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Abstract 
In strategic transport planning, rail stations play different roles at different scales, particularly in large 
cities and metropolitan regions, where movement structure shows polycentric patterns. However, there 
is a general lack of evidence-based studies investigating the relative network roles of rail stations. 
Therefore, this paper aims to explore rail stations' roles within and beyond metropolitan communities 
in London. Drawing on the Transport for London's newly released NUMBAT passenger origin-
destination data, we unravel the travel structure and identify the stations’ roles through network 
methods, community detection and Z-P scores. Our research has three results: First, London's passenger 
movement network can be subdivided into seven communities. The majority of stations within the same 
communities are geographically localised with few exceptions. Second, stations play distinct roles in 
handling the patterns of movement at different scales. Typically, there exists a set of stations that are 
significant for connecting between metropolitan communities, because the disruption of those stations 
will have a greater impact on overall network efficiency and affect a larger and more diverse group of 
passengers. Third, a classification of rail stations is developed based on stations' commitment at two 
scales. This classification allows planners to have a finer level of understanding of the network role of 
the stations and thus develop and adjust tailored (re)development strategies.   
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1. Introduction  

The success of London's future transport relies upon reducing Londoners' dependency on cars in favour 
of increased rail ridership (GLA, 2018). However, a new wave of population growth and the population-
related spatial strategic strategies brought unprecedented challenges to London rail management and 
planning. For example, policies such as the railway extension, new line introduction, and land 
densification will bring more uncertainties and complexities, requiring policymakers to better 
understand the exact roles of rail stations in daily traffic activities. Within this context, an effective 
strategic transport planning tool helping to gain deeper insights into stations' roles turns out to be 
imperative.  

As the travel movement in large cities and metropolitan regions is becoming richer and more complex, 
the stations’ roles nowadays are also becoming more complicated. London, as an example, is no longer 
a monocentric but a polycentric structure with increasingly heterogeneous patterns (Roth et al., 2011; 
Zhang et al., 2021). This feature is also known as modular community structure in network science, 
which is a universal phenomenon spanning a wide range of real networks, such as social networks 
(Moody, 2001), metabolic networks (Guimera and Amaral, 2005) and economic networks (Rozenblat 
et al., 2017). In the context of the movement network, the modular community structure refers to a 
network where several stations tend to have denser connections and cluster into communities while the 
connections are sparser between stations from different communities. Stations’ connections in 
communities give an extensive perspective to the study of station roles. 

Although there is a proliferation of studies exploring the roles of rail stations, much of the work to date 
has centred on the city level (Gonçalves et al., 2009; Huang and Levinson, 2015; Wang et al., 2017) 
and the local level (Caset et al., 2018; Derrible and Kennedy, 2010; Zhang et al., 2019), few studies 
explored the roles of stations within and beyond metropolitan levels. The city-level studies put great 
effort to investigate how a holistic network configurational characteristic would impact the network 
function and how network indicators can reflect stations’ roles. For example, there is a surge of interests 
in using the network centralities to indicate the criticality of station areas. Cats and Jenelius (2014) used 
betweenness centrality to identify the candidates for important links of the Stockholm transit network 
and interpreted their importance with regards to the station’s contribution to maintaining network 
robustness. Zhong et al. (2014) used centrality to indicate the salience of metro stations in Singapore. 
As for the local-level studies, they typically seek to understand the roles of stations by examining the 
balance between transport services supply and land use development from the Transit-Oriented 
Development perspective. For example, Vale and his colleagues (2018) characterised Lisbon transit 
stations into five types based on the node-place model and designated them with various roles such as 
Urban TOD and unsupplied TOD. 

Compared to the city and local perspectives, understanding station roles with a community perspective 
allow planners to gain a granular landscape of the roles that stations play at different scales. London is 
looking for a more robust way to re-examine and validate the station roles in strategic transport 
planning. Undoubtedly, such studies will not be feasible without new data being available. The newly 
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released NUMBAT data, collected from smart-cards and gate entry/exit for each station, covers a much 
larger sample size than previous datasets. This dataset provides comprehensive statistics on usage and 
travel patterns on multi-rail demand dataset for London, which give us opportunities to unravel the 
London movement patterns transactions within and between territories. Based on NUMBAT data, this 
paper mainly aims to understand the roles of London rail stations within and beyond metropolitan 
communities. The rail stations henceforth used in this paper incorporate London Underground, 
Overground, Light rail and TfL rail stations, all of which take up roughly around 22% of total Greater 
London daily trips in 2019 (TfL, 2019a).  

The remainder of the paper is structured as follows. Starting from reviewing network theories and 
approaches application in transport planning, section 2 discusses particularly on how modular 
community network analysis can be applied to understand the interaction between different station areas 
and reinforce planners' understanding of strategic roles of stations. Section 3 then introduces the study 
areas, data and methods. Specifically, we present how stations’ roles can be captured by network 
methods - community detection and weighted Z-P scores. Section 4 firstly describes the movement 
structure in London through conducting community detection on NUMBAT data. Secondly, it 
demonstrates a typology of specifying stations' strategic roles based on their contribution within and 
with communities. The paper concludes with a discussion of significant findings and some suggestions 
for future research. 

2. Literature review 

2.1 Network methods in rail network studies  

The network studies have a long history stretching back several centuries (Newman, 2004; Newman, 
2006) in various disciplines. For instance, some pioneer scholars (Batten, 1995; Burger and Meijers, 
2012; Meijers, 2007; Preston and Rajé, 2007) attempted to make an analogy between central place 
theory and network system theories with the aim of exploring the validation and applicability of network 
analysis in planning studies. However, empirical studies using network knowledge to deal with 
transport topics do not have a long history, mainly because the network has only very recently been 
extended to deal with spatial networks and the increasing deluge of data abstracting real world is only 
available until the last two decades (Barthélemy and Flammini, 2008).  

By reviewing previous studies, we find that the existing transport network studies used very limited 
network knowledge, compared to the rich package that network theories offered. The most commonly 
used network analysis are network centralities covering several different topics, such as describing road 
structure evolution (Barthelemy et al., 2013), identifying strategic critical rail stations (Caset et al., 
2018), estimating the railway services level and identifying the vulnerable stations (Berche et al., 2009; 
Chopra et al., 2016, Rodríguez-Núñez and García-Palomares, 2014). But from the other side, we notice 
a similar topic shared by most of the existing studies, that is the structure, the core of network analysis. 
As remarked by Borgatti et al. (2018) that network analysis is about structure and position. A node’s 
position in the network somehow determines the opportunities and chance that it can encounter, and 
therefore, identifying the position is of great importance to understand its underlying function (Guimera 
et al., 2004).  
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The other network knowledge that has received considerable attention is community detection analysis, 
the fundamental idea of which is to identify the densely connected groups of vertices according to the 
intensity of functional connections (Fortunato, 2010; Newman, 2004), such as commuting and trade 
flows. A wide range of studies (Green, 2007; Li and Phelps, 2017) have found that cities are no longer 
viewed as mere entities with clear and detectable boundaries (Vasanen, 2012), but as functional urban 
regions with intangible linkages between distinctive functional sub-centres. In effect, community 
detection helps to describe the patterns of economic activities and the urban socio-economic 
associations between urban areas. For instance, two geographically distant areas can be included in one 
community because of their strong connections of functional flows. Although there is some extended 
development, the existing studies using commuting data explored a limited number of topics, i.e., 
identifying and characterising urban functional structure (Burger and Meijers, 2012; Cats et al., 2015; 
Zhong et al., 2014), movement structure (Chopra et al., 2016; Roth et al., 2011) as well as economy 
clusters (Rozenblat et al., 2017). For example, Cats and his colleagues (2015) applied the spatial-
temporal distribution of public transport passenger flow to reveal the dynamics of urban structure in 
Stockholm. Chopra and his colleagues (2016) used modularity-based community detection to identify 
London rail communities and found the varying structures between the mid-days and peak hours.  

 

2.2 Modular community analysis: community detection and Z-P scores 

As a prominent universal phenomenon, modular structure emerges in various networks, such as airport 
networks (Guimera and Amaral, 2004; Vargas and Wahl, 2014), telephone communication networks 
(Blondel et al., 2010; Adam et al., 2017), social networks (Zachary, 1977), metabolic networks (Ravasz, 
Somera et al., 2002) and biological networks (Hartwell et al., 1999).  The network with high modularity 
are highly interconnected between the nodes within communities (also called module, cluster or group) 
but less connected between nodes in different modules (Fortunato, 2010; Newman, 2010).  

Modular community analysis, a well-studied area of complex network science, has also been employed 
in a wide range of transport-related research fields, such as movement patterns detection (Manley, 2014; 
Neal, 2014) and sub-centres or urban structure detection (Zhong et al., 2014). These studies emerged 
not only because the modularity phenomenon widely existed in either spatial or socio-economic 
networks, but also commuting represents an essential lubricant for both labour-market flexibility and 
that of residence and workplace (Parr, 2014). We find that the current work using community detection 
in transport-related studies can generally be divided into four strands. The first strand focuses on 
revealing the movement structures and patterns by identifying the sub-centres' boundaries and hub, 
ranging from international freight flight (Calatayud et al., 2017), sub-regional taxi trip (Liu et al., 2015), 
logistic transport network (Beckers et al., 2019), rail network (Chopra et al., 2016) to bike-sharing 
network (Zhou, 2015). Community detection approach is commonly used to identify movement 
structures by dividing a network into tightly connected subnetworks. Modularity indicator is then 
followed to specify the most effective subnetwork partition over different community detection 
algorithms such as Infomap (Rosvall and Bergstrom, 2008) and Louvain (Blondel et al., 2008). 

In the second strand of network community detection is used to compare travel features between 
different types of movement networks. The movement networks are normally classified by different 



5 
 

criteria, such as occupations (Shen and Batty, 2019), transport mode (Neal, 2014) and travel time (Cats 
et al., 2015).  For example, by comparing the clusters between China airline network and High-Speed 
Railway networks, Yang et al. (2018) found that High-Speed railway shows a stronger modular 
structure and thus plays a more critical role in regional connection whereas air-dominant cities are 
evenly distributed which offer more interregional connections. It is found that community detection 
analysis could capture the intrinsic features of movement and equip planners with an evidence-based 
reference for understanding the strategic settings of various types of transport networks. Another 
interesting empirical work is conducted by Neal (2014), who distinguished the community structures 
of US air traffic networks by travel species (business travel vs leisure travel), travel season (summer vs 
winter) and travel scales (route vs origin-destination). The empirical results showed distinct travel 
structures and patterns by the above criteria.  

Unlike the second strand focusing on different types of networks, the third strand looks at the change 
of the same movement network from a temporal perspective. The temporal community detection 
research could enrich planners with more in-depth insights into changing movement structures (or 
urban, regional structures), such as identifying the emerging sub-centres and shifting sub-centre 
geographic boundaries.  Here the temporal dimension can be understood in different time scales from 
minutes to years.  For example, one of the seminal works conducted by Zhong et al. (2014) explored 
the urban structure variations between 2010 and 2013 in Singapore by analysing smart travel card data. 
The community detection results showed a westward trend of urban structure, albeit within a short time 
series-four years. In addition to investigating the temporal change of the same mode of travel 
movement, some studies focus on delineating the variation of coupling extent between different travel 
modes. For example, Yang and his colleagues (2019) found a new emerging sub-centre of dockless 
travel networks in Nanchang after introducing a new railway station. Rather than estimating the impacts 
of introducing a new station, Saberi et al. (2018) explored the change of community structures of sharing 
bicycles caused by the rail disruption in London. They found a considerable variation in the bicycle 
sharing mobility network of the structure and properties. Both studies provide us with a new lens to 
evaluate the impacts of new proposed infrastructure investment by accounting for community 
structures' temporal change. 

The fourth strand is the extensive development of the community detection, Z-P scores approach (also 
known as within- and with- community analysis). This approach one of the instrumental analysis 
components in modular community analysis. With the increasing awareness of the critical role 
community structure plays in network functionality (Papin et al., 2004; Ravasz et al., 2002), more 
research developed further to advance insights of modular community characteristics, because although 
community detection could specify spatially homogenous communities, it could not indicate the 
heterogeneity within the community at local station level (Beckers et al., 2019) or reflect how each 
station contribute to the connection between specified communities. To overcome the aforementioned 
barriers, Guimera and Amaral (2005) proposed Z-P scores: the within-module degree Z score and inter-
module participant coefficient P. The within-module degree Z estimates how well connected a node is 
to other nodes in its community. For instance, a higher Z value indicates a node is well-connected within 
its community, which is likely to be a critical hub within the community. The participation coefficient 
P measures the diversity of a node's inter-community connections and indicates how well distributed it 
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is across other communities (Guimera and Amaral, 2005). Essentially, the Z-P scores approach offers 
a useful tool for characterising node involvement in within- and with-community connectivities. 
Following the approach’s application on the world air transport network, there are some exciting 
attempts on other types of transport networks. For example, Beckers and his colleagues (2018; 2019) 
identified seven types of logistic communities and explored their interactions through Z-P scores in 
Belgium logistics buyer-supplier network. Verhetsel et al. (2018) applied the similar approach upon 
commuting flow to differentiate the heterogeneity of each municipality. However, the participation 
coefficient P developed by Guimera and Amaral (2005) can only indicate the diversity of a node’s inter-
modular connections but not elaborate on how critical these links in the overall network structure and 
function. To overcome this limitation, Vargas and Wahl (2014) developed a generalised participant 
coefficient, called gateway coefficient, to measure the diversity of inter-community connections and 
how important these connections are to intercommunity connectivity.  

As no prior studies have applied the refined Z-P scores approach into empirical transport studies, this 
research is motivated to fill in the gap between Vargas and Wahl’s (2014) theory and practical transport 
studies. This study seeks to investigate the roles of London rail stations within and beyond metropolitan 
communities by with-community degree Z and the generalised participant coefficient P. 

3. Method  

3.1 The datasets and network construction 

London railway has a long history with the world's first underground; the Metropolitan opened in 1863. 
Nowadays, the London railway network has developed into one of the most complex public transport 
networks in the world. The railway network (see in Fig. 1) in this study includes eleven underground 
networks (Bakerloo line, Central line, Circle line, District line, Hammersmith, Jubilee line, 
Metropolitan line, Northern line, Piccadilly line, Victoria line, Waterloo & City line), Dockland Light 
Rail (DLR), London Overground and TfL railway.  

This study relied on two sets of data. The first is the NUMBAT data (downloadable from 
http://crowding.data.tfl.gov.uk/) from Transport for London (TfL) released in 2019, which provides 
statistics on usage and travel patterns on all TfL rail services (TfL, 2019b), including London 
Underground, London Overground, Docklands Light Railway, TfL Rail / Elizabeth Line and London 
Trams.  The data contains detailed information, including the origin and destination (OD), and boarding 
and alighting time. In this study, we only focused on the travel peak time (7 AM-10 AM; and 4 PM-7 
PM) on typical autumn weekdays (excluding public holidays) in 2018. From this dataset, we can also 
calculate the total entry and exit volume of each station. The second dataset is the rail geographical data 
(downloadable from https://www.openstreetmap.org/ ) from OSM (OpenStreetMap), which contains 
the spatial coordinates of stations and geographical information of tracks between stations.  

Based on the passenger flow data about origins and destinations and the spatial relationship between 
each station, an undirected weighted graph is constructed to represent the overall travel on every pair 
of links in the city during weekdays. Formally, the network can be defined as an undirected weighted 
graph as G = (N, L, W1, W2), where N refers to the number of rail stations, L represents the number of 
links, W1 indicates the Euclidean distance between each link respectively, and W2 indicates the 
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passenger travel volume between each link respectively. In the London rail network, N indicates 642 
stations, L refers to 202,401 OD links that include all travel interactions among rail stations in Greater 
London.  The network construction and the following network properties calculation are drawn on 
igraph (https://igraph.org/), the network analysis package, on the R platform.  

 
 

  Fig. 1. The study area (source: DfT and GLA).  
  

3.2 Community detection on passenger movement network   

Passenger flow within the same community has stronger connections and interactions compared to the 
flows between communities. Here, communities are analogous to metropolitan community areas. To 
identify the strength of the interaction between 642 station areas, we perform five appropriate 
community detection algorithms by analysing the NUMBAT passengers' OD data. They are edge 
betweenness (Girvan and Newman, 2002), Infomap (Rosvall and Bergstrom, 2008), Louvain (Blondel 
et al., 2008), Spinglass (Reichardt and Bornholdt, 2006) and Fast greedy (Newman, 2004). The 
communities are then identified by maximising their modularity (Girvan and Newman, 2002; Newman, 
2004). It should be noted that Louvain community algorithm is a modularity-based approach. The 
algorithm is a bottom-up and iterative process that starts with a random node within the network. The 
nodes indicating rail stations have a natural ordering number ID in our original data from 1 to 642. 
Although Blondel et al. (2008) remarked that the ordering of the node does not have a significant 
influence on the modularity that is obtained, we conducted 50 times starting with the randomly selected 
nodes in our practical analysis for accuracy reasons.   
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The optimal result with the highest modularity will provide the community subdivision (Newman, 
2004), and each station node will be assigned to a new attribute, that is, the community membership. 
Modularity (𝑀") is a measure of the extent to which like is connected to like in a network (Newman, 
2010), ranging from -1 and 1. It is the number of edges within groups minus the expected number in an 
equivalent network with edges placed at random (Newman, 2006). The higher the absolute value of 
modularity, the higher possibility the presence of community structure. Therefore, modularity is a 
useful indicator to help decide the network divisions. 

 𝑀" =
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&'+,, )𝛿(𝑐+, 𝑐,)                                                                                                         (1) 
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	𝛿(𝑐+, 𝑐,) is a community identifier that if node i and j are in the same community, then it is 1.  L indicates 
the total number of links, 𝐴+, is the original adjacency with the weights, 𝑘+ is the degree of node i, and 

𝑘,  is the degree of node j.  

3.3 The roles within and beyond metropolitan levels through Z-P scores  

Two nodes with the same centralities may play different roles in a network featured with a modular 
structure. In other words, centrality alone is no longer sufficient to help us understand the station's role 
in complex travel patterns. Modular community analysis provides us with a tool to advance our 
understanding of the station’s roles within and beyond metropolitan levels through Z-P scores. That is 
to say, not only the criticality within the community but also the criticality with different communities 
have been taken into account. To a large extent, a node's role can be determined by its Z-P scores, which 
defines how the node is positioned within and between communities (Guimera and Amaral, 2005, Han, 
Bertin et al., 2004).  

Once we calculate the community subdivision in section 3.2, the within-degree Z (Eq. 2) and the general 
participation coefficient P (Eq. 3) (Guimera and Amaral, 2004; Guimera and Amaral, 2005; Rodrigue, 
2020; Vargas and Wahl, 2014) are calculated to estimate each node's fulfilment within and between 
communities. The within-module degree Z how well-connected node 𝑖 is to other nodes within the 
module (Guimera et al., 2004):  

𝑍+ =
./E/F.GE/
H.E/

                                                                                                                                          (2) 

Here 𝑠+ is the community to which node 𝑖 belongs to, 𝑘+𝑠+	is the number of the connections from node 
𝑖 to its identified community 𝑠+ ,  𝑘G𝑠+  is the average of 𝑘+𝑠+  over all the nodes in 𝑠+ , and 𝜎𝑘𝑠+ is the 
standard deviation of all nodes' degree within module 𝑠+.  

To represent the station’s pattern of intracommunity connections, Vargas and Wahl (2014) defined the 
weighted participation coefficient:  

𝑃+ = 1 − ∑ K./L
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M
&
(𝑔+𝑠)&O

EP%                                                                                                                 (3) 
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Where 	𝑘+E is the number of links of node 𝑖 to nodes in community 𝑠, and 𝑘+ is the degree of node 𝑖. 𝑔+𝑠 
indicates the weights of both the node's within- and with- modular participation in the network (more 
details can be found in the Attachment A). That is to say, if a station evenly connected with stations 
from different communities, then its participation is close to 1. While if a station solely interacts with 
stations within the same community, then its participation value is 0. 

To better capture the difference between Z-P scores and current network studies, here we also draw on 
the efficiency to examine the station’s impact on the rail networks. The idea is if the disruption of a 
station will lead to a greater reduction in efficiency, then we could assume that the station is more 
critical to the system. Referring to previous work (Rodríguez-Núñez and García-Palomares, 2014; 
Williams and Musolesi, 2016), this study considers the holistic efficiency (Eq. 4) of the network as a 
benchmark to compare before and after of the change of system’s efficiency.  

𝐸	 = %
O(OF%)

∑ 𝐸+,𝐹+,+S, 	                                                                                                                      (4)                                                        

Where N denotes the total number of stations, 𝑬𝒊𝒋 is the travel time according to the fastest route from 

station i to station j, and 𝑭𝒊𝒋  is the number of trips with origin in station 𝑖 and destination in station 𝑗. 

3.4 The heuristic classification of stations 

In line with previous studies (Beckers et al., 2019; Guimera and Amaral, 2005), we then heuristically 
classify stations into seven universal roles, according to the different combinations of Z and P values. 
One point needs to be stressed here is that the previous community detection clustering is different from 
the heuristic classification here. The former clustering seeks to identify travel communities based on 
the degree of travel connection. The latter classification aims to better capture stations’ roles concerning 
the station's contribution within- and with- identified travel communities. The basic idea of the heuristic 
classification is to use within-community degree Z as an identifier to decide whether a station is a hub 
or not, and to use weighted between-community degree P as an indicator to identify whether the station 
embodies the potential of being a transfer station. That is to say, the role of a station can be determined 
by its Z-P scores. As shown in Table 1, R1 Ultra-peripheral node and R2 Peripheral nodes indicate 
those stations that have few connections either to their local areas or other travel communities. R3 Non-
hub connector nodes and R4 Non-hub kinless nodes are well-embedded stations in the network (Beckers 
et al., 2018). Both groups play relatively essential roles at the metropolitan community level. In 
particular, R4 stations with high Z values are likely to be the metropolitan community hubs and can be 
developed into strategic transport hubs in the future. R5 Provincial hubs represent a group of stations 
that have diverse and intense connections with various external travel communities and limited 
interactions within its internal community. R6 Connector hubs have a medium degree of internal 
connections and relatively high connections of external links. R7 Kinless hubs play critical roles within 
and beyond metropolitan communities, which normally are positioned as the strategic transport hubs.  
One point needs to be noted here is that there is no fixed way to decide the selection of identifier value 
of Z and P. This research is merely one example of using Z-P scores approach to infer the stations’ roles 
based on their pattern of within-community and with-community connections. There is still much 
potential for further studies focusing on exploring a more robust way to classify stations. 
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Table 1.  
Parameters of node connectivity in a network (extracted from Guimera and Amaral, 2005 and Guimera 
and Amaral, 2004). 
 

Z-P scores diagram Node role Within-module 
degree Z 

Weighted 
participation 
coefficient P 

 
 

 
Non-hub 
 
R1: Ultra-peripheral nodes Z <2.5 P < 0.05 
R2: Peripheral nodes Z <2.5 0.05 < P < 0.62 
R3: Non-hub connector nodes Z <2.5 0.62 < p < 0.8 
R4: Non-hub kinless nodes Z <2.5 P > 0.8 
 
Hub 
 
R5: Provincial hubs Z >2.5 P < 0.3 
R6: Connector hubs Z >2.5 0.3 < P < 0.75 
R7: Kinless hubs Z >2.5 P > 0.75 

 

4. Results  

4.1 The overview of travel movement communities 
The study detects the movement community based on O-D data. The Louvain (Blondel et al., 2008) 
algorithm yields the optimal results (with the highest modularity value of 0.47) among five community 
detection algorithms (Louvain modularity: 0.47, Spinglass modularity: 0.23, Infomap modularity: 0.29, 
Edge betweenness modularity: 0.25, and Fast greedy modularity: 0.24). As shown in Fig. 2, London 
passengers' O-D network exhibits a modular community structure with seven identified communities. 
In alignment with previous findings (Brockmannet et al., 2006; Zhong et al., 2014), the spatial impact 
is the most prominent factors that influence the intensity and connectivity of movement in the London 
case because most travel movement is geographically localised. We can find that stations within the 
same community are typically on the interlinked lines close to each other. Interestingly, some stations 
are geographically far away from but have a strong connection with most of their community. For 
example, Stratford underground station (belonging to community 2 and coloured in green in Fig. 2b) 
shows a stronger interaction with South London. However, it is located in North London, and most of 
its surrounding stations are assigned to community 4. We have also found that stations close to each 
other may belong to different groups. Canary Wharf Underground station, for instance, which is 
supposed to belong to Eastern London group (community 4) like its surrounding stations, but our 
analysis shows that it has a stronger connection with Western London and some areas of South Eastern 
London. This ‘exceptional’ station can be explained by the Canary Wharf area's particular attribute, 
which is the destination for many employees working in the financial and business sectors.  These 
groups are typically more concentrated in affluent areas of North and West London. The Jubilee Line 
provides a direct connection between these origins and Canary Wharf. Conversely, some of the regions 
close to Canary Wharf are some of the poorest and deprived areas in the city (THC, 2015), with low 
levels of employment at Canary Wharf itself.  
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Fig. 2. (a) Community detection on the NUMBAT O-D network based on Louvain algorithm with detail in (b) as 
described in the text (each community is represented with different colours, and the size of the station indicates 
the travel volume). 
 

4.2 Rail station roles in with- and within- communities 
In order to understand the interactions between different communities, we further conducted Z-P scores 
(within- and with-community) analysis.  Two major findings can be highlighted here. First, stations 
play various roles at different scales. The same station contributes differently to with- and within-
communities, and its with-community role is more highly related to the overall network performance. 
As shown in Table 2, the ranking orders of top ten stations at with- and within- communities' levels are 
different, although the compositions are similar with two exceptions (Clapham junction station and 
Hammersmith station). Moreover, compared to within-important stations, the disruption of important 
with-community stations will cause more severe influences in terms of its impact on the overall network 
efficiency.  For instance, the disruption of Liverpool Street station will cause a 4.33% drop in the overall 
efficiency, while the disruption of the Kings Cross St. Pancras station will cause 11.12%. As we may 
also notice here, the Z-P rankings are not highly related to the station's total passenger volume, which 
is particularly evident in the within-communities ranking. Compared with the current transport network 
studies engaging with centralities, the advantage of community detection and Z-P values allows for 
reinforcing our understanding of stations' roles at district and city levels. The results above help us 
pinpoint and differentiate the city-important and district-important stations and confirm the necessity 
of including modular community analysis into strategic transport planning. 
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Table 2.  
Top ten stations at within-and with-communities. 
 

 within-communities Ranking based on the Z value 
 

 With-communities Ranking based on the P value 
 

 Station Z P Eff. 
(%) 

Vol.  Station Z P Eff.  
(%) 

Vol. 

1 Liverpool 
Street* 

7.450 0.977 4.33 194553 1 King's Cross 
St. Pancras* 

6.926 0.996 11.12 288480 

2 King's Cross 
St. Pancras* 

6.926 0.996 11.12 288480 2 Waterloo * 5.928 0.995 9.33 161748 

3 Waterloo* 5.928 0.995 3.32 161748 3 London 
Bridge* 

5.146 0.984 4.17 240819 

4 Victoria* 5.832 0.920 1.39 142254 4 Canary 
Wharf* 

5.240 0.984 1.39 195555 

5 Canary 
Wharf* 

5.240 0.984 0.13 195555 5 Bank and 
Monument* 

4.961 0.982 5.37 233378 

6 London 
Bridge* 

5.146 0.984 1.12 240819 6 Stratford* 5.146 0.978 8.57 219688 

7 Stratford* 4.967 0.978 8.57 219688 7 Liverpool 
Street* 

7.450 0.977 4.33 194553 

8 Bank and 
Monument* 

4.961 0.982 5.37 233378  Oxford 
Circus* 

4.669 0.967 3.26 243452 

9 Clapham 
Junction 

4.790 0.860 1.97 96754 9 Hammersmith 3.506 0.935 1.02 94405 

10 
 
 

Oxford 
Circus* 

4.669 0.967 3.26 243452 10 Victoria* 5.832 0.920 1.39 142254 

(Note: Stations with * are both within top ten important station list at within- and with-communities levels; Z is 
the within-module degree, P is the general participant coefficient, Eff. is the percentage of efficiency decreased 
after disruption, and Vol. is the station's weekday daily volume in 2018) 
 

Secondly and more importantly, the within- and with-community analysis could bring granular 
information regarding which group of travellers may be impacted by the malfunction of the station. 
Specifically, we analysed the community compositions of the top 35 stations (nearly 71.54% of total 
daily travel) in London. One point needs to be noted here is that the impacts should be understood from 
both the total passenger volume and the communities' compositions shares aspects. As shown in Figure 
3, both King's Cross St. Pancras station and Oxford Circus station have a dominant passenger group 
(from community 1) taking account of around 52.1% and 47.0% separately. But the former station 
would cause a broader impact on passengers considering the larger volume of passengers. The other 
comparison example is between Stratford railway station and Canary Wharf station. Both stations have 
a proximate number of passenger volume while distinct shares of passenger compositions. Compared 
to Canary Wharf station, Stratford railway station contributes relatively even to all seven communities 
with 13.5%, 5.2%, 24.4%, 27.7%, 6.1%, 19.1% and 4.1% to each community; This means that if this 
station fails to work, then all the passengers within seven communities will be affected to some extent. 
Conversely, Canary Wharf station contributes primarily to its own community with a 38.0% share 
compared to the other six communities. This one-community dominant composition indicates that only 
the passengers within the community will be affected significantly by its disruption and that passengers 
in other communities will not be impacted substantially.  
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Fig. 3. Community contribution of top 35 rail stations in London (each node is coloured according to the strengths 
of interactions with seven communities; the size of nodes is the total daily passenger flow.) 
 

4.3 The typologies for station profile setting in strategic spatial planning  
After depicting the station profiles based on Z-P scores, we characterise each London rail station's role 
based on its pattern of the within-community and with-community patterns, which is in accordance with 
Guimera and Amaral's (2005) heuristic classification. Significantly, 97.39% of London rail stations are 
specified as local stations, in which R2 peripheral nodes and R3 non-hub connector nodes take up most 
stations. R2 stations, taking up around 47.04% of all stations, rarely have interactions with other travel 
communities. We also find stations assigned to this group are mainly located in Outer London (Fig. 4). 
R3 stations are relatively well-embedded in the network and have several connections with other 
communities, which take up nearly 45.17% of London rail stations. This situation is in stark contrast to 
the previous work (Guimera et al., 2005) on the worldwide air transport network in which there is a 
small fraction (0.5% of R3 stations). This can be explained by the travel patterns' difference between 
rail and flight that the latter is more likely to travel further with fewer transfers. The remaining largest 
groups are stations classified as R7 Kinless hubs (2.6%) and R4 Non-hub kinless nodes (4.0%) which 
share a common feature that linking homogeneously among all communities, while the former typically 
serves more passengers at the whole city level and plays more important roles between communities. 
R7 stations (coloured in yellow in Fig. 4b) are mostly concentrated within the Central Activities Zone 
with some exceptions which are Hammersmith station, Canary Wharf station, Barking Station and 
Croydon Station.  
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(a) 

 

(b) 

Fig. 4. (a) Station typology in the Z-P parameter space. (b) The spatial distribution of Z-P classified 
stations and town centres.   

The Z-P scores-based station classification is instrumental mainly due to two reasons. First, this 
approach would contribute to providing evidence for the status quo of the station and thus guide further 
(re)development. Specifically, the classification could validate if a local transport hub needs a major 
upgrade and more frequent rail connections to fulfil its potential as a district interchange transfer hub. 
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For instance, to reduce the car dependency and increase connectivity between Inner London and Outer 
London, the London Strategic Transport Plan planned to improve the orbital rail (the Overground 
coloured in orange) and in particular enhance four strategic interchange hubs (see Fig. 4b): Stratford 
station in the East London, Clapham Junction station in West-Eastern London, Lewisham station in the 
south London and Old Oak station in North-West London (GLA, 2018). As shown in our classification 
result (Fig 4 a, b), Stratford station and Clapham Junction station are identified as R7 Kinless hub, 
which indicates a high travel volume and strong connections with other areas of London. That is to say, 
these two stations are well-established hubs and have achieved their roles as a strategic transport hub. 
Compared to these two stations, Old Oak station and Lewisham station need more attention in further 
development. Lewisham station is identified as R4 non-hub kinless node, which primarily serves its 
local areas with limited interaction with other parts of London. Therefore, to fulfil its potential as a 
strategic interchange hub, Lewisham needs a significant upgrade and stronger and increased frequent 
connections to the rest of South London. Unlike Lewisham station, Old Oak Common station has a 
more intense link with other parts of London, although the total travel volume at the current stage is not 
high. As an emerging hub, Old Oak Common station, identified as R3 non-hub kinless connector node, 
requires new stations and connections to allow it to act as a major strategic interchange for North West 
London.  

Second, the Z-P scores-based station classification would advance transport planners' knowledge of 
stations' changing roles and thus produce reference basis for the flexible policy adjustment. This is 
particularly important for areas that are undergoing intense land use and transport development. For 
example, as shown in Fig.4b, Old Oak Common station as an emerging hub locates in the Opportunity 
Areas (the major source of brownfield land which have significant capacity for intensification and 
diversification development in London) and is close to some new lines’ development. It was identified 
as R3 Non-hub connector node rather than interchange hub that has many travel interactions to other 
communities. While after the implementation of Crossrail line, High Speed 2 line and land use 
densification, the connections and travel patterns of the station will change significantly. The within- 
and with-community contribution analysis will help examine if the Old Oak Common station has 
fulfilled its strategic planning positioning-a major interchange for North-west London.  

 

5. Conclusions  
To better understand the roles of London railway stations within and beyond metropolitan communities, 
this paper draws on community detection methods and Vargas and Wahl (2014)’s refined Z-P scores 
approach to analyse the NUMBAT data to depict a finer profile of 642 railway stations in London. 
Several key findings and implications are recapped here. First, London passengers' O-D network 
exhibits a modular community structure with seven identified communities. The community detection 
result shows that the majority of stations within the same communities are geographically localised 
with few exceptions. This finding is in line with previous research on travel movement structure (Zhong 
et al., 2016) that geographical distance largely impacted the strength of the connection between different 
areas. However, we have also found some stations categorised into the same community are 
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geographically far away from each other, or some stations are geographically closed and serve distinct 
communities. 

Second, this study sheds light on understanding the notion ‘importance’ of stations, given that the 
importance is relative to the scales where each station contributes to. The top ten stations' compositions 
at with- and within- communities' levels are similar, but the ranking orders are different. Compared to 
within-community important stations, the disruption of critical with-community stations can cause more 
severe influences on the overall network efficiency and affect a larger and more diverse group of 
passengers. For example, King's Cross station disruption could cause three times of negative impacts 
on efficiency than Liverpool Street station would do. Furthermore, the reinforced information on station 
role’s profile could also improve the prediction on which group of passengers are more likely to be 
affected and so that indirectly aid inclusive transport planning.  

Third, our empirical analysis confirms the necessity of introducing the Z-P scores-based classification 
into the London strategic transport plan. The evidence-based research would be of interest to transport 
and urban planners because it could identify the mismatches between planning positionings and stations' 
status quo; therefore, more tailored development strategies can be designed for TfL and GLA. For 
example, although four stations have been identified by GLA (2018) as the critical strategic interchange 
hubs, Lewisham station and Old Oak Common station's performance has not measured up to their hubs’ 
settings. Therefore, transport planners should consider more significant upgrades and (re)development 
to these two stations to ensure they can fulfil their potential as a strategic interchange hub. In effect, the 
GLA’s (2018) transport planning strategies also highlighted this suggestion. Furthermore, the Z-P 
scores-based station classification would advance transport planners' knowledge of stations' changing 
roles and thus produce reference basis for the flexible policy adjustment. 

Fourth, to the best of our knowledge, it is the first attempt to gain an in-depth understanding of stations’ 
multiple roles based on Wahl (2014)’s refined Z-P scores approach. The empirical results based on 
London rail stations' case confirm the necessity to use the weighted participate coefficient P to estimate 
stations’ contribution with communities. The conventional participation focuses on the diversity of a 
station’s external connections without including the criticality of these connections to inter-community 
connections. More widely, this study offers an example to demonstrate how network-based insights 
open up new avenues for further practical transport analysis and planning. 

This study is subject to several limitations which serve as departure points for future research. First, 
this study only investigates the roles of stations at fixed periods and thus provides a partial picture of 
stations' functions. Future analysis could introduce different temporal lens to examine the stations 
functionalities at various periods, such as peak time and off-peak time, weekdays and weekends, 
tourism seasons and regular seasons. Second, the ticketing systems and the way data collection could 
introduce some biases of OD data and thus affect the community detection result. For example, one 
journey may be recorded as several journeys if a passenger needs to switch between different transport 
modes. But the community detection would regard these journey records as respective ones from 
different passengers. Third, a sensitivity analysis may be needed to examine how different benchmark 
selections of Z-P values would affect station classification and better fit the practical transport 
management needs. In fact, developing station typologies in transport studies is a kind of convention, 
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because the classification would allow the consistency of planning actions and reduce management 
complexity (Zemp et al., 2011). Fourth, mechanisms behind the formation of travel communities remain 
to be explored. Some stations further away from each other have shown strong connections. Therefore, 
it would be interesting to explore the drivers behind this phenomenon, suggesting where to target 
attention to further land use and transport development.  
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Appendix A. 
𝑔+𝑠 indicates the weights of both the node's within- and with- modular participation in the network.  

𝑔+𝑠 = 1 −	
𝑘+E
𝑘,E

𝐶+E
		𝑚𝑎𝑥	(𝐶O)

	 

where 𝑘+E indicates the number of links of node i to all nodes in module s. 𝑘+ is the total links of the 
node i, 𝑘,E  indicates the number of links of all nodes j in node i’s assigned module. 𝐶+E indicates the 

sum of all node i’s neighbours’ degree, and 𝑚𝑎𝑥(𝐶O)  is the max 𝐶+E of all nodes. More details of the 
weighted participation coefficient can be found in Vargas and Wahl (2014)’s work.  

 

 

 

 

 

 


