
Machine Learning driven complex network analysis of transport systems

Yuqin Xia a, Kewei Wang a, Purin Tanirat b, Bryan Lee a, Irene Moulitsas a, Jun Li a,*

a Centre for Computational Engineering Sciences, Cranfield University, Cranfield MK43 0AL, UK
b Space Technology Research Center, Geo-Informatics, and Space Technology Development Agency (GISTDA), Chonburi 20230, Thailand

A R T I C L E  I N F O

Keywords:
Clustering
Community detection
Network resilience
Link prediction
Graph convolutional networks
Multi-layer perceptron
China railway network
Paris multi-modal transport system

A B S T R A C T

A complex network is a system of interconnected nodes linked by edges, exhibiting non-trivial structural features 
such as community structure or scale-free distributions. This study develops a novel and generic Machine 
Learning-driven framework that integrates Complex Network Theory and Machine Learning methods for a 
comprehensive and multifaceted analysis of transport systems. Specifically, four key functional development and 
analysis are undertaken: 1) Network analysis, using complex network indicators to study the static properties of 
the transport systems; 2) Network clustering, employing K-means and hierarchical clustering methods to identify 
underlying community structures; 3) Network resilience, examining the networks’ dynamic characteristics and 
structural evolution under escalating node attacks to evaluate their robustness; 4) Link and feature prediction, 
developing Graph Convolutional Networks (GCNs) and Multi-Layer Perceptron (MLP) models to predict hidden 
links and features. The proposed framework is subsequently applied to two distinct transport systems, namely, 
the China railway network and the Paris multi-modal transport system. The complex network analysis reveals 
distinct complex network features in network scale, density, and efficiency, yet both demonstrate a power-law 
distribution. The clustering analysis based on various node and edge properties exhibits a pattern of concen
tric circles, radiating outward from the urban to peripheral cities in China railway network, while a high density 
of short-distance connections within central Paris and a prevalence of long-distance connections in the outskirts. 
The network attack simulations show fine resilience of the Parisian multi-modal system and low resilience of the 
China railway network. For link prediction, an encoder-decoder model based on GCN and multiple MLPs are 
developed for various scenarios. The results for the China railway network reveal critical interregional links, 
emphasizing the need to strengthen regional connectivity, such as expanding the high-speed railway between 
Hainan Island and the mainland, and establishing a major transportation artery running from south to north. In 
the Paris transport system, this study predicts an interesting link extending from southern Paris eastward toward 
northern Seine-et-Marne, indicating a demand for a direct connection. For both networks, the hidden links are 
largely concentrated in more developed areas, likely driven by strong economic and social interaction demands, 
highlighting the need for more balanced transport network development. Overall, the results of this study align 
closely with existing literature and official transport development plans. This research contributes to the theo
retical development in Complex Network Analysis using Machine Learning and offers valuable insight to improve 
the two transport systems.

1. Introduction

Complex networks are composed of interconnected elements, 
graphically represented by nodes (i.e., the elements) and edges (i.e., 
their interactions) (Newman, 2003; Wang and Chen, 2003; Boccaletti 
et al., 2006). However, unlike traditional graphs complex networks are 
distinguished by their large scale and intricate structure, resembling 
real-world systems. This complexity poses significant challenges for 

graph-based analysis using conventional methods. In recent years, re
searchers have developed various approaches to leverage the interde
pendent structural features of complex networks for theoretical analysis 
and prediction across diverse domains (Ait Rai et al., 2023; Gao et al., 
2015). For example, in social networks, complex network theory has 
been applied to analyse information cascades on social media (Gleeson 
et al., 2021; Huang and Chen, 2015). By analysing the network struc
tures and user behaviors, the theory is able to identify key influencers 
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and predict information flow. Similarly, in the transport domain (Lin 
and Ban, 2013; Háznagy et al., 2015; Huang et al., 2018; Rahmani et al., 
2023), this perspective is essential for understanding the characteristics 
and dynamics of transport networks such as spatial patterns, network 
vulnerabilities, resilience and hidden connections.

In transport networks modeled as complex systems, nodes represent 
locations such as cities or stations, while edges signify the connections or 
routes between them. Current Complex Network Analysis (CNA) of 
transport networks commonly employs metrics such as degree central
ity, betweenness centrality and modularity to identify critical stations 
and routes, as well as to assess transport vulnerabilities and robustness 
(Lin and Ban, 2013; Háznagy et al., 2015; Jiao et al., 2017). However, 
transport network research and management often require to model 
transport dynamics and predict their features such as spatial patterns, 
network resilience and potential connections, whereas traditional CNA 
methods often fail to address effectively. With advancements in Machine 
Learning and Deep Learning, there is a growing trend in applying these 
approaches to Complex Network Analysis (Haghbayan et al., 2021; 
Jiang and Luo, 2022; Li et al., 2024; Srinivasan et al., 2019). Never
theless, limited research has been conducted on the Machine Learning- 
driven Complex Network Analysis specifically applied to transport sys
tems (Behrooz and Hayeri, 2022). Moreover, although there are 
comparative analysis of transport systems based on CNA available, these 
studies often focus on similar transport cases (Háznagy et al., 2015; 
Berche et al., 2009). There is a lack of comparative analyses across 
multiple transport scenarios at different scales within distinct econo
mies. More importantly, there is a growing need for incorporating to
pological properties and dynamic modeling of transport networks to 
analyse spatial and functional economic processes across regions. Such 
analyses can inform targeted social and economic planning, policy- 
making, and development strategies, fostering economic growth and 
reducing disparities between areas.

Building on these insights, this study integrates various Machine 
Learning and Deep Learning approaches, such as clustering, Multi-Layer 
Perceptrons (MLPs) and Graph Convolutional Networks (GCNs) (Zhang 
et al., 2019) into traditional CNA and develop a novel framework for 
spatial pattern discovery, network resilience analysis and link prediction 
(Kumar et al., 2020), to offer a fresh perspective on comprehensive 
transport network analysis by leveraging both network structure and 
dynamics. The research encompasses a detailed analysis of network 
properties, resilience, clustering, hidden edge discovery, and the pre
diction of new nodes and edges, based on two real-world transport 
system scenarios.

The remainder of this paper is organized as follows: Section 2 re
views the current state-of-the-art research in Machine Learning, Deep 
Learning and CNA applied to transport systems. Section 3 outlines the 
datasets, methodology, and analysis procedures applied in this study. 
Section 4 presents the CNA, clustering, node and link prediction results 
and evaluates the effectiveness of the proposed methodology. Section 5
discusses the findings, highlighting strengths and limitations. Finally, 
Section 6 concludes the study.

2. Literature review

Complex Network Analysis (CNA) (Newman, 2003; Wang and Chen, 
2003; Boccaletti et al., 2006) is widely used to explore the topological 
properties of transport networks such as connectivity and centrality. A 
comprehensive review of various transport systems such as railway 
systems, urban public transport networks and aviation networks (Lin 
and Ban, 2013) shows that the complex network theory consistently 
discloses shared properties such as small-world effect and scale-free 
distribution across these systems. The urban public transportation sys
tems of five Hungarian cities are analysed based on global network 
characteristic and centrality measures to identify similarities and dif
ferences in the organization of the public transport and the most sensi
tive routes and stations (Háznagy et al., 2015). Similarly, the impact of 

China’s high-speed railway network on city connections is studied using 
complex network properties including beta index, clustering coefficient, 
and average path length, showing that the network significantly 
increased the overall city connectivity (Jiao et al., 2017). The Chinese 
Air Transport Network (ATNC) is analysed through complex network 
properties such as degree distribution, average path length and clus
tering coefficient, revealing its scale-free structure characterized by a 
few highly connected hubs and less connected airports (Wang et al., 
2011). This study also explores how the network’s structure correlates 
with geographical and economic factors. Despite its growing applica
tions, most of the research mainly focuses on the static complex network 
properties. CNA faces challenges when applied to dynamic network 
analysis. Issues such as newtwork resilience assessment and link pre
diction remain difficult to address due to the inherently static nature of 
traditional CNA property-oriented methods. There is a lack of compre
hensive research and solutions in the development and optimization of 
current transport systems, hindering progress toward efficiency, 
robustness and future advancement. A framework (Kölker et al., 2025) 
that integrates and categorizes a range of network analysis measures is 
introduced for analysis of Europe’s air transportation system. However, 
the study primarily focuses on intra-European network connectivity and 
its evolution. The applicability of the framework to other transportation 
systems is not explored. Furthermore, the analysis is based solely on 
classical CNA technique, overlooking more advanced approaches such 
as Machine Learning and Deep Learning methods.

Emerging studies are increasingly integrating CNA with Machine 
Learning, particularly leveraging Deep Learning approaches for graph- 
based data analysis. For example, community detection in complex 
networks applies Machine Learning algorithms such as random walk and 
clustering to identify clusters of nodes (or communities) that are more 
densely interconnected than the rest (Huang et al., 2018; Oubaalla and 
Benhlima, 2018; Agrawal and Patel, 2020). The Infomap algorithm 
based on random walks in networks is used for clustering transport 
nodes, ensuring connectedness and reducing heterogeneity across clus
ters (Haghbayan et al., 2021). A method for transport cluster detection, 
based on K-shortest paths and hierarchical clustering, is proposed to 
assess whether the public intercity ground transport infrastructures and 
services can support the integration and development of urban ag
glomerations in mainland China. An ensemble clustering algorithm 
based on influential nodes is proposed to enhance community detection 
CNA (Zheng et al., 2024). The results demonstrate that the method en
ables more effective and efficient identification of communities. Graph 
Neural Networks (GNNs) such as GCNs exploit complex networks to 
learn representations of nodes, edges and overall network structures, 
and therefore effectively capture the inherent patterns, relationships 
and dynamics of transport systems (Rahmani et al., 2023; Jiang and Luo, 
2022). A complex network-oriented model, SAGE-Het, combining the 
GraphSAGE and a heterogeneous GNN, is developed to predict train 
delays in railway networks (Li et al., 2024). This approach captures 
interactions between heterogeneous nodes, offering improved analysis 
of complex railway systems. A novel Bayesian framework, called Vari
ational Graph Recurrent Attention Neural Networks based on GNN, is 
proposed for traffic forecasting. The results show that this model out
performs state-of-the-art approaches (Zhou et al., 2020).

Link prediction (Kumar et al., 2020; Wei and Ling, 2020; Zhang et al., 
2018; Yao et al., 2021) is frequently applied in transport networks to 
predicts the likelihood of potential missing or future links, including 
similarity-based, probabilistic models, dimensionality reduction-based 
and other approaches (e.g.,learning-based and clustering-based 
models). Recently Machine Learning-based link prediction methods 
are developed by incorporating both structural and node features of 
complex networks. For example, a three-stage Machine Learning-based 
technique employing Support Vector Machine, MLP, and Random For
est is developed for link fault identification and localization in complex 
networks based on the traffic flow data (Srinivasan et al., 2019). This 
method demonstrates high accuracy while significantly reducing fault 
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localization time. Similarly, a hybrid forecasting framework integrates 
Machine Learning, link prediction, and CNA to predict port container 
throughput (Liang et al., 2024). In this framework, CNA is employed for 
Feature Engineering and Machine Learning methods such as Support 
Vector Machines and Long Short-Term Memory are applied for link 
prediction. A spatial GCN model utilizing geographical unit embedding 
is developed to predict missing flows and evaluate the spatial relation 
between two regions (Yao et al., 2021). The results on Beijing taxi trip 
data verify the effectiveness of the model in predicting spatial flows. 
Nevertheless, despite these advancements, the theoretical development 
and application of sophisticated Machine Learning including Deep 
Learning algorithms in integrated complex networks and transport sys
tem analysis remains limited (Behrooz and Hayeri, 2022; Kumar et al., 
2020).

Moreover, the stability and robustness of complex networks are 
critical to ensure transport systems functioning properly and effectively 
coping with potential threats such as natural disasters, malicious attacks 
and system crashes. Therefore, understanding network resilience and 
the influential factors is essential for designing more stable, efficient and 
reliable networks (Gao et al., 2015; Zhang et al., 2018). Researchers 
have made significant progress in understanding the fundamental fea
tures of network resilience, particularly in relation to the small-world 
phenomenon, scale-free properties, and community structure (Holme 
et al., 2002; Crucitti et al., 2004; Gao et al., 2011), demonstrating that 
network topology plays a key role in network resilience. For instance, 
scale-free networks with power-law degree distributions are more 
vulnerable to targeted attacks (Holme et al., 2002), while local network 
performance is more sensitive to cascading failures (Crucitti et al., 
2004). A study evaluating the robustness of fourteen major global city 
transport networks under random and targeted attacks find that public 
transport networks exhibit varying degrees of robustness depending on 
the type of network structure and the nature of disruptions (Berche 
et al., 2009). The study of Europe’s air transportation system (Kölker 
et al., 2025) offers insights into seasonal variations in network robust
ness, emphasizing the stronger local connectivity among airports and 
the prominent role of the top 20 airports. Moreover, interdependencies 
between networks significantly affect overall network resilience (Gao 
et al., 2011). However, these studies often focus on individual or specific 
scenarios and lack comparative analyses across multiple scenarios at 
different scales, such as national and city scales, with multi-modal 
interdependent networks under distinct economic contexts.

The review above shows that, despite the theoretical advance in 
Machine Learning and Deep Learning approaches and growing appli
cations in CNA, limited research has been conducted on the Machine 
Learning-driven CNA of transport systems. There is lack of a compre
hensive and generic framework in transport system research that in
tegrates CNA with Machine Learning for a multifaceted analysis of 
transport systems. Moreover, existing network resilience methods based 
on CNA may have limitations in the face of changing network topologies 
and dynamic behaviors. Current studies mainly focus on specific 
network scenarios and lack comparative analyses at national and city 
levels. This paper aims to advance the theory and applications of Ma
chine Learning-driven CNA in transport network clustering, resilience 
and link prediction through two real-world transport scenarios at na
tional and city scales. Firstly, this paper presents a novel and generic 
Machine Learning-driven framework that integrates Complex Network 
Theory and Machine Leaerning methods for a comprehensive analysis of 
transport systems. Then, traditional CNA indices and Machine Learning 
clustering methods are applied to examine and analyse the overall 
network structure and spatial patterns. Thirdly, an encoder-decoder 
model based on GCN and multiple MLPs are developed for link predic
tion. This paper also investigates the impacts of network attacks on 
transport network resilience.

3. Methodology

The study develops a novel and generic Machine Learning-driven 
complex network analysis of transport systems framework as shown in 
Fig. 1. It integrates various Machine Learning and Deep Learning algo
rithms, such as clustering, Multi-Layer Perceptrons (MLPs) and Graph 
Convolutional Networks (GCNs) into traditional CNA, primarily to 
support four key functional areas, i.e., complex network characteriza
tion, resilience assessment, cluster or community detection, and edge 
prediction with different scenarios.

In the framework, the transport network datasets are first pre
processed, including data cleaning and transformation, to ensure the 
data accuracy and consistency. Next, the complex networks are con
structed, and their properties such as correlation and network structure 
metrics (Wang et al., 2011; Freeman, 1977; Kitsak et al., 2010; Zhang 
et al., 2016) are computed. These properties are then used for clustering, 
network resilience analysis and link prediction based on Machine 
Learning and Deep Learning techniques. Finally, the results are evalu
ated based on designed metrics, comparison and uncertainty analysis 
(incl. Sensitivity analysis) (Schaller et al., 2025) and refined through an 
iterative optimisation process before being finalized and presented.

For case studies, this research utilizes two transport network sce
narios, i.e., the China railway network and the Paris multi-modal 
transport network. The scenarios are chosen based on their distinct 
scales (i.e., national and city scales), multi-modal interdependent 
characteristics and varying economic contexts. The China railway 
network data, scraped from online sources (China Academy Of Railway 
Sciences Corporation Limited, 2022; China State Railway Group Cor
poration Limited, 2022), includes train timetables, train types and 
journey location information in Excel format. The Paris transport 
network data, obtained online in Geo and JSON file formats (Asgari 
et al., 2016), encompasses multiple transport modals within Paris, 
including roads, trains, metro, trams, and inter-layer connections. The 
datasets are pre-processed to remove noise and subsequently validated 
through expert inspection and corroboration with academic literature 
(Jiao et al., 2017; Wang et al., 2020a; Cubukcu, 2021). In the China 
railway network, routes shared by multiple trains are consolidated into a 
single edge, characterized by a train frequency property, while stations 
within the same city are consolidated into a single node (Berche et al., 
2009). In the complex network of Paris’s multi-modal transport system, 
nodes are multi-modal stops, and edges represent the routes that connect 
them. Each node is mapped to its corresponding state based on its 
geographical location. The key features of both datasets are summarized 
in Table 1.

The node and edge types are categorized as Road, Train, Metro, 
Tram, and Combined Transportation (cross-layer), labeled 1 to 5 
respectively, while the remaining properties in the table are self- 
explanatory.

3.1. Network properties and clustering

Literature (Wang and Chen, 2003; Freeman, 1977; Kitsak et al., 
2010; Zhang et al., 2016) shows that complex networks exhibit unique 
static network characteristics such as homogeneity, invariable regularity 
and randomness. This study analyses typical characteristics of static 
complex networks, focusing on their nodes, edges and network struc
tures, as summarized in Table 2.

Clustering methods group data points based on their similarities, 
providing insight into the structures and patterns within the data. This 
study applies K-means and hierarchical clustering algorithms (Greene 
et al., 2008) to analyse both datasets based on node and edge features. 
The results are then compared to evaluate the accuracy and consistency 
of the clustering methods. K-means method groups data points based on 
the nearest mean, while hierarchical clustering organizes data points 
into a tree-like structure based on pairwise distances or similarities, 
facilitating a hierarchical arrangement of clusters. Additionally, the 
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elbow method (Shahapure and Nicholas, 2020) is used to determine the 
optimal number of clusters for the algorithms. A unique integer is 
assigned to each cluster based on their node metrics means. Then, the 
clustering bias is calculated using Eq. (1), 

clustering bias = 1−
number same clusters

total samples
(1) 

where number same clusters refers to the number of samples assigned to 
the same cluster by both clustering methods, and total samples refers to 
the total number of samples.

3.2. Network resilience

Network resilience in this paper refers to a network’s ability to 
maintain its core functions in the face of failures, attacks, or other dis
ruptions. It encompasses both the static characteristics and the dynamic 

Fig. 1. The framework of Machine Learning-driven complex network analysis of transport systems.

Table 1 
Key features of China railway network (left) and Paris transport network (right) 
datasets.

China railway network Paris multi-modal transport network

Feature Type of 
feature

Feature Type of 
feature

Train station number (node) Node Node ID (node_id) Node
Train station latitude (lat) Node Node name 

(node_name)
Node

Train station longitude (lon) Node Node latitude (lat) Node
State (province) of train 

station (state)
Node Node longitude (lon) Node

City of train station (city) Node Node type (type) Node
Current station (st_id) Edge Node state (state) Node
Target station (st_tg) Edge Current node 

(source)
Edge

Train number (train) Edge Target node (target) Edge
Max speed of train 

(train_max_speed)
Edge Edge type (type) Edge

Arrival time (arr_time) Edge Distance of route 
(distance)

Edge

Departure time (dep_time) Edge
Target arrival time 

(next_arr_time)
Edge

Stay time at station 
(stay_time)

Edge

Distance of route (distance) Edge
Travel time (travel_time) Edge

Table 2 
Key properties of a complex network.

Network structure Nodes

Node number Degree (Wang and Chen, 2003)
Edge number K-core/shell (Kitsak et al., 2010)
The number of connected components (

Strogatz, 2001)
Degree Correlation (Boccaletti 
et al., 2006)

The number of nodes of the largest connected 
component

Degree centrality (Freeman, 1977)

The number of edges of the largest connected 
component

Closeness centrality (Freeman, 
1977)

K-core/shell (Kitsak et al., 2010) Eigenvector centrality (Freeman, 
1977)

Density (Li and Cai, 2004)
Diameter (Lin and Ban, 2013; Li and Cai, 

2004)
Average distance (Lin and Ban, 2013)
Efficiency (Lin and Ban, 2013; Li and Cai, 

2004)
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evolution of the network’s connections. This study examines their dy
namic characteristics and structural evolution under escalating complex 
network feature attacks. To simulate different types of attacks, two 
strategies—random and intentional attacks—are employed, based on 
the features shown in Table 3.

The collective influence is calculated by the Eq. (2). 

CIl(i) = (ki −1)
∑

jεBall(i,l)

(
kj −1

)
(2) 

where l denotes a maximum distance or neighbourhood radius of a node 
i, ki denotes the degree of node i and Ball(i, l) is the set of nodes within a 
distance l from node i. l acts as a constraint on the nodes to consider. For 
a given l, the collective influence on i can be calculated.

For random attacks, nodes are gradually removed at random, while 
for intentional attacks, critical nodes are sequentially removed based on 
their importance as determined by node features. The impact on the 
networks is assessed alongside the attacks.

3.3. Link prediction

Link prediction predicts potential connections between nodes in a 
complex network by analysing node features and their relationships. A 
Graph Convolutional Network (GCN) (Zhang et al., 2019) is a method 
for semi-supervised learning on graph or complex network data, 
leveraging both the topology and attributes of the graph. This study uses 
an encoder-decoder framework (Masui, 2020) for link prediction based 
on a GCN model and vector similarity, as shown in the Link Prediction 
component of Fig. 1. The encoder is a two-layer GCN model that learns 
node embeddings as vector representations. The decoder then calculates 
a similarity score, representing the link probability, between pairs of 
node vectors. The GCN model captures a network’s information through 
message-passing, transforming the link prediction task into a binary 
classification problem. In the context of a transport network, nodes 
represent stations, while edges correspond to the connections between 
them. A typical GCN layer performs three key functions: message pass
ing, aggregation and update, as expressed in Eq. (3). 

H(l+1) = σ

⎛

⎝D−
1
2AD−

1
2H(l)W(l)

⎞

⎠ (3) 

where σ represents the activation function, A is the adjacency matrix 
further normalized by the degree matrix D, H denotes the node repre
sentation matrix updated at each layer l+ 1, and W is the learnable 
weight matrix. The final node representation matrix H(l+1) is then passed 
to the output layer. Moreover, this study employs BCEWithLogitsLoss 
(Paszke et al., 2019) to compute the loss based on Binary Cross Entropy 
(BCE), 

L BCEWithLogits(x, y) = max(x,0)− x⋅y+ log(1+ e−|x|) (4) 

where x is the raw logit (i.e., model output before applying sigmoid) and 
y ∈ {0,1} is the ground truth label. This method combines an implicit 

Sigmoid operation and BCE loss in one single class. The primary 
advantage of BCEWithLogitsLoss lies in its enhanced stability compared 
to BCE loss, while avoiding issues such as numerical overflow and 
vanishing gradients. Link prediction is fundamentally a binary classifi
cation problem, where the model predicts an edge probability between 
two nodes. This study then applies confusion metrics such as ROC 
(Receiver Operating Characteristic) and Accuracy to evaluate the 
model’s performance.

Before training, the two datasets are labeled as either positive (link 
exist) or negative (no link) samples, with equal representation for both 
classes. Both datasets represented by features derived from network 
properties and resilience analysis are then split into training, validation 
and testing datasets in a ratio of 8:1:1, with the validation set used to 
assess performance during training. Stochastic Gradient Descent (SGD) 
is employed as the optimization method.

This study also addresses the scenario of new edge and feature pre
diction with a new node being randomly added to a transport network. 
The novel framework is shown in the figure below.

Firstly, a new node being randomly added to a network, with its 
location specified by latitude and longitude. Then, the new node is 
classified into an appropriate group using the Random Forest classifi
cation algorithm (Breiman, 2001), based on province in the first dataset 
or node type in the second dataset. Next, the node’s degree is predicted 
using a Multi-layer Perceptron (MLP) network with 256 hidden neurons, 
leveraging its location to capture the spatial distribution crucial for 
network dynamics (Ramchoun et al., 2016). Based on the predicted 
degree, the KD-Tree (i.e., k-dimensional tree) method is employed to 
identify the closest neighbour nodes for establishing links (Skrodzki, 
2019). Finally, the features of each link are predicted using a separate 
MLP with two hidden layers of sizes 128 and 64. The input features and 
output labels for the two datasets are detailed in Table 4.

4. Results

4.1. Network properties and clustering

Table 5 summarizes the key network properties of the China railway 
network and the Paris multi-modal network based on Complex Network 
Analysis (CNA). In the China railway network, the presence of a single 
connectivity graph indicates that all points in the network are directly 
reachable. Metrics such as average distance and efficiency highlight its 
relative efficiency. In contrast, the Paris multi-modal network contains a 
greater number of nodes and edges and is divided into seven distinct 
connected graphs or districts. K-core/shell analysis identifies a sub- 
network with 20 nodes and 94 edges, highlighting a highly connected 
core area. The network’s low density of 0.0003 indicates sparse con
nections among nodes, while its larger diameter reflects a significantly 
longer path span compared to the China railway network. The high 
average distance and low efficiency further underscore the Paris net
work’s structural complexity.

Correlation analysis is conducted on all numerical values of node and 
edge features from the two datasets, as illustrated in Figs. 3 and 4. 
Figs. 3a and 4a indicate a low or negligible correlation among the nodes 
features, except for the moderate positive correlation between longitude 
and latitude observed in 3a. In 3b there are strong correlations among 
arrival time, departure time and next arrival time, as well as between 
travel time and distance.

Table 3 
Network attack types.

Attack type Description

Degree (Wang and Chen, 
2003)

The number of nodes connected to a node.

Betweenness centrality (
Freeman, 1977)

The number of shortest paths through a node, with 
higher values indicating greater network efficiency. 
Attacking such nodes would rapidly diminish 
efficiency.

K-core/shell (Kitsak et al., 
2010)

Measures a node’s proximity to the network center. 
Attacking it can quickly fragment the network.

Collective influence (Zhang 
et al., 2016)

The influence of surrounding nodes.

Table 4 
Features and labels for edge feature prediction using MLPs.

Datasets Input features Labels

China Railway Network Latitude, longitude, 
province

Train speed, distance, 
travel time

Paris Multi-modal Transport 
Network

Latitude, longitude, 
node type

Distance, edge type
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This study models both datasets as directed graphs, with each 
connection defined by its direction of travel. Figs. 5 and 6 visualise their 
degree distributions on linear and log-log scales. Degree distribution is 
the probability distribution of the degrees over all nodes. It provides 
insight into the network’s structure, such as whether it has many highly 
connected hubs or mostly evenly connected nodes. Both Figs. 5a and 6a 
show a long tail, exhibiting a power-law degree distribution in which 
only a few nodes have very large degree while the majority of nodes 
have a relatively small degree, unlike random networks where connec
tions are more evenly spread. This finding aligns with findings from 
traditional literature (Lin and Ban, 2013; Háznagy et al., 2015; Holme 
et al., 2002). The power-law degree distributions indicate that both 
networks are efficient and scalable, but also potentially vulnerable if key 
hubs are disrupted (Holme et al., 2002; Wang et al., 2020). The log-log 
plots in the figures, which show a linear relationship between the log of 
node degree and frequency, further confirm this pattern.

Communities or clusters in complex networks refer to groups of 
nodes that are more densely connected than with the rest of the network. 
These communities often represent functional units or entities that share 
common properties or roles within the system. This study clusters nodes 
of the two datasets based on node closeness centrality or edge features. 
Fig. 7 shows the clusters obtained based on closeness centrality in the 
China railway network. The spatial distribution exhibits a pattern of 
concentric circles, radiating outward from China’s urban centers toward 
peripheral cities. This pattern underscores the centrality and outward 
influence of major urban hubs within the network. Fig. 8a and b present 
the clusters derived based on train speed, with the optimal number of 
clusters determined using the elbow method. Clustering based on single 
feature is more effective than using threshold settings, which may adapt 
to the data and discover the right number of clusters, given unknown or 
irregular distributions. From Fig. 8a, contrary to the common perception 
that low-speed trains primarily serve rural locales, the findings reveal a 
more nuanced picture that these trains commonly operate across diverse 
landscapes yet there remains a need for enhanced accessibility in less 
developed areas. Notably, several low-speed routes are strategically 
designed to support tourism, connecting scenic and cultural destina
tions. On the other hand, Fig. 8b underscores the widespread adoption of 
high-speed trains in metropolitan regions, facilitating rapid and efficient 
connectivity across urban sectors.

Clustering of the Paris multi-modal transport network based on 
distance reveals two distinct clusters, i.e., short- and long-distance 
connections between nodes, as shown in Fig. 9a and b. The pictures 
show a high density of short-distance connections within central Paris 
while a prevalence of long-distance connections in the outskirts. Fig. 9a 
highlights a characteristic feature of urban cores, where frequent, short 
links are essential for facilitating the efficient movement of people and 

goods within bustling city centers. In contrast, Fig. 9b shows the long- 
distance connections, predominantly represented by grey edges. These 
routes are concentrated on the urban periphery, indicating their role in 
linking outer areas of the city to its center or connecting Paris with more 
distant locations.

To assess the accuracy of the clustering models, this study compares 
the clustering outcomes from K-means and Hierarchical clustering, 
based on node properties from the first dataset. The results are presented 
in Table 6, where the largest percentage difference between the two 
clustering methods is observed in the clustering coefficient (Wang and 
Chen, 2003), whereas the methods based on eigenvector centrality show 
good agreement. The clustering coefficient in complex networks de
scribes the extent to which nodes tend to cluster together, with a high 
value indicating strong local cohesion and a low value suggesting a more 
dispersed structure. Fig. 10 presents a comparison of the average clus
tering coefficient values in descending order with the optimal number of 
clusters (29), highlighting the similar trends exhibited by both methods. 
This study does not incorporate multiple features for community 
detection. Future work could explore using multiple features, which 
may uncover distinct patterns valuable for transport network 
development.

4.2. Network resilience

Fig. 11 illustrates the relative size changes of two transport networks 
as a function of attack ratio under different attack strategies. The rela
tive size of a transport network is the proportion of nodes in the current 
largest component relative to that in the initial largest component before 
an attack. The China railway network disintegrates rapidly when sub
jected to degree-based attacks but shows greater stability under random 
attacks. In contrast, the Paris multi-modal transport network exhibits 
more moderately decreasing response across various attack types, 
demonstrating its resilience.

As an example of key node attack, Table 7 demonstrates the changes 
in network properties after the removal of a selected key node, specif
ically, Haikou, the capital of Hainan Island, from the China railway 
network and the node with the highest degree from the Paris multi- 
modal network. The removal of Haikou splits the China railway 
network into two connected subgraphs, underscoring its critical role in 
linking different parts of the network. The number of nodes and edges in 
the largest connected subgraph decreases by 7 and 12, respectively. 
However, the network’s density, diameter, average distance, and effi
ciency remain largely unchanged, demonstrating its resilience. For the 
Paris multi-modal network, the removal of the high-degree node reduces 
the total number of connections by 54, while the number of connected 
components remains unchanged. This suggests that, despite the node’s 
importance, its removal does not severely compromise the network’s 
overall structure. This resilience is further supported by the minimal 
changes observed in network density, diameter, average distance, and 
efficiency.

4.3. Link prediction

This study applies an encoder-decoder model for hidden link pre
diction. Fig. 12 presents the predicted hidden links in red in the China 

Table 5 
China railway and Paris transport network properties.

Property China railway Paris transport

Node number 2719 12,237
Edge number 6168 21,441
The number of connected 

components
1 7

The number of nodes of the largest 
connected component

2719 11,789

The number of edges of the largest 
connected component

6168 20,944

The k-core of the largest connected 
component

Graph with 14 nodes 
& 64 edges

Graph with 20 nodes 
& 94 edges

The network density of the largest 
connected component

0.001669 0.000301

Diameter of the largest connected 
component

47 110

Average distance of the largest 
connected component

8.78929 39.75795

The efficiency of the largest 
connected component

0.13798 0.03375

Table 6 
Clustering performance bias on the China railway network.

Feature Performance bias

Degree 2.83 %
Degree Centrality 1.43 %
Clustering coefficients 53.77 %
Closeness centrality 17.14 %
Betweenness centrality 2.17 %
Eigenvector centrality 0.04 %
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railway network and the Paris multi-modal transport network based on 
an optimal classification threshold of 0.71, above which links are clas
sified as positive. In Fig. 12a, the predicted connections reveal critical 
links between Hainan Island and mainland China, further confirming the 
finding in network resilience analysis, as well as between southeast 
coastal areas and between Beijing and the northwestern regions, 
emphasizing the need to strengthen regional connectivity with major 
economic and political hubs. The predictions closely align with China’s 
National Medium- and Long-Term Railway Network Plan (China Na
tional Development and Reform commission, 2016), focusing on regions 
with strong economic activity and major transport corridors. 
Conversely, the Paris multi-modal transport network, being densely 
interconnected, shows predicted links that are shorter and more evenly 
distributed across the network. The encoder-decoder model achieves a 
testing accuracy of 92.4 % for the China railway network and 88.7 % for 
the Paris multi-modal transport network, demonstrating its effectiveness 
in link prediction. The dense hidden edges predicted indicate a high 
transport demand between nodes, which should be prioritised for con
struction based on economic, geographical, and environmental 
considerations.

Additionally, for policy planning it is beneficial to raise the sigmoid 
threshold in the model for high link probabilities and to prioritize con
struction based on network efficiency by analysing the number against 
strength of hidden links between regions or clusters. Fig. 13 shows the 
high probability or strength links predicted, with a higher classification 
threshold of 0.99. The hidden links in the China railway network are all 
located in eastern China, a highly developed region, likely driven by 
strong economic and social interaction demands. It is also observed that 
these links form a transportation artery running from south to north 
across the country, highlighting the need to strengthen the connections 

between southern and northern China, consistent with Chinese gov
ernment’s 12th Five-Year Plan for the Revitalization of Northeast China 
(China National Development and Reform commission, 2012). The 
hidden links predicted in the Paris transport network are largely located 
in the western region, similarly the prosperous area, which may pick up 
on opportunities in more developed areas for future high-value transport 
links. These align with the official plans, such as the Grand Paris Express 
(Société des grands projets, 2025), the EOLE project (CERTIFER, 2021), 
and various tramway projects (Wikipedia, 2025), aiming to strengthen 
connections within the western suburbs. In addition, an interesting link 
is predicted from southern Paris extending eastward toward northern 
Seine-et-Marne, indicating a demand for a direct connection and more 
balanced development between the western and eastern regions, align
ing well with the Ile-de-France Mobilités 2030 plans (̂Ile-de France 
Mobilités, 2024), which aim to improve south-north interconnections, 
potentially through a direct Évry-Meaux or Évry-Mitry railway. How
ever, these predictions are based solely on network characteristics and 
should be interpreted with caution. Political, environmental, and social 
factors must also be considered when planning transport infrastructure. 
Furthermore, the datasets used are likely biased toward more developed 
areas, due to the greater number and strength of links within these 
regions.

Subsequently, this study randomly generates node locations, gener
ally situated near or within a local administrative unit, and predicts new 
edges and features as illustrated in Fig. 2. The examples of edge features 
predicted by the models within China and Paris are given in Tables 8 and 
9 respectively, and visualised for China railway network in Fig. 14 as a 
case study. From the figure, the newly generated node and its sub
seqently connected neighbours are located in western China. Table 8
presents the two edges to neighbours and their features predicted, i.e., 
Train Max Speed, Distance and Travel Time, linking a randomly 
generated new node and its two neighbour nodes. The predicted 
maximum speed is consistent with train speeds in the local region, and 
the average speed, calculated based on Distance and Travel Time, is 
around 95, well below the maximum speed. The top two nearest 
neighbour nodes in the China railway network are identified using the 
KD-Tree search. The same approach is applied to Paris transport 
network, as presented in Table 9, showing three neighbour nodes with 
two predicted connection features. The long-distance feature predicted 
for the new edges in the China railway network and the short-distance 
feature in the Paris transport network reflect the geographical and 
economic characteristics of the respective regions. This approach is 
useful for local governments in transport planning, while connecting to 
the national transport network, maintaining compatibility, and preser
ving the network’s key characteristics.

The features of each link are predicted using a two-hidden-layer MLP 
for each network. The model performance is summarized in Table 10. 
The link feature prediction results indicate that MLP models trained on 
the Paris network outperform those trained on the China railway 
network, potentially attributed to the larger dataset and the more dense 
and complex structure of the Paris transport network.

To assess the edge feature prediction uncertainty, the study further 
applies a Monte Carlo approach by randomly generating node locations 
within mainland China and Paris region. The distribution of prediction 
results for each label along with their respective means in red is shown in 
Figs. 15 and 16.

Figs. 15 and 16 show the range of possible values for each edge 
feature. The distribution of predicted train speeds in the China railway 
network exhibits a narrow peak around the mean speed of 269.45 km/h, 
with significantly fewer observations at higher speeds. The histograms 
for predicted distance and travel time reveal a heavy right tail, indi
cating the presence of some trains with considerably longer travel times 
compared to the majority. The distributions of predicted distance and 
transport type in the Paris multi-modal network exhibit distinct pat
terns. The distance distribution shows a right-skewed tail with notable 
concentrations at minor distances (0 < d < 25) and long distances (d >

Table 7 
Comparison of network properties before and after the removal of a key node.

Property Before 
(China)

After 
(China)

Before 
(Paris)

After (Paris)

Node number 2719 2718 12,237 12,236
Edge number 6168 6162 21,441 21,387
The number of 

connected 
graphs

1 2 7 7

The number of 
nodes of the 
largest 
connected 
component

2719 2712 11,789 11,788

The number of 
edges of the 
largest 
connected 
component

6168 6156 20,944 20,890

The k-core of the 
largest 
connected 
component

Graph with 
14 nodes & 
64 edges

Graph with 
14 nodes & 
64 edges

Graph with 
20 nodes & 
94 edges

Graph with 
20 nodes & 
94 edges

The network 
density of the 
largest 
connected 
component

0.001669 0.001675 0.000301 0.000301

Diameter of the 
largest 
connected 
component

47 47 110 110

Average distance 
of the largest 
connected 
component

8.78929 8.791531 39.75795 39.764247

The efficiency of 
the largest 
connected 
component

0.13798 0.138006 0.03375 0.033725
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125), while the transport type distribution has a left-skewed tail, with 
transport type 4 being the most prevalent. These predicted features 
provide valuable insights for future transport planning.

5. Discussion

This study develops a novel and generic Machine Learning-driven 
framework that integrates Complex Network Theory and Machine 
Learning methods including Neural Network models for a comprehen
sive analysis of transport systems in various scenarios, involving four 
key functional development and analysis, namely, network character
ization, resilience assessment, community detection, and node and edge 
prediction. The framework is subsequently applied to analyse two 
distinct transport systems, i.e., the China railway network and the 
Parisian multi-modal transport system. The research findings provide 
nuanced insights into network structure, resilience, and connectivity, 
highlighting the vital importance of structured analysis using an inte
grated Machine Learning and complex networks approach.

Complex network properties, such as the number of connected 
graphs, feature correlation, and degree distribution, are calculated and 
analysed to study the features and structure of transport systems. 
Comparing the number of connected graphs reveals that the China 
railway network is more integrated, while the Paris multi-modal trans
port network is localized, reflecting its independent economic and social 
divisions. The degree distribution plots indicate that both networks 

follow a power-law distribution, with a few highly connected hub nodes 
and many sparsely connected peripheral nodes, a common feature of 
scale-free networks. Such hubs likely represent key transport centers 
within the network. This type of network structure is commonly 
observed in transport systems. An analysis of K-cores shows that the 
number of transport centers in the China railway network is comparable 
to that of the Paris network, though its density of the largest connected 
component is significantly higher. Furthermore, differences in efficiency 
and network diameter highlight the contrasting characteristics of a na
tional railway system and a multi-modal urban transport network, 
where the China railway network covers fewer stations en route to 
destinations than the Paris multi-modal network. Correlation analysis 
indicates a low or negligible correlation among the nodes features, 
except for the moderate positive correlation between longitude and 
latitude in China railway network, and strong correlations among arrival 
time, departure time and next arrival time, as well as between travel 
time and distance in Paris multi-modal network, instrumental for the 
subsequent Feature Engineering process.

The clustering analysis of transport networks based on Machine 
Learning methods provides insights into their structure and organiza
tion, revealing distinct geographic and operational differences. Different 
clustering models are developed using K-means and Hierarchical clus
tering methods, by leveraging various node and edge properties. In the 
China railway network, the node clustering based on closeness centrality 
indicates a hierarchical structure, where central cities act as hubs con
necting to surrounding regions. The edge clustering based on train speed 
shows that high-speed trains are mainly concentrated in urban areas, 
despite their potential benefits for rural regions with longer distances 
between stations. These findings highlight the diverse roles of train 
services in China and the strategic planning behind its railway infra
structure, supporting transport, economic growth, and regional con
nectivity. In the Paris multi-modal transport network, the edge 
clustering by distance shows high connectivity and density in the central 
area, with long-distance connections more common on the outskirts. A 
comparison between K-means and Hierarchical clustering techniques 
reveals that both produce similar clustering results across various met
rics, with the clustering coefficient showing significant differences only 
due to a shift in the number of clusters evidenced in Fig. 10.

The study of complex network resilience is vital for ensuring the 
stability, efficiency, and safety of modern transport systems. This paper 
presents two methods, i.e., attack simulation and key node removal, to 

Fig. 2. The framework of new edge and feature prediction for a transport network based on random nodes.

Table 8 
Edge features predicted in China railway network.

Neighbour node 
(No.)

Train max speed (km/ 
h)

Distance 
(km)

Travel time 
(day)

1315 120 288.145107 0.126274
2231 120 234.668826 0.104041

Table 9 
Edge features predicted in Paris multi-modal transport network.

Neighbour node (No.) Distance (km) Transport type

5832 0.525381 1.00 (Road)
11,904 3.105358 3.00 (Metro)
5893 0.452285 4.00 (Tram)

Y. Xia et al.                                                                                                                                                                                                                                      Journal of Transport Geography 127 (2025) 104270 

8 



evaluate a network’s resilience, which are then applied to two distinct 
scenarios, i.e., China and Paris transport networks. The removal of a key 
node (i.e., Haikou) with a moderate degree in the China railway network 
causes the network to split into two connected subgraphs, although 
other network properties show minimal change. This underscores the 
vulnerability of the China railway network’s resilience in the area, 
attributed to the power-law effect, in line with the findings in the 
literature (Holme et al., 2002; Wang et al., 2020). In contrast, the 

removal of the highest-degree node in the Paris multi-modal transport 
network has little impact on network properties, with the number of 
connected subgraphs remaining unchanged, indicating the network’s 
high resilience. The attack simulation in this study utilizes both inten
tional attacks such as degree, betweenness, K-core, and collective in
fluence attacks as well as random attacks. Simulation results show that 
intentional attacks inflict more damage on the China railway network 
than random attacks at initial stage, potentially due to the crucial role of 

Fig. 3. Pearson’s correlation coefficients between China railway network features.

Fig. 4. Pearson’s correlation coefficients between Paris multi-modal transport network features.
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hubs, while both types of attacks have low effects on the Paris transport 
system, further demonstrating the resilience of the network, primarily 
due to its multi-modal structure. Moreover, compared to the study by 
Berche et al. (Berche et al., 2009) on the resilience of the Paris transport 
network, this study shows that the network is more resilient under de
gree attacks, although it remains the least resilient under the other 
attack strategies applied in this study. A potential reason for this dif
ference is that Berche et al. considered only the bus and subway net
works of Paris, whereas a higher-modality network demonstrates 
greater robustness (Gao et al., 2011). As societies become increasingly 
interconnected and reliant on transport networks, understanding how 
these systems respond to disruptions caused by natural disasters, acci
dents, or human factors becomes crucial. Resilient transport networks 
can absorb shocks, maintain functionality during adverse events, and 
recover quickly, thereby minimizing economic losses and social 
disruption. This study provides methods and insights for assessing and 
designing more robust, adaptive transport networks. Nonetheless, 
additional comparisons with existing literature and thorough model 
sensitivity analyses to validate and reinforce the robustness of the 

Fig. 5. Degree distribution plots of China railway network.

Fig. 6. Degree distribution plots of Paris multi-modal transport network.

Fig. 7. Clustering based on closeness centrality in China railway network.
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results, are necessary.
This research then develops link prediction models for detecting 

hidden connections and predicting future links in networks, by 
leveraging state-of-the-art Graph Convolutional Neural Networks 
(GCNs) and Multi-Layer Perceptron Networks (MLPs). The data used is 
augmented with negative samples during the training of the link pre
diction models. This approach enhances the model’s performance by 
providing additional training data and enabling the observation of 
network patterns with predicted links. For the China railway network, 
the prediction results suggest a potential expansion of the high-speed 
railway connecting Hainan Island to the mainland China, aligning 
with the finding from network resilience analysis. Despite geographical 
constraints, the feasibility of such an expansion is supported by Hainan’s 
recent development plans (Xinhua News Agency, 2020). The predicted 
connections also reveal critical links between southeast coastal areas 
and between Beijing and the northwestern regions, emphasizing the 
need to strengthen regional connectivity, which closely aligns with 
China’s National Medium- and Long-Term Railway Network Plan (China 
National Development and Reform commission, 2016). Notably, these 
findings are derived solely from the available railway data. For the Paris 
multi-modal transport network, the predicted links are short and 

numerous, reflecting the city’s dense node distribution and the region
ally segmented nature of its public transport system in the dataset. Then, 
the study raises the sigmoid threshold from 0.71 to 0.99 in the link 
prediction model for high probability links, showing the hidden links 
predicted largely located in more developed regions for both networks, 
likely driven by strong economic and social interaction demands. 
However, the datasets are likely biased toward more developed areas, 
due to the greater number and strength of links within these regions. It is 
also observed that the hidden links in China network form a trans
portation artery running from south to north across the country, high
lighting the need to strengthen the connections between southern and 
northern China, consistent with Chinese government’s 12th Five-Year 
Plan for the Revitalization of Northeast China (China National Devel
opment and Reform commission, 2012), and an interesting link from 
southern Paris extending eastward toward northern Seine-et-Marne, 
indicating a demand for a direct connection and more balanced devel
opment between the western and eastern regions, aligning well with the 
Ile-de-France Mobilités 2030 plans (̂Ile-de France Mobilités, 2024). The 
link feature prediction results indicate that MLP models trained on the 
Paris network outperform those trained on the China railway network. 
This may be attributed to the larger dataset and the more dense and 

Fig. 8. Edge clustering by route in China railway network.

Fig. 9. Edge clustering by distance in Paris multi-modal transport network.
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complex structure of the Paris transport network. However, further 
research is needed to explore other potentially influential factors, such 
as differences in data features and model hyperparameters.

Subsequently, this study randomly generates node locations and 
predicts new edges and their features using a novel approach based on 
KD-Tree and MLPs. The results indicate that the predicted maximum 
speeds within the China railway network align closely with actual train 
speeds in the corresponding local regions. The exhibition of long- 
distance and short-distance characteristics of the predicted new edges 
within the China and Paris transport networks respectively, accurately 
reflect the geographical and economic features of their corresponding 
regions. This approach provides an effective tool for local governments 
in transport planning, particularly for integrating new constructions into 
the national network.

Overall, the establishment of these new links could significantly 
enhance interregional accessibility, economic integration, and social 
cohesion. The findings, which align well with existing development 
patterns, offer a practical guidance for potential extensions of the cur
rent transport network. Furthermore, the link and feature prediction 
methods developed using GCN, KD-Tree, and MLPs demonstrate strong 

potential for understanding and anticipating the evolution of transport 
systems. These methods identify structurally important but currently 
missing connections and help prioritize the planning of new transport 
lines. Nevertheless, it is important to note that, while the predicted links 
appear reasonable, practical considerations from economic, geograph
ical, environmental, and social perspectives must also be taken into 
account in transport planning and construction. Additionally, the link 
prediction models may require further validation and refinement 
through historical data analysis and expert input.

The novel framework provides a foundation for further theoretical 
developments in transport systems and practical applications across 
diverse use cases and other network domains. The study primarily fo
cuses on methodological research into complex transport network 
analysis using complex network theory and Neural Networks, with two 
specific scenarios. It is not intended as a comprehensive comparison of 
the China railway network and the Paris transport network, but rather as 
a means of testing the generality of the proposed framework. Any 
comparative analysis in the study should therefore be interpreted 
cautiously, as a national railway system cannot be directly equated with 
a multi-modal urban transport system. In addition, incorporating richer 
node and edge information such as geographical and economic factors as 
well as road conditions and traffic flows into the two scenarios may 
further enhances the analytical and predictive capabilities of the 
framework. The results may also be improved through refinement and 
optimization of its components.

6. Conclusion and future work

This research develops a novel and generic Machine Learning-driven 
framework for the comprehensive complex network analysis of trans
port systems, integrating theoretical Machine Learning and complex 
network analysis methods in four key perspectives, namely, Network 
property analysis, community detection, resilience assessment and link 
prediction. It is applied to two real-world transport network scenarios, i. 
e., the China railway network and the Parisian multi-modal transport 
system. Specifically, the study analyses the properties, clustering, 
resilience, and potential links of these two networks to support transport 
management and planning.

The analysis of network properties for the China railway network 
and the Paris multi-modal network reveals distinct complex network 
features in service purpose, network scale, density, and efficiency, yet 
both demonstrate a power-law distribution in their node degrees. The 

Fig. 10. Comparison of average values between two clustering techniques by 
clustering coefficients.

Fig. 11. State change of two transport networks under simulated attacks.
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clustering results based on K-means, Hierarchical clustering and various 
node and edge properties exhibits a pattern of concentric circles, radi
ating outward from urban centers toward peripheral cities in China 
railway network, while a high density of short-distance connections 
within central Paris and a prevalence of long-distance connections in the 
outskirts. Meanwhile, a comparison of K-means and Hierarchical clus
tering techniques reveals comparable performance across various com
plex network properties. Network resilience analysis examines the two 
networks’ dynamic characteristics and structural evolution under esca
lating node attacks, with two strategies, i.e., random and intentional 
attacks. The attack simulation results show that intentional attacks 
cause more damage to the China railway network at the initial stage due 
to the importance of hubs, while both attack types have minimal effects 
on the Paris transport system, highlighting its resilience, mainly due to 
its multi-modal structure. This research also develops link prediction 
models for detecting hidden connections and predicting future links in 
networks based on Graph Convolutional Neural Networks and Multi- 
Layer Perceptron Networks. The predictions reveal critical links be
tween Hainan Island and mainland China as well as between Beijing and 
the northwestern regions in China railway network, while shorter and 

more evenly distributed predicted links across Paris multi-modal 
network. The results of this study align closely with existing literature 
and official transport development plans.

Overall, the study advances understanding of transport networks’ 
static and dynamic behaviors, and aiding strategic planning and opti
mization in transport management. Moreover, the case studies of the 
China railway and Paris transport networks may offer new insights into 
the advancement of Machine Learning-driven complex network analysis 
for transport systems across different economies. Future work will 
incorporate additional network features to improve model accuracy, 
investigate the impact of node deletions on shortest paths, and conduct 
uncertainty and sensitivity analyses across more transport network 
scenarios to strengthen the framework’s robustness.
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