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Abstract: The analysis of transport networks is an important component of urban and regional
development and planning. Based on the four main stages of China’s railway development from
2008 to 2017, this paper analyzes the hierarchical and spatial heterogeneity distribution of train
flows. We found a high degree of spatial matching with the distribution of China’s main railway
corridors. Then, using a classical community detection algorithm, this paper attempts to describe the
functional structure and regional effects of China’s railway network. We also explore the impacts of
construction policies and changes to train operations on the spatial organizing pattern and evolution
of network hierarchies. The results of this empirical study reveal a clear pattern of independent
communities, which in turn indicates the existence of a hierarchical structure in China’s railway
network. The decreases in both the number of communities and average distance between community
centers indicate that the newer high-speed rail services have shortened the connections between cities.
In addition, the detected communities are inconsistent with China’s actual administrative divisions
in terms of quantity and boundaries. The spatial spillover and segmentation effects cause the railway
network in different regions to be self-contained. Finally, the detected communities in each stage
can be divided into the categories of monocentric structure, dual-nuclei structure, and polycentric
structure according to the number of extracted hubs. The polycentric structure is the dominant mode,
which shows that the railway network has significant spatial dependence and a diversified spatial
organization mode. This study has great significance for policymakers seeking to guide the future
construction of high-speed rail lines and optimize national or regional railway networks.

Keywords: railway network; spatial heterogeneity; community detection; hierarchical structure

1. Introduction

A national transportation network can intuitively reflect the functional relationships and
connectivity between cities and reveal the spatial pattern and evolution characteristics of urban
connections. This information can be applied to the evaluation of urban hierarchical systems and
urban agglomeration development levels [1–3]. However, few studies have investigated the spatial
organization structure between cities to further reveal the role of transportation in the expansion of
urban spaces, as well as the relationship between transport network construction and the evolution of
urban spatial structures.
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Many previous studies have focused on spatial distribution and connectivity structures based on
civil aviation network [4,5], railway passenger and cargo flow [6,7], intercity container and automobile
passenger flow [8], and other data at a national or regional scale. These studies are also within the
scope of the urban network proposed by Taylor [9,10]. Based on this theory, many scholars use GPS
(Global Positioning System) tracking data [11], mobile phone signaling data [12], social media data [13],
and knowledge network data [14,15] to explore urban spatial interactions and hierarchical structures.
For instance, Guimera and Amaral used a community analysis method as well as a geopolitical theory
to analyze the global aviation network structure and city roles within that structure [16]. Maggioni et
al. built a knowledge innovation network by using patent cooperation between different cities [14].
Alderson and Beckfield utilized the distribution data of the world’s top 500 multinational corporation
headquarters and branches in 3692 cities around the world to analyze the most powerful dominating
characteristics and structures [17]. Smith and Timberlake used air passenger flow between cities
to reflect the network structure between those cities [18]. This is different from the way enterprise
networks indirectly reflect the urban network. In general, relatively few studies have been conducted
to examine urban hierarchy and agglomeration from the perspective of a railway network.

In recent years in particular, China’s high-speed railway (HSR) service is maintaining a rapid
pace in terms of construction, and this network may play an important role in the country’s urban
development and regional reconstruction. As a means of rapid transportation, high-speed trains can
not only shorten the travel time between cities, but they also affect the connectivity between those
cities [19]. To date, studies of the effects of high-speed railways have mainly focused on the accessibility
and spatial–temporal shrinking [7,19], regional development [20], and spatial structure [21], as well
as other modes of transportation [22,23]. For instance, Gutierrez and Coto-Manan et al. analyzed the
development of the high-speed rail system in the European Union. These scholars both concluded
that the accessibility of the central region has been significantly improved, and these areas have
also experienced many opportunities in terms of development. However, marginal areas (such
as Spain and Portugal) have been further marginalized, and their development prospects have not
improved significantly [24,25]. Ortega et al. found that high-speed railways promote the equalization of
accessibility distribution at a national level. At the micro level, however, equilibrium and polarization
coexist [26]. In addition, when a new high-speed rail station is located in a core city, the centrality
of that city will be enhanced. However, few studies to date have focused on the structure of urban
networks from the perspective of high-speed rail train flows.

The “space of flow” proposed by Castells emphasizes the value of urban nodes in shaping
the entire network system [27]. Cities in a transportation network mainly take on the roles of
regional transportation hubs, information hubs, and communication hubs [28]. The use of these
networks for the purposes of urban hierarchical structure studies allows researchers to focus on the
roles and hierarchy of global and regional world cities [9,10,29,30]. With regard to the formation
mechanism of urban agglomerations, Whebell used the “corridor theory” to explain and conclude that
the driving force behind urban agglomeration is cities actively growing along the main transportation
line, thus presenting a linear growth model [31]. However, research into portraying urban networks,
or of generating regional spatial structures based on railway flows, is rare.

A railway network is an important and indispensable part of the national transportation network.
Correspondingly, the study of intercity relationships and spatial interactions based on railway
passenger flow is an important regional spatial structure research method. Current studies of regional
spatial structures are also gradually transforming from the traditional central place model to an open,
shifting and polycentric network model [32,33]. From both urban and national scales, high-speed
rail services have changed the spatial layouts of urban population and industry, thus changing the
direction of urban land expansion. Railway networks have also promoted the expansion of multicenter
urban development [34]. Understanding the spatial organization structure between cities is conducive
to revealing the role of transportation in the expansion of urban spaces, as well as the relationship
between high-speed railway construction and the evolution of urban spatial structures.
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Fortunately, a significant feature of complex networks is the community structure presented
in the network [35]. It is of important practical value to automatically detect communities in large
complex networks. Current famous community detection algorithms include Girvan–Newman [36],
Walktrap [37], Fast-greedy [35], Multilevel fast unfolding [38], Label Propagation Algorithm (LPA) [39],
Speaker–listener LPA [40], and Infomap [41]. Detecting communities helps us understand and develop
these networks more effectively. For example, communities in social networks represent physical,
social groups that are founded and based on people with the same interests or backgrounds [42].
Communities in paper citation networks share the same topics [43,44]. The communities on the World
Wide Web are comprised of numerous websites that discuss closely related topics [45]. In addition,
urban network development patterns in the real world can be mapped from different types of intercity
flows. This pattern is constrained a certain extent to urban spatial interactions and geographic distances.
However, because of limitations in terms of data acquisition, current studies of China’s urban network
hierarchy based on the perspective of transportation flows mainly focus on the perspectives of airflow
and railway flow extracted from statistical yearbooks. Studies that portray urban networks or regional
interactions based on a national scale of the railway flows of all the cities are rarely seen.

At present, China is in a stage of rapid urbanization. Cities in China are undergoing dramatic
changes at an unprecedented rate. In recent years, the construction of the high-speed railway network
has been booming. This construction boom has had a strong catalytic effect on the urbanization process
and has also had an important impact on the spatial structure of urban areas. Therefore, this paper
analyzes the hierarchical and spatial heterogeneity distribution of train flows. Our study is based
on the railway flows between more than 2600 cities. Moreover, the functional structure and regional
effects of China’s urban network are also examined by using a classical community detection algorithm.
The significances of this paper are its ability to provide a new method for urban network research,
based on national train timetables. In addition, the hierarchical pattern and central structure of China’s
railway network are thoroughly explored. Our results could be referenced by policymakers involved
in high-speed railway construction, urban system recognition and urban agglomeration development.

The remaining parts of this paper are organized as follows. Section 2 gives a brief introduction to
the development of China’s railway system during the past decade and introduces the acquisition of
train timetable dataset. Section 3 describes the modeling of railway network and methodology used in
our research. Section 4 discusses the analysis results. Section 5 summarizes our findings and discusses
future research directions.

2. Development of Railway System and Dataset

2.1. Development of Railway System

Firstly, this paper gives a brief introduction and description of China’s railway development,
from 2008 to 2017. Prior to August 2008, there were no high-speed rail services in China.
On 1 August 2008, the first intercity high-speed railway line was opened between Beijing and Tianjin.
China’s high-speed railway network then entered a period of rapid expansion. The running speed
and the frequency of trains on newly built high-speed railway lines are significantly higher than
those on traditional lines. These two changes may have different impacts on urban network space
structures. In addition, changes in operational policies have occurred during the construction of
China’s high-speed rail network. In July 2011, the Ministry of Railways implemented a comprehensive
speed reduction policy, in order to ensure the safety of China’s railway network. High-speed trains that
previously travelled at speeds of up to 350 km/h are now restricted to a maximum speed of 300 km/h.
High-speed trains that were previously allowed to travel at 250 km/h now have a reduced speed limit
of 200 km/h. Finally, lines on which trains could travel 200 km/h are now operated with a speed
limit of 160 km/h [7]. On 1 January 2013, the Ministry of Railways implemented a price reduction
policy. The highest journey price was reduced by 2% of the basic train fare. Adding more high-speed
rail lines will also affect the major adjustments to the national train schedule. The train timetable is a
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fundamental problem in the operation of a train network [46]. The timetable issue will also affect the
evolution of China’s high-speed rail (HSR) network structure.

Therefore, this paper divides the development of China’s railway system into four main stages
in the years from 2008 to 2017: (1) the stage with traditional rail services only (prior to August 2008);
(2) the stage with several HSR lines (between August 2008 and July 2011); (3) the stage with a steadily
growing number of HSR lines (between July 2011 and January 2013), and (4) a stage with a rapidly
growing number of HSR and intercity-HSR lines (between January 2013 and July 2017), as shown in
Table 1. The spatial distributions of railway lines in each stage are shown in Figure 1.
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Table 1. Four stages of China’s railway system development from 2008 to 2017.

Stage Time Period HSR Lines Construction Additional Policy Changes

1 Before August 2008 No HSR service
2 Between August 2008 and July 2011 Preliminary construction Rearrangement of timetable
3 Between July 2011 and January 2013 Network skeleton Speed and price reduction
4 Between January 2013 and July 2017 Deep intensification Rearrangement of timetable

2.2. Train Timetable Data

The traffic flow data in the previous research are usually aviation flow, railway flow, or maritime
data from statistics yearbook, while researches by using railway flow data between cities on the
national scale are almost rare. The data used in this paper are train timetables of all the cities in China.
It can be obtained from the official website of the China Railway System (http://www.12306.cn).
The train timetable is a form of information that gives the arrival, departure, and stop times of each
train route at each railway station. Table 2 gives an example of the timetable of rail line G651 in stage 3.
The coordinates of each station are obtained from Google Maps. The railway systems in Hong Kong,
Macao, and Taiwan are excluded in this paper.

http://www.12306.cn
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Table 2. Timetable of train route G651 in Stage 3.

Station Arrival
Time

Departure
Time

Stop Time
(min)

Distance from
Origin Station (km)

Ticket Fare
(Yuan)

1. Beijing West - 07:05 - - -
2. Baoding East 07:46 07:48 2 139 64
3. Shijiazhuang 08:24 08:28 4 281 129
4. Xingtai East 08:56 08:58 2 403 186
5. Handan East 09:14 09:16 2 456 209
6. Hebi East 09:44 09:46 2 562 255
7. Zhengzhou East 10:19 10:26 7 693 309
8. Longyanglongmen 11:07 11:09 2 836 368
9. Huashan North 12:12 12:14 2 1095 471
10. Xi’an North 12:48 - - 1216 516

3. Methodology

3.1. P-Space Graph of Railway Network

At present, two popular methods are used to transfer traffic routes into a network, namely the
L-space model and P-space model [47,48]. In the L-space model, only two adjacent nodes in the same
route are considered to be directly connected. However, in the P-space model, all sequential node
pairs on the same route are considered to be connected. This method was used early on for a network
analysis of Indian railway networks [48]. Unlike the L-space model, the P-space model is more focused
on whether two nodes are accessible. Therefore, the P-space model is more suitable for a spatial
transfer and correlation analysis. Therefore, this paper uses the P-space model to build a railway
network based on train timetables. As shown in Figure 2, for example, Train Line 3 passes through the
four cities of A–B–C–I. This line can thus be converted into six links: A–B, B–C, C–I, A–C, A–I, and B–I.
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More specifically, there may be two or more stations in one city, e.g., the Wuhan railway station,
Hankou railway station, and Wuchang railway station, all of which are located in Wuhan City. In our
model, all stations located in one city are treated as one node; i.e., the city where they are located.

3.2. Community Detection for Railway Network

The division of community structure is based on the principle of similarity. The connections
between nodes in the same community are very close. In addition, the connections between node pairs
in different communities are relatively sparse, as shown in Figure 3. This idea is consistent with the
first law of geography [49], which points out that things that are near to each other are also more closely
related to each other. In this paper, urban distance refers to the topological distance of the cities in
the network and not the geographical distance between cities. The calculation of topological distance
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considers the intensity of the connection, which has been validated in the community detections
of many other networks [50,51]. In other words, the higher the degree of linkages, the smaller the
topological distance between that pair of cities will be.
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The community detection algorithm used in this paper is the Fast Unfolding algorithm, which is
a heuristic community discovery algorithm based on modularity optimization first proposed by
Newman and Girvan [36]. This algorithm contains a hierarchy of structures and offers good
performance and efficiency. This algorithm can discover the hierarchical structure that exists in
a detected community while the modularity of the network is maximized. In this study, we executed
the Fast Unfolding algorithm by using the software Gephi.

3.3. Assessing the Influence of Nodes within Each Community

The within-module degree (z-score) and the participation coefficient (p-value) are two popular
indicators used to measure the influence of nodes within a specific network [16,52]. The mechanism
behind these two indicators is that, if the nodes in a network have similar topological properties,
those nodes have a high possibility of playing a similar role in that network. The within-module degree
z-score measures the degree centrality of a certain node within a module [52], which is calculated
as follows:

zvi =
ej′vi
− ej′

σej′
(1)

Here, ej′vi
is the number of links of node v within its own community j’; ej′ and σej′ are the mean

value and standard deviation, respectively, of ej′vi
of all the nodes within the community.

The participation coefficient (p-value) measures the amount of variation in intermodular node
connections. This indicator quantifies the degree of connectivity between a specific node and other
nodes that do not belong to the same community. The p-value of node vi is calculated as follows:

pvi = 1−∑
j∈J

( ejvi

evi

)2
(2)

Here, ejvi
is the number of links of node vi with other nodes in community j; evi is the degree of

node vi, and J is the total number of detected communities. After dividing the railway flow network
into communities, the role and influence of the nodes in each community are mainly measured by
these two indicators [53,54]. Generally, a node is assessed as a hub when the node’s z-score is more than
2.5. In addition, when the node’s p-value is no more than 0.3, this node is a provincial hub. When its
p-value is between 0.3 and 0.75, this node is a connector hub [16].
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4. Results and Discussions

4.1. The Spatial Connectivity of Railway Networks

Figure 4 visualizes the train flows between cities at each stage. From a macroscopic perspective,
the distributions of China’s railway flows are of significant spatial heterogeneity, and the guiding role
of railway traffic in regional spatial correlation appears. In addition, the flows show strongly spatial
dependence and hierarchical characteristics, and the corridor effect is significant. The common features
of the four stages are that the corridor effects are consistent with the horizontal and vertical railway
arteries in China. The vertical linkages are also obviously stronger than the horizontal linkages.
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In Stage 1, the three vertical and two horizontal corridors constitute the backbone of the railway
network. These corridors became the most important development axes of China’s land space
development. Of all the corridors, the “three verticals” are mainly along the Beijing–Harbin line,
the Beijing–Guangzhou line, and the Beijing–Shanghai line. Due to their high density and radiation
range, they form the vertical urban association corridors. In addition, the “two horizontals” are
mainly along the Xuzhou–Xi’an and Changsha–Shanghai lines. These are two of the most important
regional development axes from eastern to western China. For example, in Stage 1, the link strengths
of the Beijing–Wuhan, Changsha–Guangzhou, Beijing–Harbin, Beijing–Shanghai, Changsha–Shanghai,
Zhengzhou–Xi’an (and other) railway lines were more than 40. However, horizontal linkages are
generally weaker than the linkages of vertical corridors. In Stage 2 and Stage 3, the link strengths of
Beijing, Shanghai, Zhengzhou, and Guangzhou, which are important nodes along vertical corridors,
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obviously increased. Moreover, the link strength of the Changsha–Kunming line in the horizontal
corridor also increased.

Until Stage 4, the “four vertical and four horizontal” corridors of China’s railway network
had only been preliminarily formed, as shown in Figure 4d. In the four vertical corridors,
the link strengths along the Beijing–Zhengzhou line, Wuhan–Guangzhou line, Beijing–Shanghai
line, significantly improved at Stage 4, with all now over 140. Meanwhile, the link strength along the
Beijing–Harbin line has also increased, but only slightly. In addition, the four horizontal corridors
along the Shanghai–Wuhan–Chengdu, Shanghai–Changsha–Kunming, Xuzhou–Xi’an–Urumqi,
and Jinan–Shijiazhuang lines all have high linkages (more than 40). These heterogeneous distributions
of railway flows have important reference value for anyone seeking to understand the spatial pattern
of China’s urban network. It is worth noting that these distribution patterns are consistent with the
“developing corridors strategy” proposed in China’s new urbanization plan [55].

Overall, the number of red, blue, and green segments increased from Stage 1 to Stage 4. These are
mainly distributed in the central and eastern parts of China. The linkages statistics are shown in Table 3.
The maximum and average values of the linkages between cities show an increasing trend from Stage
1 to Stage 4. The maximum value increased from 202 in Stage 1, to 368 in Stage 4. The mean value
increased from 7.66 in Stage 1, to 11.44 in Stage 4, representing a growth rate of 49.34%. In addition,
the linkages statistics almost remained stable from Stage 2 to Stage 3. However, in terms of spatial
distribution, the train flows in the surrounding area of Nanjing and along the Kunming–Changsha
line have significantly changed.

Table 3. Statistics of city links.

City Links Stage 1 Stage 2 Stage 3 Stage 4

Maximum 202 280 282 368
Average 7.66 8.20 8.90 11.44

Minimum 2 2 2 2
Standard deviation 13.32 15.44 16.48 21.48

4.2. Community Detection

Based on the railway flow results in the previous section, Table 4 shows the community detection
results of the railway network during each stage. The modularity values of the four stages are not
obviously changed. They are distributed between 0.83 and 0.86, indicating that the detected community
structure of the network is relatively stable. However, the construction of high-speed railways and
the adjustment of operational policies have led to significant changes in the community structure
of railway networks. The number of communities decreased from 30 in Stage 1, to 24 in Stage 4.
The spatial extent and layout of the community also changed, as shown in Figure 5 and Table 4.
In general, the continuous introduction of high-speed rail services into the railway network, together
with the corresponding rearrangement of train timetables, will result in a decrease in both the number
of communities and the average distance between community centers. Combined, this indicates the
likelihood of a closer connection between communities.

From Stage 2 to Stage 3, China’s high-speed rail managers implemented both price reduction and
speed reduction policies. The train timetable has also undergone major adjustments. The number
of detected communities has decreased from 29 to 24, indicating that operational policies have had
a profound impact on the linkages between cities and regions. In the process of urban and regional
development, the acceleration of regional railway construction projects has served the dual purposes of
improving accessibility and developing the regional economy [19]. The major differences in the number
of community detections during the different stages are mainly reflected in the northeastern part of
China. During Stage 1, the provinces of Inner Mongolia, Heilongjiang, Liaoning, and Jilin were mainly
divided into 13 communities. However, during Stage 4, these four provinces were divided into seven
communities, a reduction of six in number. In the three provinces of northeast China (Heilongjiang,



Sustainability 2018, 10, 3173 9 of 15

Liaoning, and Jilin), the number of train stations is very dense (exceeding 660). This figure accounts
for 24.50% of the total number of train stations in China. With the opening of the Shenyang–Harbin
high-speed railway line in Stage 3, the cities in the northernmost provinces of Heilongjiang and Jilin
became more directly and closely linked to the cities in other provinces.

Table 4. Communities detected from railway network.

Index Stage 1 Stage 2 Stage 3 Stage 4

Modularity Value 0.86 0.85 0.84 0.83
Number of Communities 30 29 24 24

Average distance between communities (km) 1611.72 1574.81 1532.26 1529.42

The spatial layout pattern of community structures is influenced by railway corridors, operational
policies, administrative divisions, and geographical conditions. The layout pattern also has a high
coupling with the spatial distribution of some urban agglomerations in China, such as the Yangtze
River delta urban agglomerations centered at Shanghai, and the Pearl River delta urban agglomerations
centered at Guangzhou. In addition, from the perspective of spatial extent, most of the community
scopes are larger than the urban agglomerations, which are close to the provincial scale. However,
some new regional structures have also been identified.
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Firstly, the regional spillover effect of the railway network is very obvious. The spatial spillover
effect can form interprovincial regional connections across intrinsic administrative boundaries.
The direction of spatial spillover is affected by the prevailing geographic conditions. For example,
Yunnan is located in southwestern China, and its spillover direction is north and east. In addition,
the spillover effect is also affected by the railway corridor. For instance, all cities in the provinces
of Qinghai and Tibet are amalgamated into the same community. Moreover, the opening of
high-speed rail services will accelerate this spillover effect. For example, during Stage 2, with the
opening of the Zhengzhou–Xi’an high-speed railway line, the Qinghai and Tibet community
expanded to Ningxia. In addition, the community’s expansion covered the whole Shaanxi Province,
as well as the eastern part of Henan Province in Stage 4. Meanwhile, during Stage 1, all cities
along the Zhengzhou–Wuhan–Guangzhou railway were amalgamated into the same community.
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In Stage 2, with the opening of the Wuhan–Guangzhou high-speed railway line, the cities along
the Wuhan–Guangzhou high-speed railway were also amalgamated into the same community.
The radiation range along the line has expanded to the provinces of Hunan and Fujian.

Secondly, the spatial segmentation effect of intrinsic provincial boundaries is also obvious.
This effect is most evident in the northeastern part of China, while independent provinces are being
concentrated into shrinking and tight communities. For example, Heilongjiang Province was mainly
divided into three communities. Four small communities also appeared in Liaoning Province during
Stage 1. Prior to Stage 4, the three provinces of Heilongjiang, Jilin, and Liaoning were divided into two
main communities and three small communities. Moreover, the provincial administrative boundary
has become an important dividing line in different communities. Examples from Stage 1 include
the southern part of Anhui Province and the southern part of Guizhou Province. During Stage 3
and Stage 4, Guangxi Province and the discovered communities were especially highly consistent.
However, most of the community borders are inconsistent with intrinsic provincial administrative
boundaries. For example, during Stage 1, the southern part of Zhejiang City was amalgamated into
the Fujian community. During Stage 3, the southern part of Anhui and the eastern part of Zhejiang
were amalgamated into the same community.

4.3. Analyzing the Influences of Nodes

The within-network degree z-score and the participation coefficient p-value for all nodes in different
communities were calculated according to Equation (3). By setting the z-score at greater than 2.5 and the
range of the p-score, the number of provincial hubs and connector hubs are obtained in each stage [16].
As shown in Table 5, only approximately 3% of the cities are recognized as hubs, and all the other nodes
are classified as nonhubs. Overall, railway networks in different regions are self-contained, showing
significant spatial dependence and diverse spatial patterns. In addition, multilevel and organized
regional systems are prominent.

Table 5. Descriptive statistics of the influential nodes in China’s railway network.

Index z-Score p-Score Stage 1 Stage 2 Stage 3 Stage 4

Provincial Hubs >2.5 [0, 0.3] 53 64 63 53
Connector Hubs >2.5 (0.3, 0.75) 31 19 19 27

Total Hubs 84 83 82 80

Provincial hubs have a clear corridor effect. This means that the provincial hubs within the same
community are mainly found along the same important rail lines. As shown in Figure 6, the rates of the
train flows passing through the provincial hubs are not often the highest, but rather they are the second
and third level in terms of the natural breaks division. In addition, the number of hubs in the three
northeastern provinces (Heilongjiang, Jilin, and Liaoning) during each stage was as high as 20, with a
proportion of more than 23% of all the hubs. The main reason for this is that, in the northeastern part
of China, the number of train stations and the density of railway networks are very high. The number
of stations in these three provinces is more than 660, which accounts for approximately 24.50% of all of
China’s railway stations. This makes creating regional hubs very easy.

Connector hubs are mostly provincial capitals in the provinces. For example, of the 31 connector
hubs in existence during Stage 1, 18 were provincial capitals. By Stage 4, of the 27 connector hubs,
15 were provincial capitals. Moreover, the connector hubs are mainly located on the “four horizontal
and four vertical” axes of the railway’s skeleton network. With the evolution of China’s railway
network, the distribution of connector hubs has also become relatively concentrated. In addition, as is
apparent from Figure 6, the rate of train flows passing through the connector hubs is at the highest
level in terms of the natural breaks division method. The distribution patterns of provincial hubs and
connectivity hubs further indicate that high-level cities are more inclined to overcome the constraints
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of geographical distance. However, the intercity link strength within the same community is still
constrained by real geographical constraints.

4.4. Inner Structure of Each Detected Community

According to the number of provincial and connector hubs, the inner spatial structure of detected
communities during each stage can be roughly divided into classifications of monocentric structure,
dual-nuclei structure, polycentric structure and noncentric structure. The classification results are
shown in Table 6. More than 75% of the communities clearly display a central structure system.

Table 6. Inner structure of communities detected from railway network.

Community Type No. of Hubs Stage 1 Stage 2 Stage 3 Stage 4

Noncentric 0 6 (20.00%) 7 (24.14%) 5 (20.83%) 4 (16.67%)
Monocentric 1 5 (16.67%) 0 1 (4.17%) 3 (12.50%)
Dual-nuclei 2 2 (6.67%) 4 (13.79%) 2 (8.33%) 4 (16.67%)
Polycentric ≥ 3 17 (56.67%) 18 (62.07%) 16 (66.67%) 13 (54.17%)

As shown in Table 6, there are 5, 0, 1, and 3 monocentric communities, respectively, from Stage 1
to Stage 4. Figure 6 shows the spatial distribution of different community structures. The monocentric
communities are mainly located near national borders. For example, four of the five monocentric
communities in Stage 1 were distributed in the northeast, the eastern coastal and the southern coastal
areas. In Stage 4, all three of the monocentric communities were distributed in the southern and
northeastern regions.
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The dual-nuclei structure is also very important in terms of regional transportation planning.
In Stages 1 and 2, the dual-nuclei communities were dominated by two provincial hub combinations.
For instance, five of the six dual-nuclei communities in Stage 1 and Stage 2 were two combined
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provincial hubs. During Stage 3, either provincial and connector hubs, or two connector hubs were the
dominant combinations, as shown in Figure 6a–d. For example, of the two dual-nuclei communities
in Stage 3, one was a provincial and connector hub combination, and the other was a combination of
two connector hubs. During Stage 4, two communities were connector hub combinations, while one
community was a combination of provincial and connector hubs.

The polycentric structure is dominant in all four stages, with a ratio of more than 54% of all
structures. The spatial distribution of the provincial hubs in polycentric communities shows a
significant corridor effect. The provincial hubs in the same community are mainly located along
the same important rail lines. Previous studies have demonstrated that using a polycentric structure
is the optional strategy for future population growth and the rational distribution of employment
opportunities [56].

5. Conclusions

Based on the train network flows derived from the train timetables of China’s rail network from
2008 to 2017, this paper thoroughly analyzes the impact of the evolution of high-speed railway services
and the changes of operational policies on the hierarchical structure of China’s railway network.
The links of China’s railway network are distributed heterogeneously between the railway transport
nodes. In Stage 2 and Stage 3, the link strengths of the four main vertical railway corridors are
very high. This is especially true of the corridors around some important nodes, such as Beijing,
Shanghai, Zhengzhou, and Guangzhou, all of which are located along these lines. In addition,
the link strength along the Changsha–Kunming line in the horizontal corridor has also improved.
Prior to Stage 4, the “four vertical and four horizontal” corridors of China’s railway network had been
preliminarily formed. The link strengths along the Beijing–Zhengzhou line, Wuhan–Guangzhou line,
Beijing–Shanghai line have been significantly improved; all are over 140. Meanwhile, the link strength
along the Beijing–Harbin line has also increased slightly. Overall, the hierarchy and heterogeneity of
China’s railway network are obvious.

The results of this empirical research have also revealed that China’s railway network is complex
and characterized by a multicommunity structure. These findings were verified through a popular
community detection algorithm. The construction of high-speed rail lines and the adjustment of
operational policies have led to significant changes in the community structure of China’s railway
network. The number of communities has decreased from 30 in Stage 1, to 24 in Stage 4. From Stage 2
to Stage 3, China’s high-speed rail service managers have implemented price reductions and speed
reduction policies. The train timetable has also undergone major adjustments. The number of detected
communities has decreased from 29 to 24, thus indicating that operational policies have had a profound
impact on the linkages between cities and regions. Moreover, the regional spillover and segmentation
effects of the railway network are very obvious. The spillover effect could create interprovincial
regional connections across intrinsic administrative borders and boundaries. The direction of spatial
spillover is affected by geographic conditions. In addition, the provincial administrative boundary
has become an important dividing line in some communities. The segmentation effect could cause an
independent province to divide into shrinking and concentrated communities.

Finally, this paper assesses the influence of nodes in each detected community. The provincial
hubs have a clear corridor effect, while the connector hubs are almost always the capital cities
of the provinces. In addition, railway networks in different regional systems are self-contained,
showing significant spatial dependence and multiple spatial forms. The inner spatial structure
of detected communities can be roughly divided into four types, namely monocentric structure,
dual-nuclei structure, polycentric structure, and noncentric structure. The polycentric structure
was the dominant structure during all stages, with a ratio of more than 54%. As the evolution of
China’s railway system continued, the combinations of hubs were also transformed. For instance,
in Stages 1 and 2, the dual-nuclei communities were dominated by two provincial hub combinations.
However, during the last two stages, either provincial and connector hubs, or two connector hubs,
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were the dominant combinations. The overall accessibility of China’s railway network has been
improved, according to other studies [7,19]. Thus, the changing inner structures could be referenced
by policymakers seeking to optimize national or regional railway networks. We are currently unable
to study other real networks but it is believed that the proposed method could be applied to other
infrastructures, such as urban roads and highways, water distribution networks.

China is still in a period of rapid urbanization and industrialization. The country’s urban spatial
network structure is still undergoing constant renewal and adjustment. Based on the analysis results of
railway flows, further optimizing the allocation of infrastructure resources and improving the network
efficiency would be helpful in terms of achieving the overall coordinated development of China’s
regions. However, the urban network is very complex, being composed of multiple types of flows (e.g.,
information flow, capital flow, human flow, and so on). Therefore, we feel it is necessary to introduce
multiple elements into any urban network analysis. Although the railway network is in a state of rapid
development, the rail network’s efficiency should also be the subject of further research in the future.
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