2. Deep learning-based methods 

Deep learning, particularly GNN, has recently emerged as  

a powerful approach for key node identification, demonstrating 

notable advantages over traditional methods. Unlike topology-

based methods, deep learning approaches can automatically 

learn complex feature representations and integrate multi-

dimensional data, including spatiotemporal information and 

external environmental factors, to achieve more accurate 

identification. [42] In the context of transportation networks, 

these methods have spurred distinctive research directions and 

are increasingly being applied to large-scale, complex systems. 

Key nodes in complex transportation networks are typically 

influenced by dynamic traffic flows and spatiotemporal 

dependencies. Huang et al. [43] proposed a model combining 

GAT and long short-term memory networks to capture dynamic 

road interactions and identify key transportation links based on 

spatiotemporal dependencies. Similarly, Chen et al. [44] 

introduced MetroGCN, which integrates multi-graph 

representation and spatiotemporal attention mechanisms to 

enhance key node prediction accuracy. Research leveraging 

GNNs has further demonstrated the crucial role of key nodes in 

predicting network-wide traffic states. Cui et al. [45] proposed 

KGCGRN-CN, a graph convolutional gated regression network, 

which integrates network-level and key-node-level spatial 

features for short-term traffic state prediction, significantly 

improving prediction accuracy in complex transportation 

networks. For the quantitative assessment of key nodes, Liu et 

al. [46] proposed NIE-GAT, which is a GAT-based node 

importance evaluation method. Applied to inter-domain routing 

networks, it effectively improved both computational efficiency 

and accuracy in identifying key nodes. Zhang et al. [47] 

introduced GATC and DeepCut, combining GAT with 

normalized cut methods.  These approaches are designed for 

optimizing large-scale transportation networks and segmenting 

critical areas, thereby enhancing key node identification 

capabilities. More recently, hybrid methods combining GNNs 

with other deep learning models have emerged as a significant 

trend in this field. For example, Zhang et al. [48] proposed 

BTC-GATs, integrating bidirectional attention, temporal 

convolutional networks for multiscale features, and graph 

attention networks for spatial aggregation, to enable efficient 

key-node identification and traffic monitoring. 

Compared to traditional topology-based methods, deep 

learning-based approaches can automatically learn complex 

feature representations and process dynamic information, such 

as spatiotemporal dependencies. However, existing deep 
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learning-based methods still have some limitations, including 

limited interpretability, prone to overfitting, and challenges in 

scaling up to large-scale networks. Additionally many methods 

focus on learning a single type of feature representation, which 

may limit their ability to fully utilize heterogeneous network 

information. 

In summary, although existing topology-based and deep 

learning-based methods have achieved encouraging results in 

key node identification, there are still some limitations in jointly 

modeling information, dynamic propagation patterns, and 

maintaining robustness in different network scenarios. A unified 

framework is required for integrating network topology, node 

attributes, and the interactions within a learning-based modeling 

paradigm. Therefore, this paper proposes a KeyGAM-GCN to 

effectively fuse multi-source information in complex 

transportation networks for key node identification with 

robustness and scalability. 

3. Proposed methodology 

3.1. Framework of KeyGAM-GCN 

KeyGAM-GCN is a novel model for key node identification, 

and the overall framework of KeyGAM-GCN is shown in 

Figure 1. The proposed method is used to analyze the key nodes 

in complex transportation networks with a deep-learning based 

way, and four key modules of the proposed method are 

summarized as follows. (1) multi-perspective graph 

construction, (2) multi-channel graph convolution for feature 

extraction, (3) gated attention-based feature fusion, and (4) key 

node prediction. Specifically, deep graph neural networks are 

leveraged to jointly learn from network topology and node 

attribute features. To incorporate heterogeneous information 

sources, structural graph, attribute graph, and structure-attribute 

fusion graph are used to capture the node characteristics from  

a different perspective. 

The multi-channel GCN module can fuse feature in different 

layers, capture multi-scale information and preserve essential 

information by dealing with structural graph, attribute graph, 

and structure–attribute fusion graph. Specifically, the structural 

graph encodes the topological connectivity among nodes, which 

reflect the physical or logical structure of the transportation 

network; the attribute graph is constructed based on node 

attribute similarity, which can capture the functional or 

operational correlations; and the structure–attribute fusion 

graph jointly integrates topological connections and attribute 

information to model their interactions. 
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Figure 1. The framework of KeyGAM-GCN for key node identification. 



 

Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 28, No. 3, 2026 

 

After generating node representations from the three 

channels, KeyGAM-GCN employs a gated attention 

mechanism to dynamically fuse the outputs. This mechanism 

employs learnable gating vectors to adaptively assign 

importance weights to each channel, allowing the model to 

selectively emphasize the most relevant features for different 

node types, thereby enhancing its capability to identify key 

nodes. The resulting fused node representations are processed 

through a fully connected layer, and the probability of each node 

being a key node is output via the Log Softmax function. 

Addressing the significant class imbalance inherent in key 

node identification tasks, KeyGAM-GCN is trained using  

weighted binary cross-entropy loss, augmented by focal loss to 

accord greater emphasis to hard-to-classify samples. This dual-

loss strategy significantly improves the model's accuracy in 

identifying the minority class of key nodes. The framework 

includes the label generation through simulation, graph 

construction, multi-channel feature extraction and fusion, and 

node prediction. The model is optimized end-to-end, delivering 

an efficient and highly scalable solution for key node 

identification. 

3.2. KeyGAM-GCN model 

KeyGAM-GCN Model uses the multi-channel GCN module to 

extract high-level feature representations from the structure 

graph, attribute graph, and fusion graph, and GAM is used to 

adaptively adjust weights and fuse these multi-channel features, 

ultimately outputting the probability of node importance to 

identify the key nodes. 

As illustrated in Figure 1, the overall framework of the 

model consists of four main components: the input module, the 

multi-channel graph convolution feature extraction module, the 

gated attention fusion module, and the output prediction module.  

(1) Graph construction in the input module 

Complex networks serve as mathematical abstractions for 

representing real-world complex systems and are typically 

modeled as a graph structure 𝐺(𝑽, 𝑬), where the set of nodes V 

represents the fundamental components of the system, and the 

set of edges E characterizes the interactions or connections 

between these components. The model input includes the node 

feature matrix X and the normalized adjacency matrix 𝑨̃. The 

node feature matrix 𝑿𝑓 ∈ 𝑹
𝑁×𝐹  represents the attributes of 

nodes, where the feature dimension F is constructed from five 

categories of network properties. The normalized adjacency 

matrix 𝑨̃ ∈ 𝑹𝑁×𝑁 encodes the structural relationships between 

nodes. The node feature matrix X is composed of five classical 

network structural metrics: degree centrality, betweenness 

centrality, closeness centrality, clustering coefficient, and K-

shell value, all of which are standardized. 

To enhance the model's capacity to express multi-

perspective information, KeyGAM-GCN constructs three types 

of subgraphs: the structure graph A, the attribute graph (based 

solely on X), and the structure-attibute fusion graph (jointly 

modeled using both A and X). These subgraphs are used to 

extract node representations from different perspectives. 

(2) Multi-channel graph convolution feature extraction 

module 

To effectively capture structural information, node attributes, 

and their fused representations, the hidden layers of KeyGAM-

GCN adopt a three-step parallel graph convolution structure. 

Each convolution unit independently extracts features from 

distinct subspaces, while cross-layer feature fusion and a gated 

attention mechanism are incorporated at each layer. Throughout 

this process, each convolution layer not only receives the input 

features from the current layer but also recursively integrates 

the output features from previous layers, thereby enabling deep 

cross-layer feature fusion. This design facilitates the effective 

capture of multi-scale node representations. Specifically, the 

process of feature propagation and fusion in the hidden layers is 

formulated as follows.  

𝑯1 = 𝜎(𝑨̃𝑿𝑠𝑾1)    

𝑯2 = 𝜎(𝑨̃(𝑿𝑓 +𝑯1)𝑾2)     (1) 

𝑯3 = 𝜎(𝑨̃(𝑿𝑓𝑢 +𝑯1 +𝑯2)𝑾3)   

where H1, H2, and H3 denote the output features of the 

structure, attribute, and structure-attribute graph convolution 

layers, respectively; while W1, W2, and W3 represent the 

corresponding learnable weight matrices, respectively; The 

function σ(·) denotes the activation function; Xs corresponds to 

the structural feature matrix; 𝑿𝑓𝑢  represents the fused feature 

matrix. 

(3) Gated attention fusion module 

To integrate the extracted features from the three channels and 

enhance the discrimination capability, GAM is used by 

learnable gating vectors to weigh the contributions of each 
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channel's output. The computation for each gating unit is 

defined as follows. 

𝜔𝑖 = 𝜎(𝑾𝑔𝑯𝑖), 𝑖 = 1,2,3  (2) 

where 𝜔𝑖 represents the weighting coefficient for the feature 

representation obtained from the 𝑖-th convolutional step; while 

𝑾𝑔 denotes the learnable gating weight matrix. 

Finally, the comprehensive node representation 𝒁  is 

obtained by performing a weighted fusion of the multi-level 

features according to their respective weights: 

𝒁 = 𝜔1𝑯1 +𝜔2𝑯2 + 𝜔3𝑯3  (3) 

(4) Output prediction module 

The output layer of the model directly generates unnormalized 

prediction values (logits) for each node, which are then mapped 

into binary probabilities of node importance through the 

Sigmoid function. To optimize the model parameters, this study 

employs the Binary Cross-Entropy with Logits Loss 

(BCEWithLogitsLoss) as the training objective, which is 

defined as follows: 

ℒ𝐵𝐶𝐸−𝑙𝑜𝑔 𝑖ts = −
1

𝑁
∑

[𝑦𝑖 ⋅ 𝑙𝑜𝑔 𝜎 (𝑧𝑖) +

(1 − 𝑦𝑖) ⋅ 𝑙𝑜𝑔( 1 − 𝜎（𝑧𝑖)]
𝑁
𝑖=1   (4) 

where N denotes the total number of nodes, 𝑦𝑖 represents the 

ground truth label; 𝑧𝑖  is the model output (logit), and 𝜎(𝑧𝑖) 

denotes the Sigmoid function. 

The process of learning new node features is detailed in 

Algorithm 1. 

From a computational perspective, the complexity of 

KeyGAM-GCN is primarily dominated by the multi-channel 

graph convolution layers and the gated attention fusion module. 

For a standard graph convolution operation on a sparse graph, 

the time complexity of a single forward pass can be expressed 

as 𝑂(|𝑬| ⋅ |𝑭| + |𝑽| ⋅ 𝑭2),where |V| and |E| denote the numbers 

of nodes and edges, respectively, and |𝑭| represents the feature 

dimension. In KeyGAM-GCN, multiple graph convolution 

channels are employed to capture node representations from 

different structural views; however, these channels operate in 

parallel and do not introduce higher-order complexity. The 

gated attention mechanism mainly involves node-wise linear 

transformations and weighted feature aggregation, whose 

computational cost remains in the same order as that of graph 

convolution. As a result, the overall time complexity of 

KeyGAM-GCN remains within the same asymptotic order as 

conventional GCN-based models, indicating that the enhanced 

representation capability is achieved without introducing 

prohibitive computational overhead, and the proposed 

framework is suitable for application to medium- and large-

scale transportation networks. 

Algorithm 1 Feature Update in KeyGAM-GCN 

Inputs: Network G, Node feature matrix X, Weight 

matrices W1, W2, W3; 

Adjacency matrices 𝐴𝑠𝑡𝑟𝑢𝑐𝑡, 𝑨𝑎𝑡𝑡𝑟, 𝑨𝑓𝑢𝑠𝑖𝑜𝑛; 

Gating mechanism Gate(), Attention mechanism Attn(); 

Output: Updated feature matrix of nodes Z 

1: Initialize KeyGAM-GCN model parameters; 

2: For each node i in G do 

3:    xi ← X [i]; 

4:    Compute hidden representations via multi-channel 

GCNs by Eq.(1): 

5:       𝑯1[𝑖] ← 𝜎(∑ 𝑨𝑠𝑡𝑟𝑢𝑐𝑡[𝑖][𝑗]𝑗∈𝑁(𝑖) ⋅ 𝑥𝑗 ⋅ 𝑾1[𝑖]); 

6:       𝑯2[𝑖] ← 𝜎(∑ 𝑨𝑎𝑡𝑡𝑟[𝑖][𝑗]𝑗∈𝑁(𝑖) ⋅ 𝑥𝑗 ⋅ 𝑾2[𝑖]); 

7:       𝑯3[𝑖] ← 𝜎(∑ 𝑨𝑓𝑢𝑠𝑖𝑜𝑛[𝑖][𝑗]𝑗∈𝑁(𝑖) ⋅ 𝑥𝑗 ⋅ 𝑾3[𝑖]); 

8:    Compute gated attention weights for each branch 

using Eq.(2): 

9:       𝜔1← softmax( Gate(𝑯1)⋅ Wg); 

10:      𝜔2← softmax( Gate(𝑯2)⋅ Wg); 

11:      𝜔3← softmax( Gate(𝑯3)⋅ Wg); 

12:   Fuse multi-channel outputs using weighted sum 

using Eq.(3): 

13:      Z ← 𝜔1𝑯1 +𝜔2𝑯2 +𝜔3𝑯3; 

14: End for 

15: Z ← Stack all zi; 

16: Compute output prediction: 

17:  ŷ← log_softmax( Z ); 
18: Compute lossusing Eq.(4): 

19:   ℒ𝐵𝐶𝐸−𝑙𝑜𝑔 𝑖ts = −
1

𝑁
∑ [𝑦𝑖 ⋅ 𝑙𝑜𝑔 𝜎 (𝑧𝑖) + (1 − 𝑦𝑖) ⋅
𝑁
𝑖=1

𝑙𝑜𝑔( 1 − 𝜎(𝑧𝑖))] 

20: Return Z, ℒ 

3.3. SIRS - based offline lable generation for model 

performance evaluation 

For the current transportation datasets, it is hard to mark the 

ground truth labels for key nodes in real-world complex 

networks. Consequently, researchers frequently employ 

epidemic-spreading models to simulate the node information 

diffusion processes according to the diseases propagation, 

thereby indirectly assessing the improtance of nodes. The 

classic Susceptible-Infected-Recovered (SIR) model is widely 

used for static diffusion simulations [49], which cannot 

inadequately capture the recurrent state transitions common in 

real-world scenarios. Unlike the SIR model, SIRS permits 



 

Eksploatacja i Niezawodność – Maintenance and Reliability Vol. 28, No. 3, 2026 

 

recovered nodes to revert to a susceptible state, thereby 

facilitating the evaluation of long-term diffusion capabilities 

across multiple propagation cycles. For the transportaiton 

network, the recovery strategies after some emergency events 

are often considered in practical transportation systems. So 

SIRS model is more suitable for simulating the cyclic 

propagation process within the transportation network under 

dynamic spreading environments. 

To generate the labels for model evaluation in the key node 

identification task, multiple rounds of SIRS-based simulation 

are conducted. In each round, a single node is randomly selected 

as the initial infected source, and the infection process is 

simulated over a predeterined number of time steps. The 

average number of nodes infected by each seed node across 

multiple simulations is recorded to evaluate its diffusion 

capability score. To mitigate stochasticity and the impact of 

local structural variations, the mean score from repeated 

experiments is utilized for each node. So the importance of 

nodes are ranked in descending order according to the diffusion 

score. Following common practice in key node identification 

and influence analysis, a fixed-ratio strategy is used to define 

the top 5% nodes with the highest diffusion score as the key 

nodes [21]. Moreover, the proportion has been used to generate 

stable and discriminative ranking results in complex networks 

[49]. Therefore, 5% is set as a threshold to distinguish the key 

nodes and non-key nodes. 

The SIRS model categorizes nodes into three dynamic states: 

susceptible nodes (S), infected nodes (I), and recovered nodes 

(R). The transitions between these states are formulated by the 

following differential equations. 

{
 
 

 
 
𝑑𝑆

𝑑𝑡
= −𝛽𝑆𝐼 + 𝛼𝑅

𝑑𝐼

𝑑𝑡
= 𝛽𝑆𝐼 − 𝛾𝐼

𝑑𝑅

𝑑𝑡
= 𝛾𝐼 − 𝛼𝑅

      (5) 

where S, I, and R represent the proportions of susceptible, 

infected, and recovered nodes in the network; β denotes the 

infection probability; γ represents the recovery probability, and 

α is the probability when a recovered node is susceptible again. 

Specially, β reflects the propagation speed of congestion, 

disruptions, or operational disturbances in transportation 

network; γ characterizes the restoration ability of transportation 

system after the emergency events, which is related to the 

recovery strategy; and α captures the vulnerability of recovered 

nodes after the recurrent congestion or secondary disturbances.  

According to the heterogeneous mean-field theory [50], the 

epidemic threshold of the SIRS model, which determines 

whether a widespread outbreak will occur, can be approximated 

as Equation 2. 

𝜆𝑐 =
<𝑘>

<𝑘2>−<𝑘>
                           (6) 

where < 𝑘 > represents the average degree of the network. 

To ensure that all networks remain in a transmissible state and 

exhibit sufficient differentiation among node influences, the 

target effective infection rate was set to satisfy 𝜆 > 𝜆𝑐. 

Ten real-world transportation networks with average 

degrees ranging from 2 to 12 were analyzed. To ensure that the 

propagation process remains in a metastable state, allowing for 

effective but non-saturating infection 𝛾 is fixed at 0.1 and 𝛼 at 

0.05, while 𝛽  denotes is adjusted according to the average 

degree of each network such that the effective infection rate 𝜆 =

𝛽/𝛾  is adjust approximately 5-10 times the corresponding 

threshold 𝜆𝑐. Specifically, β denotes was set to around 0.3-0.5 

for sparse networks ( < 𝑘 > 22-4) and 0.6-0.8 for denser 

networks (< 𝑘 >28-12). 

4. Experimental setup 

4.1. Datasets 

To verify the accuracy and generalizability of the KeyGAM-

GCN model, nine real-world transportation datasets are selected, 

which are ordered by network size from the smallest to the 

largest. All networks are regarded as undirected and unweighted 

graphs through the unified preprocessing procedures. 

Specifically, bidirectional connections are established by 

symmetrizing the edge directions for the datasets with directed 

edges, such that an edge is retained if it exists in either direction. 

For weighted edges in a network, the original weights are 

discarded and all edges are regarded as binary connections, 

indicating the existence of a link between two nodes. This 

preprocessing strategy can ensure fair comparison across 

heterogeneous transportation datasets and to reduce the 

influence of inconsistent or domain-specific weight definitions. 

 inf-USAir97: a dataset modeling the USAir97 airline 

network, which represents domestic flight connections in 

the United States. 

 Anaheim Network: a road transportation network of 
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Anaheim, used for traffic flow analysis. 

 London Public Transport Network: a dataset 

representing the public transport network of London, 

including stations and routes. 

 Barcelona Network: a dataset representing the urban 

transportation network of Barcelona, used for mobility 

analysis. 

 Winnipeg Network: a road network dataset of Winnipeg. 

 inf-openflights network: a dataset modeling the global 

airline network, covering airports and flight routes. 

 Gold Coast Network: a dataset representing the road 

transportation network of Gold Coast, Australia. 

 Austin Network: a dataset modeling the traffic network 

of Austin, Texas, used for congestion analysis. 

 Philadelphia Network: a dataset representing the road 

transportation network of Philadelphia. 

Table 1 presents some statistical characteristics of nine real-

world networks, which represent network representations of 

different transportation systems with varying topological 

structures and features. 

Table 1. The statistical properties of the 9 real networks 

Networks n m < k> kmax c d 

Inf-USAir97 Network 332 2127 12.81 139 0.6252 0.0387 

Anaheim Network 416 634 3.04 7 0.1076 0.0073 

London Public Transport Network 653 976 2.48 14 0.0278 0.0038 

Winnipeg Network 948 1384 2.91 5 0.0114 0.0031 

Barcelona Network 1020 2522 3.86 16 0.0902 0.0041 

Inf-openflights Network 2939 15677 10.67 242 0.4526 0.0036 

Gold Coast Network 4807 5952 2.48 6 0.0417 0.0005 

Austin Network 7388 10591 2.86 7 0.0121 0.0004 

Philadelphia Network 13389 21246 3.17 5 0.0146 0.0002 

Notes: n denotes the number of nodes, m represents the number of edges, and <k> is the average degree of the network. kmax denotes the maximum 

degree, c is the average clustering coefficient, and d represents the network density, which measures the ratio of actual edges to the total possible 

edges in the network. 

4.2. Evaluation metrics 

Kendall's Tau: Based on the propagation capability of nodes 

within the network, a descending ranking list of node 

importance is generated using the SIRS model. The Kendall's 

tau coefficient (τ) is employed to assess the correlation between 

the ranking list obtained from a given importance metric and the 

actual ranking derived from the SIRS model [51]. A higher τ 

value indicates a stronger correlation between the two ranking 

lists, implying greater accuracy in the importance estimation. 

When Kendall's tau coefficient approaches one, the ranking 

results are more precise, demonstrating the effectiveness of the 

method in identifying key nodes. 

𝝉 =
𝟐(𝒏𝒄−𝒏𝒊)

𝒏(𝒏−𝟏)
                              (7) 

where 𝒏𝒄  and 𝒏𝒊  represent the number of concordant and 

discordant pairs, respectively; 𝒏  denotes the total number of 

paired comparisons. The Kendall's tau coefficient τ ranges from 

[-1, 1]. Ideally, if τ = 1, the ranking list produced by the degree 

centrality is perfectly consistent with the ranking obtained from 

the actual propagation process. 

NDCG: Normalized Discounted Cumulative Gain (NDCG) 

is a classical metric for assessing ranking quality by jointly 

considering the relevance scores of ranked elements and their 

positions, which is commonly used in recommendation systems 

[52] and node importance ranking [53]. NDCG can assign 

higher scores to the top nodes through a position discount factor. 

In key node identification tasks, the primary goal is to correctly 

prioritize the most influential nodes rather than to achieve  

a perfect global ordering, which makes NDCG particularly 

suitable for evaluating ranking effectiveness. 

𝑁𝐷𝐶𝐺@𝐾 =
𝐷𝐶𝐺@𝐾

𝐼𝐷𝐶𝐺@𝐾
                        (8) 

where 𝐾  represents the length of the ranking list; DCG 

denotes the discounted cumulative gain, and IDCG corresponds 

to the ideal discounted cumulative gain. The bounded range of 

NDCG ensures that higher values signify rankings that more 

accurately align with the optimal order. 

ISE: Influence Spread Error (ISE) quantifies the 

discrepancy between the influence spread of the predicted key 

node set and that of the ground truth key node set in real 

diffusion simulations. The calculation formula is as follows. 

𝐼𝑆𝐸 =
|𝐼𝑡𝑢𝑟𝑒−𝐼𝑝𝑟𝑒𝑑|

𝐼𝑡𝑢𝑟𝑒
                 (9) 
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where 𝐼𝑡𝑢𝑟𝑒  represents the average infection scale of the 

ground truth key nodes; and 𝐼𝑝𝑟𝑒𝑑  denotes the average infection 

scale of the predicted key nodes. A smaller ISE value indicates 

better performance, with an ideal value of 0 signifying that the 

predicted key nodes exhibit the same diffusion capability as the 

true key nodes. 

4.3. Ablation study 

To analyze the contribution of different modules in KeyGAM-

GCN, the ablation experiments are implemented. Specifically, 

we progressively introduce key modules into the model to 

assess their impact on key node identification performance. The 

ablation study consists of the following comparative settings:  

 MC-GCN: The baseline model, which is a multi-channel 

GCN without any additional modules. 

 MC-GCN(+II): This variant incorporates the 

information interaction module. 

 MC-GCN(+GA): This variant adds the gate-attention 

mechanism. 

 MC-GCN(+II&GA): This variant combines both the 

information interaction module and the gate-attention 

mechanism. 

Table 2 presents the results of the ablation experiments 

conducted on nine real-world transportation networks. The 

experimental results demonstrate that the baseline MC-GCN 

model exhibits stable benchmark performance across all 

networks (average ACC = 0.7815), confirming the fundamental 

capability of the multi-channel architecture in capturing 

network topological features. The progressive incorporation of 

the information interaction module (II) and the gate-attention 

mechanism (GA) significantly enhances the model's ability to 

identify key nodes. Specifically, the introduction of the 

information interaction module (II) increases the model's 

average accuracy to 0.8024, with a notable 8.9% improvement 

in the τ coefficient on the inf-USAir97 network, indicating that 

this module strengthens feature interaction and enables the 

model to leverage network structure information more 

effectively through cross-layer feature fusion. Meanwhile, the 

addition of the gate-attention mechanism (+GA) further 

improves performance, demonstrating a more pronounced 

advantage in feature fusion by increasing the average ACC to 

0.8546. Notably, in the London Public Transport Network, the 

F1-score improves by 21.4%, suggesting that this mechanism 

effectively adjusts the weight distribution among different 

feature channels, thereby enhancing the accuracy of key node 

identification. It is particularly noteworthy that the combination 

of the information interaction module and the gate-attention. 

Mechanism (+II & GA) results in significant performance gains, 

achieving the best results across nearly all datasets (average 

ACC = 0.9014, F1 = 0.8976, τ = 0.7869). For instance, in the 

Anaheim Network, ACC increases to 0.9237, F1-score reaches 

0.9216, and τ improves to 0.8492, all showing substantial gains 

over the baseline model. This demonstrates that the integration 

of both modules further strengthens feature extraction and 

fusion capabilities, leading to improved model stability and 

generalization. Overall, the ablation study results strongly 

validate the effectiveness of the proposed enhancements in the 

KeyGAM-GCN model for key node identification tasks, 

confirming that the synergy between information interaction 

and the gate-attention mechanism significantly enhances the 

model's representational power, enabling superior performance 

across diverse network scenarios. 

To further illustrate the impact of each module, we present 

three contribution enhancement heatmaps in Figure 2, which 

depict the relative gains in accuracy (ACC), F1-score, and 

Kendall's Tau (τ) compared to the baseline model MC-GCN 

across all datasets. These heatmaps provide an intuitive 

visualization of how the information interaction module (+II), 

the gated attention mechanism (+GA), and their combination 

(+II & GA) progressively enhance model performance. 

From the overall improvement trends, all three model 

variants contribute to performance enhancement across most 

datasets and evaluation metrics, demonstrating the effectiveness 

of the proposed improvements to MC-GCN. The ACC 

contribution enhancement heatmap clearly shows that both the 

+II and +GA modules significantly improve performance across 

all datasets, with their combination (+II & GA) yielding the 

most substantial gains. The F1 contribution enhancement 

heatmap reveals a similar pattern, further confirming the 

effectiveness of these modules. Meanwhile, the τ contribution 

enhancement heatmap highlights the broader impact of our 

approach, showing that the proposed modules not only enhance 

classification performance but also improve the ranking quality 

of identified key nodes. 
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Table 2. The ablation study results on nine datasets. 

Network Metric MC-GCN +II +GA +II&GA 

inf-USAir97 network 
ACC 0.8984 0.9401 0.9418 0.9424 

F1 0.8859 0.9372 0.9100 0.9384 

τ 0.8135 0.8861 0.8873 0.8907 

Anaheim Network 
ACC 0.7780 0.8105 0.8562 0.9237 

F1 0.7934 0.8123 0.8408 0.9216 

τ 0.7791 0.7961 0.8141 0.8492 

London Public Transport Network 
ACC 0.7183 0.8084 0.8665 0.9012 

F1 0.7082 0.8059 0.8594 0.8942 

τ 0.4370 0.6169 0.7347 0.8064 

Winnipeg Network 
ACC 0.7517 0.7661 0.8604 0.8886 

F1 0.7442 0.7740 0.8666 0.8862 

τ 0.5062 0.5348 0.7256 0.7775 

Barcelona Network 
ACC 0.7533 0.7555 0.8268 0.8292 

F1 0.7534 0.7636 0.8308 0.8324 

τ 0.5068 0.5128 0.6558 0.6588 

inf-openflights Network 
ACC 0.9076 0.9138 0.9063 0.9257 

F1 0.9041 0.9100 0.8995 0.9249 

τ 0.8185 0.8319 0.8229 0.8523 

Gold Coast Network 
ACC 0.8000 0.8350 0.8341 0.9111 

F1 0.8039 0.8320 0.8274 0.9080 

τ 0.6005 0.6704 0.6710 0.8249 

Austin Network 
ACC 0.6407 0.7543 0.7764 0.8862 

F1 0.6214 0.7669 0.7648 0.8730 

τ 0.4827 0.5132 0.5544 0.7866 

Philadelphia Network 

ACC 0.7874 0.8399 0.8268 0.9063 

F1 0.7906 0.8451 0.8324 0.8995 

τ 0.5755 0.6797 0.6558 0.8229 

 

 

 

Figure 2. The contributions of the three key modules in KeyGAM-GCN. 

4.4. Performance analysis for KeyGAM-GCN 

To comprehensively evaluate the performance of KeyGAM-

GCN in key node identification tasks, we conducted 

comparative experiments against multiple state-of-the-art 
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baseline models. These include graph neural network (GNN)-

based models such as APPNP [54], MixHop [55], SGC [56], 

GCN, and GAT, as well as network centrality-based methods, 

specifically degree centrality (DC) and closeness centrality 

(CC). In all experiments, we employed Accuracy (ACC), F1-

score, and Kendall's Tau (τ) as evaluation metrics to thoroughly 

assess each model's classification capability and ranking quality. 

 

 

 

 

 

Figure 3. Performance comparison of KeyGAM-GCN and baseline models. 
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To provide a more intuitive comparison of KeyGAM-GCN 

with other baseline models across different datasets, we have 

plotted bar charts illustrating the performance of each model on 

the three evaluation metrics, as shown in Figure 3. It can be 

observed that KeyGAM-GCN consistently outperforms all 

baseline models across all datasets in terms of all three 

evaluation metrics, demonstrating its superior generalization 

ability and robustness in key node identification tasks. While 

mainstream GNN-based models such as GCN, GAT, and 

MixHop can capture network structural information to a certain 

extent, their classification performance remains limited due to 

the lack of specific optimization for key node identification. 

Although APPNP achieves competitive performance through 

enhanced information propagation, its ranking capability 

reflected in the τ metric still lags behind KeyGAM-GCN. SGC 

offers improved computational efficiency but suffers from 

reduced capacity, resulting in lower accuracy. In addition, 

traditional centrality-based methods (DC and CC) perform 

consistently worse across all datasets, indicating that relying 

solely on topological features is insufficient for effective key 

node identification. By contrast, KeyGAM-GCN significantly 

enhances key node recognition and maintains stable superiority 

across diverse networks. 

5. Case study: Beijing subway network 

In this section, we presents a case study of the Beijing Subway 

network, systematically evaluating the performance of the 

KeyGAM-GCN model in the task of key node identification 

within real-world transportation networks. First, we compare 

the classification performance of KeyGAM-GCN with multiple 

baseline models to assess its predictive accuracy and ranking 

consistency. Second, we compute the NDCG at different values 

of K to evaluate the effectiveness of each model in ranking key 

nodes. Furthermore, we analyze the variation in key node ISE 

values as K% changes, providing insights into the impact of 

different models on the efficiency of information propagation. 

Finally, we conduct a sensitivity analysis by adjusting the 

epidemic dynamics parameters to examine the model's 

robustness and ranking consistency in network propagation 

processes. 

The Beijing Subway network, serving as the experimental 

dataset, consists of 401 stations (nodes) and 478 edges, forming 

a complex transportation system. The basic topological 

properties of the network are as follows. n = 401, m = 478, <k> 

= 2.41, kmax = 6, c = 0.0063, and d = 0.0059. Specifically, the 

station information and line data of Beijing Subway is obtained 

by the Amap API, and the subway network topology is 

constructed by NetworkX. In the transportation network, each 

station (node) represents a subway station, while the rail 

connections (edges) between stations represent direct transfer 

relationships between adjacent stations. Furthermore, the 

constructed NetworkX graph is we converted into PyTorch 

Geometric (PyG) format to accommodate graph neural network 

(GNN)-based model training and experimental analysis. The 

topology of the Beijing Subway network is shown in Figure 4. 

 

Figure 4. The topological structure of Beijing Subway. 

5.1. Model performance analysis 

The performance evaluation of KeyGAM-GCN is performed by 

comparing with six baseline models on Beijing subway network. 

The experimental setup employed propagation dynamics 

parameters set to β =0.5, γ =0.1,and α =0.05,with node 

importance labels generated through 1,000 iterations of the 

SIRS model simulation. As shown in Table 3, KeyGAM-GCN 

consistently demonstrates a significant advantage across 

multiple performance metrics. 

Table 3 presents a detailed comparison of model 

performance. The results indicate that KeyGAM-GCN 

significantly outperforms other methods in terms of accuracy 

(ACC) and F1-score. Notably, while APPNP and GCN achieve 

score. Notably, while APPNP and GCN achieve slightly higher 

recall than KeyGAM-GCN, the superior precision and F1-score 

of KeyGAM-GCN suggest that its predictions are more reliable. 

From a practical application perspective, the high Kendall's Tau 
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(τ) value of KeyGAM-GCN is particularly valuable. Analysis 

shows that the top 10% of key stations identified by KeyGAM-

GCN account for 89.5% of the system's potential propagation 

risk, which is crucial for designing precise prevention and 

control strategies. 

Table 3. Performance comparison of KeyGAM-GCN and 

baseline methods. 

Method ACC F1 Recall τ 

APPNP 0.7920 0.8095 0.8867 0.5950 

Mix-Hop 0.8071 0.8157 0.8563 0.6174 

SGC 0.7947 0.8026 0.8370 0.5917 

GCN 0.8512 0.8532 0.8674 0.7028 

GAT 0.8429 0.8398 0.8259 0.6862 

DC 0.5013 0.0320 0.0165 0.0003 

CC 0.5371 0.2363 0.1436 0.1166 

KeyGAM 0.9201 0.9152 0.8646 0.8453 

The performance of traditional centrality-based methods 

provides important insights. Both degree centrality (DC) and 

closeness centrality (CC) exhibit significantly weaker results. 

This suggests that in complex systems such as subway networks, 

relying solely on topological features is insufficient for 

effectively capturing dynamic propagation characteristics. 

Additionally, the performance of the GAT model warrants 

attention. Although its accuracy is relatively high, its recall is 

lower than that of GCN. Our analysis suggests that this may be 

due to the attention mechanism overly focusing on a few 

important neighbors while neglecting the characteristics of 

global propagation pathways. 

5.2. Ranking performance evaluation 

To further evaluate the effectiveness of different models in key 

node ranking tasks, this section analyzes Normalized 

Discounted Cumulative Gain (𝑁𝐷𝐶𝐺@𝐾 ) performance for 

various values of K (10, 20, 30, 40, 50). 𝑁𝐷𝐶𝐺@𝐾 is a crucial 

metric for assessing the quality of key node ranking, where 

higher values indicate that the model's ranking is more 

consistent with the true importance distribution of nodes in 

terms of propagation risk. To provide an intuitive comparison of 

ranking performance across different models, we present the 

𝑁𝐷𝐶𝐺@𝐾  curves for each method at different 𝐾  values, as 

illustrated in Figure 5. 

The 𝑁𝐷𝐶𝐺@𝐾  of all models increases with K, indicating 

enhanced ranking stability for larger key node sets, and the 

relative ranking errors among the top K nodes decrease. The 

results align with the propagation dynamics of complex 

networks, and the influence of key nodes often follows a long-

tail distribution. The accuracy of the top 10 nodes ranking 

depends on the overall propagation, and local ranking errors 

exert a diminishing effect on the global results as 𝐾 increases, 

which leads to a gradual increase of 𝑁𝐷𝐶𝐺@𝐾. Moreover, as 

shown in Figure 5, KeyGAM-GCN consistently achieves the 

highest NDCG for 𝐾  = 10, 20, 30, 40 and 50, which 

demonstrates the robustness and effectiveness in key node 

ranking. Furthermore, KeyGAM-GCN maintains a leading 

position as K increases, reaching an NDCG@50 score of 0.9021, 

indicating that it can effectively identify key nodes not only 

within a small subset (𝐾 =10) but also across a broader range 

(𝐾  =50). Therefore, the results show that KeyGAM-GCN is 

well-suited for key nodes identification in diverse transportation 

networks. 

 

Figure 5. 𝑁𝐷𝐶𝐺@𝐾 performance curves of seven methods. 

The 𝑁𝐷𝐶𝐺@𝐾  of all models increases with 𝐾 , indicating 

enhanced ranking stability for larger key node sets, and the 

relative ranking errors among the top 𝐾  nodes decrease. The 

results align with the propagation dynamics of complex 

networks, and the influence of key nodes often follows a long-

tail distribution. The accuracy of the top 10 nodes ranking 

depends on the overall propagation, and local ranking errors 

exert a diminishing effect on the global results as 𝐾 increases, 

which leads to a gradual increase of 𝑁𝐷𝐶𝐺@𝐾. Moreover, as 

shown in Figure 5, KeyGAM-GCN consistently achieves the 

highest NDCG for 𝐾  = 10, 20, 30, 40 and 50, which 

demonstrates the robustness and effectiveness in key node 

ranking. Furthermore, KeyGAM-GCN maintains a leading 

position as 𝐾  increases, reaching an NDCG@50 score of 

0.9021, indicating that it can effectively identify key nodes not 
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only within a small subset (𝐾 =10) but also across a broader 

range (𝐾 =50). Therefore, the results show that KeyGAM-GCN 

is well-suited for key nodes identification in diverse 

transportation networks. 

5.3. Spreading influence analysis 

The Influence Spread Error (ISE) across different coverage 

proportions (5%, 10%, 15%, 20%, 25%, and 30%) is analyzed 

to evaluate the effectiveness of various models in key node 

identification tasks. The ISE can measure the discrepancy 

between the predicted set of key nodes and the actual influence 

spread, with lower ISE values indicating a higher alignment 

between the identified key nodes and the true propagation 

patterns. The variation of ISE with respect to L % for different 

methods is illustrated in Figure 6.  

 

Figure 6. ISE performance curves of eight methods. 

From an overall perspective, different methods exhibit 

distinct trends across various key node proportions. KeyGAM-

GCN and APPNP achieve the lowest ISE values when the key 

node proportion is between 5% and 10%, demonstrating their 

strong precision in small-scale key node identification tasks. 

This suggests that these methods effectively prioritize selecting 

core nodes with the most significant influence on controlling 

propagation. However, in the 15%-20% key node proportion 

range, the ISE of most methods, including MixHop and GAT, 

increases. This rise may be attributed to these models relying 

more on local structural features at this stage, failing to fully 

capture global propagation dynamics, and consequently 

selecting nodes that are structurally important but contribute 

less to overall influence control. In contrast, KeyGAM-GCN 

exhibits a relatively smaller increase in ISE within this range, 

suggesting its superior adaptability across different key node 

scales. 

Notably, at 30% coverage, KeyGAM-GCN attains the 

lowest overall ISE, indicating that the selected key nodes are 

effective to cover major propagation pathways and mitigate 

propagation risk. Additionally, KeyGAM-GCN demonstrates 

consistently low ISE for all tested key node proportions, with 

particularly strong performance at 5%, 10%, and 30%. Among 

these, the 30% key node proportion achieves the lowest ISE, 

which shows that the identified key node set is sufficient to 

cover major propagation risks and effectively suppress the 

network-wide influence spread. Meanwhile, the 10% key node 

proportion represents the optimal cost-effectiveness balance, 

which enables the control of 86% of the spread risk with 

minimal resource investment. Therefore, the KeyGAM-GCN 

can achieve a bettter performance under different proportions of 

key nodes in the transportation network. 

5.4. Sensitivity analysis 

The variations in the Kendall correlation coefficient of different 

models under varying recovery rates γ and reinfection rate α on 

the Beijing subway dataset are analyzed. The objective is to 

evaluate the robustness of KeyGAM-GCN and other methods 

to changes in epidemic spreading dynamics. Specifically, the γ 

is set to values ranging from 0.05 to 0.9, and the α varies within 

the same range. The results are presented as two line charts 

depicting the Kendall coefficient variations for different 

methods.  

 

Figure 7. Variation of Kendall's τ coefficient with respect to γ. 
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Figure 8. Variation of Kendall's τ coefficient with respect to α. 

Figure 7 shows the variations in the Kendall coefficient of 

different models under changes in the recovery rate. The 

variation of the recovery rate γ has a significant nonlinear 

impact on model performance, and the Kendall τ coefficient of 

all models exhibits a distinct “U-shaped” change as γ increases. 

When γ is in the medium range of 0.1 to 0.3, all models show  

a significant performance decline. This U-shaped trend 

essentially reflects the trade-off between the “memory effect” 

and “recovery speed” in the epidemic spreading process: lower 

γ values cause the infection state to persist for a longer period, 

allowing the system to accumulate more historical information, 

which facilitates the model's learning of key node features, 

while higher γ values lead to rapid recovery, causing the 

network to quickly return to a quasi-steady state, making the 

influence of key nodes more stable. Under moderate recovery 

rates, the system is in an unstable dynamic transition process, 

where key node rankings are more disturbed, leading to  

a decrease in the Kendall coefficient. 

It can be observed that KeyGAM-GCN achieves the highest 

Kendall coefficient under most values of γ, demonstrating 

strong adaptability to different recovery rates. At γ=0.1, 

KeyGAM-GCN achieves the highest Kendall coefficient of 

0.8453, indicating that its key node ranking under this condition 

exhibits high consistency. 

Figure 8 shows the variations in the Kendall coefficient of 

different models under changes in the reinfection rate. 

KeyGAM-GCN performs best under all reinfection rate values, 

maintaining the highest Kendall coefficient, indicating that its 

key node identification ability is not affected by drastic changes 

in epidemic spreading parameters. At α=0.05, KeyGAM-GCN 

achieves 0.8453, demonstrating particularly stable key node 

identification performance under conditions of low reinfection 

probability. 

6. Conclusions 

This paper proposes KeyGAM-GCN model to identify the key 

nodes in the traportation networks, which integrate structure 

information and attribute information by leveraging adaptive 

feature learning to enhance model robustness under varying 

epidemic dynamics. KeyGAM-GCN outperforms seven 

baselines on ten networks, with a 37.24% average Kendall's tau 

improvement and about 4.20% gain in NDCG@K, while 

maintaining a low ISE. It remains robust and generalizes well 

across varying recovery and reinfection rates, surpassing 

traditional centrality and deep learning methods. In the future, 

the influence of real-world critical stations should be considered 

by incorporating richer operational data and historical event 

records.  
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