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Abstract: This study investigated the characteristics and functionalities of China’s High-
Speed Railway (HSR) network based on Complex Network Theory (CNT) and Graph
Convolutional Networks (GCN). First, complex network analysis was applied to provide
insights into the network’s fundamental characteristics, such as small-world properties,
efficiency, and robustness. Then, this research developed three novel GCN models to
identify key nodes, detect community structures, and predict new links. Findings from
the complex network analysis revealed that China’s HSR network exhibits a typical small-
world property, with a degree distribution that follows a log-normal pattern rather than a
power law. The global efficiency indicator suggested that stations are typically connected
through direct routes, while the local efficiency indicator showed that the network performs
effectively within local areas. The robustness study indicated that the network can quickly
lose connectivity if key nodes fail, though it showed an ability initially to self-regulate
and has partially restored its structure after disruption. The GCN model for key node
identification revealed that the key nodes in the network were predominantly located
in economically significant and densely populated cities, positively contributing to the
network’s overall efficiency and robustness. The community structures identified by the
integrated GCN model highlight the economic and social connections between official
urban clusters and the communities. Results from the link prediction model suggest the
necessity of improving the long-distance connectivity across regions. Future work will
explore the network’s socio-economic dynamics and refine and generalise the GCN models.

Keywords: key node identification; community detection; link prediction; small-world
network; graph attention networks; variational graph autoencoder; network efficiency
and robustness

1. Introduction
The complex network approach is recognised for its ability to uncover the statistical

characteristics and measurements of networks, which are pivotal in assessing and en-
hancing railway systems, particularly in the analysis of intricate network datasets. For
instance, a study of the Indian Railway Network [1] confirmed the presence of small-world
characteristics and exponential distributions of node degrees and edge weights, which are
commonly observed in railway networks. It also identified the most critical stations and
explored the correlations between traffic and network topology. The work of [2] introduced
the complex network method to the study of physical railway structures and operational
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strategies for analysing network efficiency. Its case study results indicate that the key sta-
tions identified in the railway network play a significant role in enhancing overall network
efficiency. Additionally, the study of [3] proposed a multi-layer complex network-based
approach for calculating key indicators to assess node importance and to identify critical
track sections.

However, most existing studies focus on analysing the current, static features of a
network and do not explore its dynamics, such as predicting link formations and network
patterns [4–7]. While Complex Network Theory (CNT) provides a valuable insight into
railway network analysis, its constraints are evident when confronted with extensive and
varied network datasets [8,9]. The CNT methods often demand substantial computation
and may be too generalised to effectively address the complexities of real-world scenarios.

To address these challenges, this study introduces a novel method that combines Graph
Convolutional Network (GCN) models with traditional CNT to improve the analysis of
railway network dynamics. This method considers both network structures and intrinsic
characteristics, therefore enhancing the prediction accuracy and applicability. A case
study on China’s High-Speed Railway (HSR) network was conducted to demonstrate the
effectiveness of the approach. The primary objective of this study was to explore whether
integrating GCN models with complex network indicators can effectively capture both the
topological and functional characteristics of large-scale railway systems. By doing so, this
approach aims to uncover critical patterns in node importance, community organisation,
and potential connectivity, which are essential for improving transport planning, robustness,
and adaptability. The broader contribution lies in demonstrating how modern deep learning
techniques can complement traditional network science to support strategic analysis and
inform the future development of national-scale transportation systems.

The remainder of this paper is structured as follows: Section 2 reviews state-of-the-art
railway network analysis techniques. Section 3 describes the data and methodologies used
for complex network analysis. Section 4 presents the research findings. Section 5 discusses
the results and limitations, and Section 6 concludes the study.

2. Literature Review
2.1. Railway Network Analysis Based on CNT and GCNs

In the analysis of railway networks using Complex Network Theory (CNT), most
studies have primarily focused on examining the network’s static features. For instance,
in work [4], the authors highlighted the core–periphery structure and the small-world
and scale-free characteristics of China’s railway network while overlooking the network
dynamics. Similarly, research [5] did not consider the forecasting and optimisation of
potential future connections, which are crucial for enhancing the network’s operational
efficiency and resilience. The research in [6] analyses the structure of Iran’s railway network
and emphasises the need for optimisation, while the study presented in [7] provides
valuable insights into the socio-economic relationships within the railway network. Neither
study explored potential performance improvements through predictive modelling of
new connections.

Overall, these studies demonstrate the versatility and applicability of CNT in the
analysis of railway systems, but limitations remain, particularly in network dynamics
analysis and prediction. Moreover, robustness assessment can pinpoint existing risk areas
in the network [10,11]. There remains a scarcity of systematic and methodological research
on the robustness analysis of railway networks. Given its effectiveness and adaptability,
GCNs [12] have the potential to overcome these constraints. Compared to traditional ma-
chine learning methods, such as random forest [13], support vector machines (SVM) [14],
and conventional artificial neural networks (ANNs) [15], GCNs are particularly suitable
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for analysing complex networks like railway systems. Unlike traditional approaches that
typically treat observations as independent and identically distributed, GCNs inherently
leverage graph structures by propagating node-level information through edges, effectively
capturing the interdependencies among nodes and enhancing performance in node clas-
sification, community detection, and link prediction tasks. Moreover, GCNs offer more
accurate analysis and forecasting of railway network dynamics and patterns.

The work in [16] presented a replicable Graph Neural Network benchmarking frame-
work, demonstrating its efficiency in handling complex datasets. The authors in [17]
introduced two metrics to predict the potential performance advantages of graph-aware
models. The framework proposed in [18] aims to identify the most suitable Graph Neu-
ral Network architecture. The GNNLens tool, introduced in [19], focuses on identifying
incorrect predictions. GNNExplainer, which was developed in [20], provides both predic-
tions and explanations. In relation to railway analysis, the HetGNN model introduced
by [21] is employed to examine train delays, demonstrating the capability of Graph Neural
Networks in addressing practical operations. A graphical long short-term memory neural
network (G-LSTM) was developed in [22] to assess and forecast the health status of the
railway station equipment, enhancing the effectiveness and accuracy of railway equip-
ment management. A multi-view graph attention network model was proposed in [23],
achieving high accuracy in forecasting railway traffic. The use of Graph Neural Networks
complements CNT in analysing railway systems, providing comprehensive support for
optimising railway networks and managing risks.

2.2. The Two Key Topics

In research [24], two specific functions based on CNT—community detection and
link prediction—were proposed. The community detection function identifies potential
sub-networks within a complex network, while the findings in [25] show that sub-networks
enhance comprehension of a network and help identify the characteristics of different
network types. Various techniques are available for detecting railway network commu-
nities, such as betweenness centrality and modularity maximisation algorithms [26]. The
betweenness centrality algorithm detects communities by iteratively removing edges based
on centrality values, while the modularity maximisation algorithm partitions communities
using the modularity metric to assess effectiveness.

Link prediction methods generally fall into two categories, i.e., learning-based pre-
diction and similarity-based prediction. Learning-based methods employ classification
techniques, such as decision trees, Adaboost, and Markov chains [27,28] to forecast the
likelihood of links based on node properties. However, feature selection and accuracy
evaluation pose significant challenges in practice. Similarity-based methods, including the
Jaccard coefficient [29], the Adamic–Adar index [30], and preferential attachment [31], pre-
dict links based on node similarity. Relying solely on node similarity is yet insufficient for
accurate railway network link prediction. The Graph Neural Network approach addresses
these limitations by aggregating the information from nodes, edges, and their neighbours
through message passing.

This study aims to develop Graph Convolutional Network models, a variant of Graph
Neural Networks, for community detection and link prediction of China’s railway network,
to provide a deeper understanding of network features and structure, and to offer a general
approach for railway network analysis.

3. Methodology
This study analyses China’s High-Speed Railway (HSR) network using Complex

Network Theory (CNT) and Graph Convolutional Networks (GCN). First, the datasets,
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including train schedules, station information, connections, and timetables, are scraped
from the China Railway website. Stations within the same city are consolidated into a single
node. The direction of railway connections was not considered due to the bidirectional
nature of China’s HSR travel. The key characteristics of the HSR network were summarised,
as shown in Table 1, after preprocessing.

Table 1. The key characteristics of China’s HSR network.

Number of nodes 379 Number of edges 1096

Max degree 35 Min degree 1

Average clustering
coefficient (C) 0.5786 Average shortest path

length (L) 4.2145

Random network clustering
coefficient (CRandom) 0.0104 Random network characteristic

path length (LRandom) 3.5940

Figure 1 presents the structural layout of China’s High-Speed Railway (HSR) network
that was used in this study. Each node denotes a city with at least one HSR station, and
each edge represents a direct rail connection. Several representative cities across different
regions (e.g., Beijing, Shanghai, Guangzhou, Chengdu, Wuhan, Shenzhen, Urumqi, and
Harbin) are highlighted to illustrate the network’s geographical coverage and complexity.

Figure 1. China’s High-Speed Railway network structure.

Then, complex network indicators (which are defined in Appendix A) were computed
to provide insights into the network’s fundamental characteristics. Here, global efficiency
and local efficiency were used to measure the network’s transmission capacity, while the
assortativity coefficient and network density revealed connectivity patterns and growth
potential. The network’s robustness was analysed using the largest strongly connected
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component proportion, largest weakly connected component proportion, average clustering
coefficient, and global efficiency metrics as 10%, 20%, 40%, 50%, 60%, and 80% nodes were
gradually removed. Next, a Graph Convolutional Network (GCN) model with a three-layer
structure, modulated by the ReLU activation function [12,32], was developed to identify
key nodes. The model takes, as input, a node vector with features that include the node
degree, betweenness centrality, closeness centrality, and node elasticity, which are then
convolved into sixteen hidden features before outputting the node importance. Finally,
two additional novel GCN models (which are detailed in the following sections) were
developed for community detection and link prediction, respectively.

3.1. Community Detection

GCNs can capture intricate connections and extract the crucial information between
network nodes [33]. This research develops an integrated model based on GCNs and
clustering algorithms for community detection. A GCN model was developed to generate
latent node features and encode the node location and role within a network, which are
then used by K-Means [34] and X-Means [35] algorithms for clustering. The GCN model
has a three-layer structure, with the Dropout technique being applied to prevent overfitting.
Dropout randomly deactivates a subset of neurons during training, which prevents the
model from becoming overly reliant on specific features and encourages the learning of
more generalisable and robust representations.

Input Feature Construction. Each node is represented by a four-dimensional vector
composed of degree centrality, betweenness centrality, closeness centrality, and the cluster-
ing coefficient. These features reflect each node’s structural role and importance, and they
also serve as the input to the GCN. This approach enables the model to capture both the
structural representation and node-level properties of the network.

GCN Architecture. The GCN consists of three graph convolutional layers, each of
which are followed by a ReLU activation. The hidden representation has a dimension of 16.
Dropout with a rate of 0.5 is applied between layers to prevent overfitting. The propagation
rule is as follows:

H(l+1) = σ(D̃−1/2 ÃD̃−1/2H(l)W(l)), (1)

where Ã = A + I is the adjacency matrix with self-loops, D̃ is its degree matrix, H(0) is the
input feature matrix, and σ denotes the ReLU activation function.

Optimisation Objective. The loss function Φ(C) is computed based on community
conductance, which measures the cohesion of a community by a ratio between the number
of edges within a community, eintra(C), and the number of edges from other communities
to the community, einter(C):

Φ(C) =
einter(C)

2 · eintra(C) + einter(C)
. (2)

In this context, Φ(C) evaluates the quality of community C, where a lower value
indicates tighter intra-community connectivity and fewer inter-community connections.
The final objective is to minimise the total loss L, which is defined as the sum of conductance
across all communities C:

L = ∑
C∈C

Φ(C). (3)

The loss function reinforces the connectivity within a community while disregarding
the inter-communities.

Training and Clustering. The model is trained using the Adam optimiser with a
learning rate of 0.01 for 200 epochs. Upon convergence, node embeddings are clustered
using the K-Means algorithm. The number of communities is empirically set to 19 based on
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modularity maximisation and geographic interpretability. This setting balances modularity
optimisation with the number of meaningful regional clusters, as community counts below
or above this value either under-cluster or fragment core regions excessively.

3.2. Link Prediction

This study developed a novel link prediction model by integrating Graph Attention
Networks (GATs) [36] and Variational Graph Autoencoder (VGAE) [37]. In this model,
the GAT layer generates the means and log-variances of node representations, which are
then used in the reparameterisation process of the VGAE model. In the VGAE model,
its original GCN component is replaced with a GAT encoder, which is then combined
with an inner product decoder, to capture the latent features of nodes and improve link
prediction accuracy.

Model Overview. The model consists of a GAT-based encoder, a reparametrisation
module, and an inner-product decoder. The encoder produces two node-level representa-
tions, the mean vector µ and the log-variance vector log σ2, from which latent variables z
are sampled using the reparametrisation trick. The latent variable z refers to a node-level
vector representation in the latent space.

Latent Representation Learning. We used two layers of GATs to extract local structural
representations. These layers learn the attention coefficients between connected nodes,
yielding µ and log σ2. The latent embedding z is then obtained by sampling from a Gaussian
distribution:

z = µ + ϵ · σ, ϵ ∼ N (0, I),

where σ = exp(0.5 · log σ2). This allows for stochastic learning while maintaining back-
propagation compatibility.

Edge Probability Decoding. The decoder computes the probability of an edge between
a node pair (i, j) using an inner product decoder: pij = σ(zT

i zj), where σ is the sigmoid
function. Here, zi and zj denote the latent vectors of nodes i and j, and their inner product
reflects their similarity in the latent space. A higher inner product corresponds to a higher
likelihood of an edge.

Its loss function combines Kullback–Leibler (KL) divergence and binary cross (BC)
entropy to balance model overfitting and accuracy, as shown below:

L = KL + BC, (4)

KL = −1
2

N

∑
i=1

(
1 + log(σ2

i )− µ2
i − σ2

i

)
, (5)

BC = −[y log(p) + (1 − y) log(1 − p)], (6)

where µ, log(σ2
i ), N, y, and p refer to the node mean, node log-variance, number of nodes

in the network, observed edge label, and predicted edge probability, respectively. The KL
divergence ensures that the distribution of nodes learned does not deviate excessively from
the prior distribution, while the BC term compares the observed edge labels (0 or 1) with
the predicted probabilities p.

Training Strategy. The model is trained for 200 epochs using the Adam optimiser
with a learning rate of 0.01. In each epoch, we sample an equal number of negative links as
positive ones to form balanced mini-batches. Early stopping is applied with a patience of
10 epochs to prevent overfitting.

Post-processing and Filtering. After training, all of the unobserved links were ranked
by predicted probability. To ensure practical and interpretable recommendations, we
applied a filtering process that excludes links within the same existing railway route and
those connecting isolated low-degree nodes. Additionally, a Random Forest classifier was
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trained using topological features (e.g., the node degree and clustering coefficient) to further
refine predicted links. Only links with predicted probability above 0.5 and deemed to be
informative by the classifier were visualised in the final results.

4. Results
4.1. The Complex Network Characteristics of China’s HSR Network

Table 1 shows that China’s HSR network is a typical small-world network with
C >> CRandom and L ≈ LRandom, where the nodes are closely connected with relatively
short distances. In a high-speed railway network, this structure allows geographically
distant cities to be connected with only a few transits, boosting the network’s functional
efficiency and fostering economic and social connections. Table 2 highlights the top 20 key
nodes by degree in China’s HSR network, while Figure 2a,b compare the spatial distribution
of the key nodes with economically and demographically dense cities on the Chinese map.
This comparison illustrates the urban development patterns and the impact of the railway
network on urban growth.

Table 2. Top 20 key nodes by degree.

Rank Name Degree Rank Name Degree

1 Fuzhou 35 11 Wuhan 20
2 Beijing 33 12 Changchun 17
3 (SH) Hongqiao 32 13 Guangzhou 16
4 Hankou 31 14 Chongqing 16
5 Nanjing 31 15 Nanning 16
6 Nanchang 25 16 Ningbo 16
7 Xiamen 23 17 Guilin 16
8 Hangzhou 23 18 Zhengzhou 16
9 Chengdu 22 19 Wenzhou 16

10 Shenyang 21 20 Taiyuan 16

(a) (b)

Figure 2. The spatial distributions of key nodes (a) and hub cities (b).

The degree distribution is shown in Figure 3a with a mean degree of 4.8. Figure 3b,c
show the cumulative degree distribution and its log–log scale, indicating that the degree
distribution does not follow a power law but rather a log-normal distribution. This implies
that the network exhibits a hierarchical arrangement, with most cities having moderate
connections, while only a few hub cities possess significantly higher connectivity.
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(a) Degree Distribution (b) Cumulative Degree Distribution

(c) Log-Log Cumulative Degree Distribution

Figure 3. Degree distributions of China’s HSR network.

Table 3 presents the measured network efficiencies. The global efficiency indicates that
the stations are typically connected through direct routes, reducing travel times and costs.
This aligns with China’s HSR system, which provides fast connections between economic
hubs in the eastern and western regions. The high local efficiency implies that the network
performs effectively within local areas or city clusters, demonstrating high redundancy and
robustness. This underscores the effective optimisation of the HSR network at the regional
level, ensuring the continuity of service even during local disruptions. The assortativity
coefficient indicates a tendency for nodes within the network to connect with other nodes
of similar degrees. This uniformity in node connectivity, simplifying the network structure
and improving operational efficiency, is essential for network stability. The low network
density reveals that the HSR network is widespread but has limited connections, suggesting
that the network has considerable capacity for future expansion.

Table 3. Efficiency measures of China’s HSR network.

Global Efficiency (Eglob) 0.2720 Assortativity Coefficient (r) 0.1688

Local Efficiency (Eloc) 0.6663 Network Density (D) 0.0153

Resilience in complex networks refers to the system’s capacity to maintain connectivity
and functionality under node failures or external disruptions. In this study, we adopted
random node removal (i.e., random attacks) to evaluate the baseline robustness of the HSR
network. This approach mimics unpredictable events, such as natural disasters, technical
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failures, or random malfunctions, which occur without strategic targeting. Although
targeted attacks on critical nodes can offer complementary insights, our focus is to simulate
generalised disturbances that may arise in real-world scenarios. This methodology follows
standard practices in robustness analysis [38,39]. The resilience of the network is studied by
simulating random attacks on nodes. Three metrics, i.e., the largest connected component
proportion, average clustering coefficient, and global efficiency, were used to evaluate the
resulting changes in the network, as shown in Figure 4.

Figure 4. Robustness of China’s HSR network.

The above figure shows that the largest connected component proportion diminished
rapidly as more nodes were removed, suggesting that the network can quickly lose con-
nectivity if key nodes fail. The initial variation in the clustering coefficient indicates the
network’s ability to self-regulate and partially restore its structure following a disruption.
Interestingly, the global efficiency of the network initially improves as more nodes are
removed, reflecting a temporary increase in efficiency due to the removal of peripheral
nodes, which reduces the average shortest path lengths among remaining hubs. Overall,
China’s HSR network exhibits resilience and adaptation in response to disruptions. Imple-
menting effective improvement strategies and contingency plans is crucial for maintaining
network stability.

4.2. Key Node Detection

The importance score for each station is predicted by the GCN model, which is listed
by rank in Table 4 and mapped onto the Chinese map in Figure 5.

Table 4. Key nodes by importance score.

Rank Name Score Rank Name Score

1 Fuzhou 6.516889 11 Wuhan 4.5285864
2 (SH) Hongqiao 6.1614046 12 Changchun 3.893515
3 Beijing 6.094687 13 Wenzhou 3.7896342
4 Haikou 5.9536953 14 Chongqing 3.7215261
5 Nanjing 5.91088 15 Ningbo 3.6994753
6 Nanchang 5.145378 16 Nanning 3.6439276
7 Xiamen 5.0674806 17 Guangzhou 3.639298
8 Hangzhou 4.768429 18 Suzhou 3.611753
9 Chengdu 4.6309624 19 Taiyuan 3.5928736
10 Shenyang 4.544697 20 Guilin 3.5588112
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Figure 5. Key node distribution on a map of China.

From the table, Fuzhou, Shanghai Hongqiao, and Beijing emerged as the most pivotal
nodes, which is consistent with their geographical positions and economic roles in China,
while nodes such as Nanjing, Hangzhou, and Xiamen were important as capital cities
or local economic hubs. Figure 5 shows that the primary nodes are mainly located in
the eastern and central regions of China, especially in the Yangtze River Basin and the
Pearl River Delta. These areas are the most vibrant economically in China, and they
are characterised by significant urbanisation and economic operations that require well-
functioning transportation systems. There are only a limited number of nodes in the western
region, which may be due to the region’s economic underdevelopment and low population
density. However, this does not imply that well-functioning systems are unnecessary in
these regions. On the contrary, improving railway accessibility in the western region is
essential for promoting national cohesion and reducing development disparities. The sparse
distribution of key nodes in these areas may reflect insufficient infrastructure rather than a
lack of necessity. This distribution also highlights the disparity in China’s HSR network
development, which should be addressed through targeted policies and investments.

Compared to the conventional hub cities in Figure 2b, which are predominantly
clustered in the eastern and central regions of China (which is in line with the country’s
economic dynamics and population distribution), the key nodes identified by the GCN
model underscore their importance in improving the resilience and effectiveness of the
network. Beijing, Shanghai (Hongqiao), and Guangzhou are included in both perspectives,
indicating that these urban areas serve not only as major economic and demographic hubs,
but also as key structural nodes within the network. Conversely, the cities, including
Fuzhou and Nanchang, ranked high by the GCN model and degree distribution did not
appear among the conventional hub cities.
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4.3. Community Detection and Analysis

The integrated model, which combines GCNs and clustering algorithms, identifies
19 communities, as shown in Figure 6. These communities were identified using the K-
Means clustering algorithm applied to the node embeddings produced by the trained GCN
model. The number of clusters was set to k = 19 based on empirical observations that align
with regional and functional divisions in China’s railway system. This setting provides
well-separated community structures that facilitate both visualisation and interpretability.

Figure 6. Communities in China’s HSR network.

The figures show clusters of varying sizes and density distributions, reflecting dif-
ferences in interconnectedness and efficiency. The communities represented by Beijing,
Shanghai, and Guangzhou are positioned at the core of the network, which is consistent
with their status as major urban hubs. These key urban areas are visually highlighted
with red circles in Figure 6 to emphasise their central role. In contrast, communities in
the mid-west region exhibited a smaller and more dispersed distribution, highlighting
disparities in transportation development, economic status, and population density across
the regions. Despite the presence of several hub nodes, the HSR network as a whole
exhibits a decentralised structure, with numerous small- and medium-sized cities playing
a significant role.

The nodes in communities are then classified by degree, i.e., those with 20 or more
degree as core nodes (Type 1), 15–20 as gateway (Type 2), and the remaining as peripheral
nodes (specifically, 10–15 as Type 3 and the rest as Type 4), as shown in Figure 7. The
core nodes, which are typically located at the centre of a community, have a high level
of connectivity, while the gateway bridges the characteristics between communities. The
peripheral nodes, often situated on the community’s outskirts, are less interconnected. As
shown in Figure 7, these communities consist of a mix of node types. Communities 1, 3, and
5 are characterised by a significant proportion of core nodes, indicating a robust internal
structure, whereas Communities 2 and 4 are dominated by peripheral nodes, suggesting
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lower connectivity and potential vulnerability to network disruptions. This internal struc-
ture pattern also implies that, in the event of targeted attacks or node failures, communities
with fewer core and gateway nodes (e.g., 2 and 4) may suffer from rapid fragmentation or
isolation, highlighting the importance of improving their external connectivity.

Figure 7. Node distribution by community and type.

Moreover, a heat map in Appendix B further compares various characteristics, such as
the node count and average degree, among the communities. An edge density analysis,
as shown in Appendix C, showed that Community 16 has a high edge density, indicating
it is highly connected and likely serves as a central hub with potential strategic economic
or geographic significance. Moreover, by analysing the node types and density metrics
across communities, the proposed framework also enables the identification of structural
weaknesses and supports targeted enhancements in network planning.

Community connectivity can be studied based on node density and important path-
ways among communities. Figure 8 shows the node density by community, where commu-
nities with high node density, such as Community 7, exhibit a concentrated connectivity
pattern, which is indicative of urbanised regions. In contrast, communities with low node
density, such as Community 3, suggest geographical isolation and economic underdevel-
opment. This was found to primarily occur in western China, highlighting the need for
improvements in internal and external transport connections. Figure 9 depicts the impor-
tant pathways (in purple) connecting communities through key nodes in China’s HSR
network. These inter-community links, converging on central hubs such as Zhengzhou and
Changsha, illustrate the structural role of these nodes in bridging regions and supporting
overall network cohesion.

The connectivity within and between communities offers insight into the overall
characteristics of China’s HSR network. It highlights disparities in infrastructure and
economic development across regions. Policymakers should focus on improving both intra-
and inter-community connectivity to stimulate economic and social growth and achieve
more balanced regional development.
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Figure 8. The node density degrees of communities.

Figure 9. Important pathways among communities in China’s HSR network.

The communities detected by the GCN model and China’s officially designated urban
agglomerations were then compared. Four communities, i.e., 3, 5, 12, and 15, were chosen
and displayed on the map of China, as shown in Figure 10. Community 3 is a cluster of
interconnected nodes located primarily in eastern China. This formation likely represents
the urban concentration in the Yangtze River Delta, which is known for its robust economic
and transportation connections among capital cities and is consistent with the established
urban groups in China. However, it did not appear to encompass all of the key cities
within the urban agglomeration, highlighting a discrepancy between the connectivity of
the HSR network and the strength of economic ties. Similar patterns are observed in
Communities 5, 12, and 15. The selection of Communities 3, 5, 12, and 15 was based on
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both geographical coverage and structural diversity. Specifically, these communities were
chosen to represent different regional characteristics (eastern, central, and northeastern
China), network densities, and functional roles. For instance, Community 3 exhibits the
dense connections among core cities, while Community 15 reflects a more fragmented
structure. This selection enables meaningful comparisons across structurally and regionally
diverse communities, revealing both representative connectivity patterns and structurally
marginal cases within China’s High-Speed Railway network.

(a) Community 3 (b) Community 5

(c) Community 12 (d) Community 15

Figure 10. Distributions of sample communities.

4.4. Potential Links in the Network

Figure 11 shows the results of the link prediction model, which integrates GAT and
VGAE, to forecast the potential connections within China’s HSR network. The black lines
depict existing railway connections between cities, while the red dashed lines show the
predicted connections. The predicted connections cover extensive distances, demonstrating
the model’s ability to identify inter-regional transport demand. Establishing these connec-
tions could enhance inter-regional accessibility and promote the integration of regional
economies. Furthermore, some predicted connection points are located on the network’s
periphery, highlighting the need for development in remote regions. Notably, the predicted
connections were derived solely from the topological structure of the network, without
incorporating external factors, such as geographic proximity, economic ties, or population
distribution. Despite this, the results reveal plausible inter-regional links and underserved
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peripheral regions. This suggests that the structural properties alone capture meaningful
latent patterns. In future studies, additional contextual information could be integrated to
further refine these predictions.

Figure 11. Potential links in the HSR network.

5. Discussions
This research provides a comprehensive analysis of China’s HSR network using Com-

plex Network Theory (CNT) and Graph Convolutional Network (GCN) techniques. The
complex network analysis confirms the network’s small-world properties and highlights
variability in the degree distribution. By developing three distinct GCN models, this study
effectively identified the key nodes that significantly influence the network’s robustness
and effectiveness, revealed the communities and their organisation, and critically compared
these communities with hub cities and urban agglomerations. Additionally, the novel link
prediction GCN model revealed potential connections within the network, offering new
insights and methodologies for future planning of China’s HSR network.

The small-world nature of China’s HSR network suggests its strong connectivity, short
paths, and efficient transmission, which may play a crucial role in both national economic
growth and regional integration. Moreover, the network’s heterogeneity, as indicated by the
degree distribution, reveals disparities in network development. The key nodes predicted
by a GCN model only partially align with the official hub cities in the network, which could
have significant implications for future regional development strategies. Furthermore, the
observed differences in node distribution and internal composition among communities
suggest that the methodology can be extended to assess structural robustness, detect
potential vulnerabilities, and guide the improvement of external transport links.

The integrated community detection model, based on GCN and clustering algorithms,
identifies diverse communities that differ from currently established urban agglomerations.
This disparity may stem from several factors. First, the community detection model focuses
on transport network connectivity, whereas the formation of urban agglomerations involves
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various factors, such as policies, industrial distribution, and transportation accessibility.
Second, the construction of the HSR network likely prioritised economically developed
regions, making the community detection results more reflective of connectivity in these
areas. Furthermore, the HSR system may have facilitated the emergence of new economic
connections, potentially diverging from traditional definitions. The novel GCN model
provides new insights for China’s HSR network planning and regional development. It
identifies patterns pinpointing potential areas for economic collaboration and cohesion.
The model can be enhanced by incorporating economic and social data, such as GDP and
population mobility, to better align with official urban clusters.

This study also developed a novel link prediction model based on Graph Attention
Networks (GATs) and Variational Graph Autoencoder (VGAE), with a well-defined loss
function to balance model overfitting and accuracy. The results highlight the need to
enhance the long-distance railway construction connecting different economic regions,
aligning with China’s current economic growth and population mobility needs. However,
while the predicted links are reasonable, practical factors, like terrain, environmental
regulations, and construction costs, must be considered. The model also requires validation
and improvement through backtesting and expert evaluation.

Overall, the research findings suggest the following strategies for the future devel-
opment of China’s HSR network: enhancing balanced network development across re-
gions, developing long-distance railways between developed and underdeveloped regions,
strengthening key nodes, and planning railway construction according to community
structure. In particular, enhancing rail connectivity in western regions—despite their lower
current population density—is crucial for fostering inclusive growth and ensuring equitable
access to national infrastructure. Future work includes incorporating additional socioeco-
nomic indicators, such as population mobility and GDP, to assess the societal impact of the
network and integrating real-time data for dynamic monitoring and management. The
results can also be improved by refining and optimising the GCN models.

6. Conclusions and Future Work
This research analysed China’s High-Speed Railway (HSR) network using Complex

Network Theory and Graph Convolutional Network (GCN) techniques, focusing on net-
work characteristics, key node and community detection, and link prediction. First, complex
network indicators were computed to reveal China’s HSR network characteristics. Then,
three novel GCN models were developed to identify key nodes, communities, and potential
links within the network.

The research findings show that China’s HSR network has a typical small-world prop-
erty, allowing geographically distant cities to connect with just a few transits. Key nodes
are mainly located in economically significant and densely populated cities, enhancing
the network’s efficiency and robustness. The efficiency study reveals high local efficiency
and low network density, while robustness analysis indicates moderate resilience and
adaptability to disruptions. The identified community structures reflect the economic and
social ties between official urban clusters and the network’s communities. Link prediction
results highlight the need to improve long-distance connectivity across regions to support
regional economic integration and population mobility. However, practical factors, such as
topography and economic feasibility, should also be considered in construction decisions.

This research provides a fresh perspective on understanding and improving China’s
HSR system. Future work will focus on generalising the GCN models, enhancing their
accuracy, and exploring the evolving relationship between network characteristics and
broader socio-economic factors.
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Appendix A. Complex Network Indices

Table A1. Complex network indices used in this study.

Index Equation Definition

Degree Distribution
p(k) = nk

n , where nk and n refer to the number of
edges of node k and total number of

nodes, respectively.

The probability distribution of the degrees of its
nodes [40].

Global Efficiency
Eglob = 1

N(N−1) ∑i,j∈V
i ̸=j

1
d(i,j) , where d(i, j) is the

shortest path length between node i and node j.

Measures the directness of information or resource
transfer between pairs of nodes in a network.

Local Efficiency

Eloc(i) = 1
ki(ki−1) ∑j,h∈Ni

1
djh

, where ki is the
number of neighbours of node i, Ni is the set of
neighbouring nodes, and djh is the shortest path

between node j and node h.

Evaluates the efficiency of a subgraph formed by a
node and its direct neighbours.

Assortativity
Coefficient

r = ∑i(ji−k̄)(ki−k̄)
∑i(ji−k̄)2 , where ji and ki are the degrees

of the nodes at the end of the i-th edge, and k̄ is the
average degree of the network.

The correlation coefficient of the degree of nodes;
measures the level of preference of nodes in a

network connecting to their similar nodes. r is in the
range of [−1, +1], indicating a spectrum from
perfect disassortativity to perfect assortativity.

Network Density D = 2e
n(n−1) .

Ratio of the number of edges e to its maximum
possible number of edges n, reflecting the degree of

saturation of the network.

Small World Effect

LRandom = 1
n(n−1) ∑i ̸=j d(i, j), CRandom =

k̄
n

, where

n is the number of nodes, d(i, j) is the shortest path
length (e.g., number of edges) between node i and

node j, and k̄ is the average of degrees in
a network.

A small world network has a short characteristic
path length L ≈ LRandom, and a significantly large

clustering coefficient C >> CRandom.

Node Elasticity
(Key Nodes)

E = ∑(p)/((N − 1) ∗ (N − 2)), where p is a node
pair matrix representing the number of paths
between each two nodes, and N is the total

number of nodes.

Evaluates how node failures affect a network’s
connectivity. The failure of a node with high

elasticity may lead to network fragmentation or
blockage of information dissemination.

Degree Centrality DC(v) = |v|.

Measures the number of direct connections (edges) a
node v has. In a directed network, this can be split

into in-degree (incoming edges) and out-degree
(outgoing edges). It reflects a node’s immediate

influence or connectivity.
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Table A1. Cont.

Index Equation Definition

Betweenness
Centrality

BC(v) = ∑s ̸=v ̸=t
σst(v)

σst
, where σst is the total

number of shortest paths from node s to node t,
and σst(v) is the number of those paths passing

through node v.

Measures the extent to which a node lies on the
shortest paths between other nodes in the network.

A high value indicates the node acting as a key
“bridge” in the network.

Closeness Centrality
CC(v) = 1

∑u ̸=v d(v,u) , where d(v, u) is the shortest

path distance between v and u.

Measures how close a node is to all other nodes in
the network, calculated as the reciprocal of the

average shortest path distance from node v to all
other nodes u. A higher value means the node

reaches others more quickly.

Clustering Coefficient

C(v) = 2T(v)
degree(v)(degree(v)−1) , where T(v) is the

number of edges (triangles) between the neighbors
of v, and degree(v)(degree(v)− 1)/2 is the
maximum possible number of such edges.

Measures the degree to which the neighbors of a
node v are connected to each other. A high value

indicates a tightly knit local group.

Average Clustering
Coefficient

ACC = 1
N ∑v C(v), where C(v) is the clustering

coefficients of node v and N is the total number
of nodes

Measures the average of clustering coefficients
across all nodes in a network. It reflects the overall
tendency of nodes to form clustered groups, often

used to identify small-world properties.

Node Count N
The total number of nodes in a network,

representing the stations or cities in a
railway system.

Average Degree k̄ = 1
N ∑N

i=1 ki, where ki is the degree of node i,
and N is the total number of nodes.

The average number of connections (edges) per
node in a network, indicating the overall

connectivity level.

Average Path Length
L = 1

N(N−1) ∑i ̸=j d(i, j), where d(i, j) is the
shortest path length between node i and node j,

and N is the total number of nodes.

The average shortest path length between all pairs
of nodes in the network, reflecting the efficiency of

information or resource transfer.

Density
D = 2E

N(N−1) , where E is the number of edges, and
N is the total number of nodes.

The ratio of the actual number of edges to the
maximum possible number of edges in the network,

indicating how densely connected a network is.

Node Density
ND = N

A , where N is the number of nodes, and A
is the area of the geographical region covered by

the network.

The number of nodes per unit area, reflecting the
spatial distribution and concentration of nodes in

a network.

Crucial Pathways
among Communities /

The most important connections (edges) that link
different communities in the network, often

determined by their role in maintaining
inter-community connectivity or facilitating

information flow between communities.

Largest Strongly
Connected
Component
Proportion

LSCCP = |max(SCC)|
N , where |max(SCC)| is the

number of nodes in the largest strongly connected
component and N is the total number of nodes in

a network.

An SCC is a subset of nodes where every node is
reachable from every other node following directed

edges. A higher proportion indicates stronger
overall connectivity in a directed network.

Largest Weakly
Connected
Component
Proportion

LWCCP = |max(WCC)|
N , where |max(WCC)| is the

number of nodes in the largest weakly connected
component (WCC) and N is the total number of

nodes in a network.

A WCC is a subset of nodes where every node is
reachable from every other node when ignoring
edge directions. A higher proportion indicates

better basic connectivity.

Appendix B. Heat Map by Community and Feature
The heat map below provides a comparison of various community characteristics

using the node count, average degree, average clustering coefficient, average path length,
and density (which are defined in Appendix A). For instance, Communities 3 and 5 showed
elevated node and average degree counts, indicating their large size and strong connectivity.
These communities also demonstrated high average clustering coefficients, suggesting a
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tightly knit structure, which is likely influenced by the geographical proximity of cities and
economic zones. Furthermore, they exhibited notably higher densities, highlighting their
robustness and resilience.

Figure A1. Heat Map by community and feature.

Appendix C. Edge Density by Community
The edge density within a community is determined as the proportion of edges to

nodes. Communities with greater edge density exhibit higher connections, implying
frequent interactions. The figure below shows the edge densities of the 19 communities.
While most communities exhibited relatively low edge densities, Community 16 had a high
edge density, indicating it is highly connected and likely serves as a central hub within the
network, thereby potentially holding strategic economic or geographic significance.

Figure A2. Edge density distribution by community.
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