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Abstract

Human group behaviour is distinctly different from individual behaviour, mainly be-

cause persons performing group behaviour are socially tied and require necessary

spatiotemporal proximity. However, most existing studies assume persons travel

or conduct activities independently and this limits our understanding of human

group behaviour. The thesis provides a comprehensive analysis of human group

behaviour using three cities, Shanghai (China), London (the UK) and Changsha

(China), as case studies, based on various methods (e.g., the proposed spatiotem-

poral co-existence based framework), and with various data sources (e.g., smart

card data). Analytical results show that human group behaviour varies greatly in

time and space, and shows different characteristics for different populations and

in different urban contexts. For metro users in Shanghai, they are more likely to

conduct group behaviour during weekends and on holidays, and in the afternoons

and evenings. They are also more likely to perform group behaviour near stations

located in the city centre of Shanghai or the sub-centres in suburban areas, and

be close to attractions, commercial streets and public facilities. For international

postgraduates in London and undergraduates in Changsha, they generally show dif-

ferent temporal patterns, namely, they are more likely to conduct group behaviour

during commuting or eating peak times, and are less likely to conduct group be-

haviour during weekends. The proposed comprehensive indicator and the data min-

ing based approaches have the potential to infer group members from spatiotempo-

ral co-existences. The analysis helps us better understand group behaviour in cities.

It further has many potential applications, such as supporting the design and imple-

mentation of group ticket policy, the study of social networks and public events, and
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the public space design.



Impact Statement

This thesis provides a systematic analysis of human group behaviour using three

case studies. It is conducted mainly based on a spatiotemporal co-existence based

methodological framework using smart card data. There are a variety of impacts for

the analysis presented in this thesis in both inside and outside academia.

When considering the impacts inside academia, the analytical results show that

human group behaviour varies greatly in time and space and has different character-

istics in different urban contexts and for different populations. These findings will

help us better understand human group behaviour as well as the social networks

of group members in cities, especially in the urban context where the smart card

technology has been widely applied. Besides, the co-existence based methodolog-

ical framework is not limited to the analysis in the public transit context and the

university canteen context. It can further be enriched and adapted to analyse dif-

ferent types of human behaviour at different spatiotemporal scales. For example,

it has the potential to be used to analyse group shopping behaviour using payment

transactions and group chatting behaviour using online social media data. It may

also be used to analyse group travel behaviour at regional, national and even inter-

national scales by train, high-speed rail or airplane, respectively. Several journal

papers would be written based on this thesis. The publications in the peer-reviewed

journals will also contribute to enhance the impact of this research.

There are also many impacts outside academia. One of the most potential ap-

plications for this analysis is to support the design and implementation of group

ticket policy, which is associated with various socioeconomic and environmental

benefits. Inspired by the spatiotemporal co-existence based framework proposed in
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this thesis and the group ticket policy implemented in Taiwan, we may develop a

smart card based group ticket policy and its supporting automatic checking and pric-

ing system. With this scheme, the passengers only need a smart card to enter and

exit the public transport system, and will enjoy a group ticket price assuming they

meet the policy requirements. To support the implementation of group ticket policy,

we need a tight cooperation with the public transport companies, the local govern-

ment and some Information Technology companies. The cooperation is expected

to increase the possibility to impact local transport policy and business. Besides

the group ticket policy, the analysis also has other potential applications, such as

informing the design of public space (e.g., stations and airports) and promoting the

study of public events (e.g., social gatherings).
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Chapter 1

Introduction

1.1 Research background

Individuals perform travel-activity behaviour independently or jointly with others.

When individuals perform behaviour jointly with others, we say they are involved

in human group behaviour; otherwise, human individual behaviour. Findings from

the research in psychology, sociology and other relevant disciplines show that peo-

ple undertake group behaviour for various motivations, such as maintaining and

developing social networks, and satisfying the needs for companionship and being

altruistic (Srinivasan & Bhat 2008, Lin & Wang 2014).

Human group behaviour widely exists in cities. During weekdays, it is esti-

mated that about 30% of persons perform outdoor group behaviour with household

members and about 50% of individuals perform group outdoor behaviour with non-

household members (Srinivasan & Bhat 2008). Besides, persons are more likely to

involve in outdoor group behaviour during weekends than during weekdays (Srini-

vasan & Bhat 2008). In some social friendly urban places, such as commercial

streets, museums and shopping malls, the percentage of human group behaviour

can be as high as 70% (Moussaı̈d et al. 2010).

The appropriate understanding of human group behaviour helps us better un-

derstand both group and individual behaviour. This kind of knowledge is also rel-

evant and important for urban design, management and policies. For instance, a

group activity may be able to ‘connect’ a person’s travel pattern to another per-
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son’s, assuming they have a social tie. If there exists an urban policy that may

affect a person’s travel pattern, this policy would also be able to affect another per-

son’s, because of the existence of a social connection between them (Srinivasan &

Bhat 2008). By using the carpooling service, several persons can travel in the same

car and thus reduce the need for different persons to drive to a place themselves

(Abrahamse & Keall 2012, Friginal et al. 2014). Since carpooling is affected by

the choices of passengers in the same car, it is important to know how choices are

made when making some transport policies, such as the policy for introducing the

high-occupancy vehicle (HOV) lanes. Another example is that how to design a so-

cial friendly public place (e.g., a commercial street, a green park or a city square),

so as to keep or promote the social interactions among persons.

However, despite our intuition about the wide existence of human group be-

haviour as well as the importance of human group behaviour analysis, the typical

starting point for the majority of the existing studies is to assume persons travel

or conduct activities on their own. As a result, human behaviour has usually been

analysed as a set of independent decisions across persons, who are assumed, by neo-

classical economics, to be isolated and utility-maximising agents (Small & Winston

1998, Goetzke et al. 2015).

Human group behaviour is distinctly different from individual behaviour,

mainly because persons performing group behaviour are socially related and in-

tentionally doing the same thing with his or her group members almost at the same

time and same place, such as walking together in a green space or park, shopping

together in a commercial mall or eating together in a restaurant. Proximity in space

and time is required for performing group activities and travel. Persons conducting

activities jointly or travelling together prefer to keep a close spatiotemporal prox-

imity with their group members during a large part of an activity or a trip. If two

persons keep close to each other for a relatively long time and over a relatively long

distance, there is a high possibility that they are conducting group travel-activity be-

haviour. Although persons performing individual behaviour may accidentally be to-

gether with others (as with strangers), it is usually difficult for them to keep together
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with each other for a long time and a long distance. Furthermore, if two persons

have multi co-existences in time and space (e.g., across different days and places),

there is a high possibility that they are socially related. In return, if two persons are

socially related, they are likely to perform group behaviour when they have the spa-

tiotemporal co-existences. Note that using a fine-enough spatiotemporal scale (e.g.,

10 seconds) to define co-existences and considering multi co-existences among per-

sons are helpful to distinguish real group travellers from those who just have the

same journey at the same stations/times but are not socially connected.

New forms of data offer opportunities for uncovering patterns in human group

behaviour at finer spatial and temporal scales than ever before. This potential is

no more clearly found than in smart card data. Generally, smart card data have

some important travel attributes, such as card ID, some measures of the status of

the card such as elder, child, disabled and so on, the start and end locations, and

the start and end times. In recent decades, the emergence of smart card data has

provided great opportunities for exploring and understanding human behaviour in

cities (Batty 2013, Zhong et al. 2016, Zhang & Cheng 2019).

In most cases, smart card data contain card users’ manifest spatiotemporal in-

formation. This characteristic makes it possible to measure multi spatiotemporal

co-existences among individuals at a fine spatiotemporal scale and for a long time

period, and thus makes it possible to infer social ties and human group behaviour.

This is unlikely to be achieved by using traditional data sources like household

travel survey data unless specific questions are asked, and thus the spatiotemporal

information contained therein are not fine enough to reflect a spatiotemporal prox-

imity that can be used to reflect human group behaviour.

This thesis aims to provide a comprehensive analysis of human group be-

haviour in cities. Smart card data, as the main data source, are used here to measure

the spatiotemporal co-existences (or proximity) between any pair of individuals.

Social ties between individuals can be directly obtained from the social network

questionnaire survey, or indirectly inferred using smart card data. Human group

behaviour is then able to be inferred based on the existence of a social tie as well
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as the spatiotemporal co-existences. Besides, some other data sources such as the

household travel survey and video recordings are also used in this thesis, such as be-

ing used to evaluate the human group behaviour patterns revealed from smart card

data.

In particular, this thesis proposes a general co-existence based methodological

framework to support the analysis of human group behaviour, followed by the pre-

sentation of three case studies. Detailed information about this thesis is presented

in the following sections.

1.2 Research hypothesis, questions and objectives

1.2.1 Research hypothesis

Spatiotemporal proximity is required for human group behaviour. Smart card data,

containing card holders’ spatiotemporal information, can be used to measure multi

spatiotemporal co-existences among card holders at a fine spatiotemporal scale and

for a long time period, and this makes it possible to infer social ties and human

group behaviour.

Based on this understanding, the research hypothesis of the thesis is:

Smart card data with a fine-scale spatiotemporal granularity can be applied

to infer and understand human group behaviour that widely exists in cities.

1.2.2 Research questions

The research questions are listed as follows:

1. How can we measure the spatiotemporal co-existences between any pair of

individuals using smart card data?

2. How can we infer human group behaviour in cities based on the spatiotempo-

ral co-existences?

3. What are the geographic characteristics of human group behaviour in cities,

especially from a spatiotemporal perspective?
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1.2.3 Research objectives

Correspondingly, three main research objectives are listed as follows:

1. Propose methods to measure the spatiotemporal co-existences between any

pair of individuals using smart card data.

2. Propose methods to infer human group behaviour in cities based on the spa-

tiotemporal co-existences.

3. Analyse the geographic characteristics of human group behaviour in cities,

especially about its spatiotemporal patterns, using various methods.

1.3 Thesis outline
The thesis has seven chapters, each of which is described in the following para-

graphs:

Chapter 1 describes the general research background. Then, it explains the

research hypothesis, questions, objectives as well as the thesis outline.

Chapter 2 systematically reviews the existing literature. The literature review

is divided into four parts: 1) group behaviour analysis and social networks; 2) group

behaviour analysis at a microscopic urban scale; 3) group behaviour analysis and

spatiotemporal proximity; and 4) smart card data analysis.

Chapter 3 presents a general methodological framework. At first, it explains

how the concept of personal space and the theory of proxemics in social psychology

imply the importance of the spatiotemporal co-existences in understanding human

group behaviour. Then, it explains the basic logic to infer human group behaviour

from spatiotemporal co-existences. Third, it explains how to measure the spatiotem-

poral co-existences using smart card data. Finally, it gives a description about the

other main methods that are also used in this thesis, such as questionnaire surveys.

The framework will give methodological guidance to the detailed methods used in

each case study of the thesis.

Chapter 4 introduces the first case study, which focuses on analysing group

travel behaviour using the smart card data generated by Shanghai’s metro system.
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In this thesis, each case study is sometimes called using a short name based on its

study area. For this case, this thesis calls it the ‘Shanghai case’ for brevity. At

first, the Shanghai case proposes a new comprehensive indicator that can be used

to estimate the possibility that a social tie exists between travellers by measuring

the spatiotemporal co-existences. After that, a new methodological framework is

developed to infer group travel behaviour based on the proposed new indicator.

The framework is then applied in Shanghai, China. The smart card data set in

Shanghai contains 122.9 million trips, created by 10.5 million passengers in April

2015. By comparing with the spatiotemporal group travel patterns revealed from the

Shanghai household travel survey, the Shanghai case evaluates the reasonableness

of the spatiotemporal patterns revealed from Shanghai’s metro smart card data.

Chapter 5 presents the London case study, which focuses on the group travel

behaviour analysis using the smart card data generated by London’s public transit

system (mainly generated by its metro system). A smart card data set from a group

of participants and a questionnaire survey about their social networks are collected

by the author. The data are obtained from the participants who are the international

students enrolled in the pre-sessional language courses, provided by the university

King’s College London. After pre-processing, the smart card data set contains 8,670

trips in total, generated by 71 students between June and September 2017. The

London case uses a much smaller smart card data set, but all card holders’ social

network information is known, while the Shanghai case uses a very large smart

card data set, but all card holders’ social network information is unknown. In this

chapter, group travel behaviour is analysed via combining the use of smart card data

and social network survey. A data mining based approach will also be adopted to

classify social ties from these data.

Chapter 6 presents the Changsha case study, which aims to understand group

eating behaviour (or group food consumption activities) of the undergraduates in

a China’s leading university, namely, Central South University, in Changsha City,

China. The main smart card data set contains 72,299 records, generated by 169 stu-

dents between September and December 2015. Besides, a social network survey is



1.3. Thesis outline 26

also conducted in the Changsha case. The survey’s respondents are the undergrad-

uates from the School of Computer Science, Central South University. Similar to

the London case, the Changsha case infers social ties using a data mining approach,

based on the smart card data and social network survey simultaneously.

Figure 1.1 shows the research content of three case studies in this thesis. It

clearly illustrates the similarities and differences between them, in terms of data

sources, study areas, persons, urban contexts as well as types of group behaviour.

The Shanghai case provides a typical study about group travel behaviour in a well-

developed metro system using huge quantities of smart card data. The London

case provides a study about group travel behaviour for a particular population, i.e.,

the international postgraduates, with a self-collected small smart card data set and

social network survey. When it comes to the Changsha case, instead of the group

travel behaviour analysis, this case focuses on the group eating behaviour analysis

via combining the use of smart card data and social network survey. Based on these

case studies, this thesis is able to provide a systematic analysis of human group

behaviour in cities.

Figure 1.1: The thesis content.

Chapter 7 gives conclusions and discussion to the whole thesis. It discusses the
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potential applications of group behaviour analysis, such as supporting the design

and implementation of group ticket policy. Besides, it also discusses the highlights

and limitations of the human group behaviour analysis in cities.

Figure 1.2 illustrates the thesis outline, which gives a concise description of

the thesis’s structure.

Figure 1.2: The thesis outline.



Chapter 2

Literature Review

This chapter systematically reviews the literature related to the human group be-

haviour analysis. Based on the characteristics of the existing studies, it divides the

literature review into four parts: 1) group behaviour analysis and social networks; 2)

group behaviour analysis at a microscopic urban scale; 3) group behaviour analysis

and spatiotemporal proximity; and 4) smart card data analysis.

2.1 Group behaviour analysis and social networks
There are various motivations for individuals to conduct group behaviour. Gliebe

& Koppelman (2002) pointed out three main motivations for the individuals’ par-

ticipation in group activities. First, involving in human group behaviour can save

money and time for people. For example, several persons that travel together by taxi

can share travel cost, which is cheaper than travelling alone. The total time used in

one group trip is also less compared to the total time used in the situation that each

traveller generates an individual taxi trip. Second, some persons involve in group

activities for the purpose of being altruistic. This is because they can receive satis-

faction and utilities by helping others, such as helping someone buy something or do

a task. The final one is that many people have a desire for companionship. Individ-

uals may prefer group versus individual activities for companionship need, such as

doing leisure activities with family members and good friends. Srinivasan & Bhat

(2008) claimed that the factors, such as the desire of companionship, the purpose

of altruism and a limited car availability, motivate the group activity participation.
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Lin & Wang (2014) also summarised three main motivations. At first, individuals

may perform group behaviour so as to build and maintain social capital and social

networks, which are able to make persons easier to get resources for supporting

their career development/promotion (Seibert et al. 2001). Secondly, people would

like to involve in group behaviour to meet their need for interpersonal attachment

and belongingness (Baumeister & Leary 1995). And finally, people may conduct

group behaviour for the altruism purpose. The motivations have clearly shown the

importance of social networks in understanding human group behaviour.

Social networks is a source of perspective to explain the nature of group ac-

tivities and corresponding travel behaviour (Kim, Rasouli & Timmermans 2018).

On the other hand, nowadays, more and more activities/trips are performed in a

way that they cannot be regarded as individual ones, especially for those having a

leisure purpose. Usually people are more likely to do leisure activities/trips with the

persons who are socially tied. Therefore, this fact also makes it necessary to bring

social networks into behaviour analysis (Axhausen 2008, Goetzke et al. 2015, Kim,

Rasouli & Timmermans 2018).

However, the typical starting point of the major existing studies, which focus

on human behaviour analysis, is to assume persons travel or conduct activities on

their own. Correspondingly, travel-activity behaviour has been analysed as a set of

independent decisions across persons, who are isolated, utility-maximising agents,

as is assumed in neoclassical economics (Small & Winston 1998, Goetzke et al.

2015). This analysis may provide satisfactory results for regular human behaviour

(e.g., work trips where the decision to travel is usually motivated individually), but

ignores the reality that social interactions between travellers are of importance for

other behaviour (e.g., leisure activities), which greatly depends on social contacts.

Compared to the individual activity participation, the participation in group activ-

ities is more difficult to be analysed, for group activities are affected by the social

relationships between group members (Ronald et al. 2012).

In recent decades, researchers have become more and more interested in in-

vestigating the social dimension of the travel-activity behaviour (Kim, Rasouli &
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Timmermans 2018). What follows provides a review of the existing studies closely

related to group behaviour analysis from the perspective of social networks.

2.1.1 The impact of social networks on human group behaviour

Integrating social networks into travel-activity behaviour analysis can provide a use-

ful modelling framework to understand group behaviour (Carrasco & Miller 2006).

Besides, there may exist a mutual process of the interactions between behaviour

patterns and social networks (Arentze & Timmermans 2008). Persons may com-

municate the travel-activity alternatives with each other that belongs to the same

social network, and adapt their preferences for the alternatives to each other. Based

on this process, they may find a good alternative to conduct travel-activity behaviour

that is convenient for all the involved persons. On the other hand, the changes of

travel-activity alternatives and some attributes of individuals may also affect their

social network: some social links may disappear while some may emerge. There-

fore, personal social networks should be used to explain human travel behaviour,

combined with other impact factors, such as socioeconomic attributes and attitudes

of individuals (Axhausen 2008).

There are some studies providing a deeper insight into the influence of social

networks on human group behaviour. For example, Tilahun & Levinson (2011) ex-

plored if an individual’s work location is similar to that of others who live nearby.

They also discussed how social networks affect the locations of work and living

places. They found that having a same work location is more likely to exist in the

census block which has more mature households. This can be possibly explained

by the role that work contacts and neighbourhood play in finding residences and

jobs. Van den Berg et al. (2013) investigated how social travel-activity patterns can

be influenced by the factors, such as socio-demographics of individuals, land uses,

telecommunications and social networks. They found that social networks have a

positive influence on human group behaviour. Ryley & Zanni (2013) examined the

impact of social interactions on travel uncertainties. They found that travellers take

a number of decisions not totally independent, but greatly depending on the mem-

bers in the same social network. Using the Hong Kong travel-activity diaries in
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2010, Lin & Wang (2014) examined how the participation of individual and group

activities is influenced by social networks of travellers. They found that: 1) if a per-

son receives more support from his or her family, he or she has a higher possibility

to conduct human group behaviour with family members; 2) the social network size

(e.g., a large social network may consist of hundreds of persons) is an important

factor of the choice of companions; and 3) the factor ‘activity companions’ has a

great influence on travel companions. Cui et al. (2018) proposed a convolutional

neural network based method to categorise travel behaviour using travellers’ trip-

related attributes (such as travel time, modes and purposes), their personal socio-

demographics and the characteristics of the nearby built environment of their trip

destinations. Using a one-week time use survey in Concepción City, Chile, as well

as the respondents’ social networks, socioeconomic attributes and consumption be-

haviour, Lizana et al. (2019) applied a structural equation model to investigate the

impact of social networks on spatiotemporal and monetary patterns of persons.

When investigating the impact of social networks on human group behaviour,

some studies also simultaneously analysed the impacts of other factors, such as

the built environment and individuals’ socioeconomic attributes. Fuji et al. (1999)

found that persons prefer to be independent rather than to be jointly with their fam-

ily members, when conducting outdoor activities. They prefer to perform indoor

behaviour together with their family members. Fan & Khattak (2009) found that

the accessibility to parks has a higher impact on the group activity participation,

compared to the individual activity participation in recreational activities. Farber

& Li (2013) investigated the influence of urban forms, land uses and mobilities

in group activities and social interactions. They found that urban sprawl has a

negative influence on social contact opportunities, and the land use intensification

through infill and densification will increase potential social interactions of differ-

ent persons. Using a data set collected in 2008 in Eindhoven, the Netherlands,

Van den Berg et al. (2013) found some interesting results about the influence of

socio-demographic characteristics on social travel-activity behaviour: 1) men usu-

ally have smaller social networks, and thus resulting in less group travel and fewer
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social interactions compared to women; 2) the number of local social contacts can

be increased because of the children presence; and 3) people, with a high educa-

tion level, a club membership and living in a low urban density area, tend to have

more social contacts, but they may need to travel a longer distance for social inter-

actions. Kim, Parent & Vom Hofe (2018) investigated how human travel behaviour

is impacted by the characteristics of built environment. They found that the built

environment, mixed land uses and social interactions have a great influence on the

choices of travel modes for household members.

These existing studies have fully revealed the importance of social networks

in forming human group behaviour. The impact of social networks has been in-

vestigated, sometimes together with other factors like the built environment and

socioeconomic attributes of individuals, to get a better understanding on human

group behaviour.

2.1.2 Scheduling of human group behaviour

Scheduling of activities and travel is one of the main research focuses in the analy-

sis that supports travel demand management (Arentze et al. 2010, Fang et al. 2011).

Behaviour scheduling analysis is also helpful to develop various location based ap-

plications to provide value-added service for travellers (Gan & Recker 2008, Fang

et al. 2015). Human group behaviour is based on joint decisions on activity/travel

choices. The scheduling purpose is usually to find the appropriate time, location and

travel mode to participate in human group behaviour (Fu & Lam 2018). Thus, many

of these scheduling-related studies have analysed the scheduling of human group

behaviour. Gliebe & Koppelman (2002) simulated the social interactions between

household members in the participation of solo and joint activities. The developed

model is unique, because it can simultaneously represent the decisions of each per-

son, such as their decisions regarding how to allocate time to joint activities and

how to interplay between solo and group activities. Fang et al. (2011) developed

a methodological framework with multiple objectives to support the group partici-

pation scheduling of persons. This framework identifies the candidate space–time

opportunities for group activity participation based on the concept of ‘time-varying
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network-based prisms’, and determines optimal opportunities by the non-dominated

sorting genetic algorithm-II (NSGA-II) (Deb et al. 2000, Liu et al. 2019), with dif-

ferent objectives. Gkiotsalitis & Stathopoulos (2016) developed a methodological

framework for providing personalised solutions for managing the demand of joint

leisure trips in cities. At first, they proposed a perceived utility model using social

media data, which can represent the willingness of persons to travel a specific dis-

tance for engaging in leisure activities. Then, they introduced a stochastic annealing

search method that can suggest the preferred location of a joint leisure activity and

the arrival times of individuals, based on the users’ preferences. Fu & Lam (2018)

proposed a network equilibrium model to schedule group travel-activity patterns.

The developed model can systematically investigate the choices of activities and

travel in a multi-modal transport network. Wang et al. (2019) investigated the co-

evolution of the taxi-sharing behaviour by introducing a social network based ap-

proach, which can give a priority to the taxi-sharing with acquaintances, compared

to that with strangers.

However, the existing studies mainly focus on developing various methods and

tools to provide personalised solutions for finding times/locations for group activity

participation (e.g., Fang et al. (2011), Gkiotsalitis & Stathopoulos (2016)). They

usually ignore the identification of human group behaviour and the exploration of

the spatiotemporal characteristics of human group behaviour.

2.1.3 Main data sources used in analysis

Travel-activity surveys containing companion information and social network sur-

veys containing social relationship information are the two main data sources used

in the existing studies discussed in Section 2.1.

For conventional travel-activity surveys, however, they often fail to give the

companion information explicitly. As a result, the researchers have to adopt some

operational space-time matches to identify group travel behaviour, when using con-

ventional surveys (Srinivasan & Bhat 2008). A typical example is the work con-

ducted by Kang & Scott (2008), who used the Toronto Activity Panel Survey 2002-

2003 to compare the attributes of group travel behaviour using flexible and restric-
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tive definitions of temporal proximity, respectively. Specifically, in their case study,

a flexible time for group travel behaviour gives a flexibility for a ten-minute dif-

ference in the start time and a ten-minute difference in the end time. Restrictive

time for group travel behaviour requires the same start and end times for different

episodes. Taking the flexible way to further illustrate the identification process: if

the time difference between the start times of two trips is smaller than 10 minutes

and that between the end times of these two trips is also smaller than 10 minutes,

and if they have the same destination and origin, they are identified as group trips.

There are a limited number of travel-activity surveys explicitly containing com-

panion information. One example is the American Time Use Survey (ATUS), which

is conducted by the Census Bureau of the United States and clearly contains com-

panion information for each activity (Srinivasan & Bhat 2008). In this survey, a

variety of companion types has been considered, such as parents, siblings, friends,

non-household family members and acquaintances. A survey, accomplished using

the Computerised Household Scheduling Elicitor (CHASE) survey software pro-

gramme in the Greater Toronto Area, Canada, also contains the information about

the number of involved persons for each trip (Doherty 2006). In China, major cities,

such as Beijing, Shanghai and Shenzhen, usually conduct the household travel-

activity surveys every five to ten years. However, among these surveys conducted in

Chinese cities, only one survey, namely, the fifth Shanghai comprehensive house-

hold travel survey released in 2015, is found to contain companion information.

Some results from the survey will be used in the Shanghai case study, so relevant

details will be presented in Chapter 4.

Some researchers tried to analyse the characteristics of human group behaviour

using these travel-activity surveys. The most classic study was conducted by Srini-

vasan & Bhat (2008). They explored the characteristics of the participation of group

activities using the American Time Use Survey. They found that group travel tends

to have a longer time duration, to exist at the residences of their group members, and

to be performed at certain times of weekdays. Besides, the differences in these char-

acteristics can also be revealed, if we consider the differences of activity purposes,
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companion types and time variations.

When it comes to social network surveys, they have also been widely applied

to understand human group behaviour and the social structure of group members.

For example, Kowald & Axhausen (2012) presented some empirical insights re-

vealed from a social network survey using a snowball sample approach, which is

a technique to find participants. One participant gives the name of another partic-

ipant, who in turn provides the name of a third participant and so on (Vogt 1993).

Ryley & Zanni (2013) conducted an online survey in Glasgow and London. This

survey contains social network information of respondents. In other words, it con-

tains each respondent’s social contacts and their information, such as gender, age,

car availability and the frequencies of social interactions. Lin & Wang (2014) used

the questionnaire survey in Hong Kong to investigate the impact of social networks

on activity participation. This survey includes a travel-activity diary, and the respon-

dents’ social networks, their socio-demographics and household characteristics.

However, collecting travel-activity surveys and social network surveys will be

limited in sample size, response rate, constrained in accuracy, and known as being

economically expensive and labour intensive (Eagle et al. 2009). The data avail-

ability limitation is one of the main challenges for the existing studies mentioned in

Section 2.1.

2.2 Group behaviour analysis at a microscopic urban

scale
When zooming into a microscopic urban scale, we also find out the research mean-

ings of the human group behaviour analysis in cities. At this scale, researchers have

particularly focused on analysing pedestrian walking behaviour. In conventional

studies, pedestrians are usually regarded as disconnected individuals. Each of them

has a different walking speed and direction when walking (Moussaı̈d et al. 2010).

In recent decades, group walking behaviour of pedestrians has attracted more and

more attention. This is mainly because existing studies have demonstrated that

many pedestrians are involved in group behaviour, especially in some pedestrian-
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friendly areas like shopping malls and museums (Aveni 1977, Whyte 1980, Willis

et al. 2004). In addition, they have shown that pedestrian walking behaviour is

greatly impacted by their group members, as individuals moving in groups usually

prefer to walk in close proximity (Moussaı̈d et al. 2010). A better understanding

of pedestrian group walking behaviour is of importance to the study of emergency

activities (such as terrorist attacks and fire disasters), public events (such as cer-

emonies and concerts) and the design of urban space (such as airports and metro

stations) (Manenti et al. 2012, Vizzari et al. 2015).

Existing research has provided much empirical knowledge about pedestrian

groups in various urban contexts. For instance, Costa (2010) systematically anal-

ysed the spatial structure of one thousand groups that consist of adolescents and

young adults in the cities Bologna and Pescara, Italy. They had many interesting

observations, such as male groups walk faster than female groups and groups con-

sisting of more than three pedestrians tend to split themselves into single pedestrian,

dyads and triads. Bandini et al. (2014) presented an observation of a bidirectional

pedestrian flows within a gallery that is situated in the city centre of Milan, Italy.

Zhao et al. (2016) observed the pedestrian walking behaviour existing in a metro

station in Beijing, China. They found there is a higher percentage of social groups

during working days in comparison to non-working days. In addition, dyads groups

(i.e., the groups with 2 persons) is the primary representation of the group size. As

the group size increases, the percentage of pedestrians will significantly decrease.

On the other hand, there are also many studies focusing on building group-

sensitive crowd simulation models. Three types of models have been widely

adopted: the Cellular Automata (CA) based model, the social force model and the

agent-based model. Sarmady et al. (2009) have considered group walking behaviour

in their Cellular Automata (CA) based model for simulating crowd movement. This

model has also been incorporated into a multi-agent crowd simulation platform, so

as to support a simulation that is closer to realistic situations. Moussaı̈d et al. (2010)

enriched the existing social force model (Helbing & Molnár 1995), by incorporat-

ing social interactions of pedestrians into the model. Vizzari et al. (2015) developed
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a dynamics model for pedestrian groups using an agent-based modelling approach.

The model considers both traditional personal motivations, such as the tendency to

stay away from strangers, and a mechanism that shows the cohesion effects between

group members. Huang et al. (2018) presented a social group force model to simu-

late group behaviour in virtual geographic environments with a particular focus on

the avoidance behaviour among social groups and the coordinate behaviour among

sub-groups belonging to a certain social group.

When it comes to the identification of group travel and activities, generally

speaking, studies at a microscopic urban scale identify groups according to some

visible non-verbal criteria, such as people’s proximity, walking speed, walking di-

rection, eye contact and gesture. These criteria reflect social interactions at the

microscopic urban scale and demonstrate the importance of spatiotemporal prox-

imity for social interactions. Despite some other methods and data sources have

been used, such as the interviews, accelerometer sensors and 3D laser range sen-

sors (Reuter et al. 2012, Katevas et al. 2015, Zanlungo et al. 2015), identification

is often achieved in a manual way using video recordings (Moussaı̈d et al. 2010,

Polzer 2011). However, these existing studies are conducted at a microscopic urban

scale, such as in a walking street or a shopping mall. Therefore, they are difficult

to delineate the global picture of group travel-activity behaviour at a macroscopic

urban scale, such as in a whole city or a whole province. The identification of

social groups is accurate by observing various non-verbal phenomena, but iden-

tifying large quantities of social groups covering a large area (e.g., thousands of

social groups covering the whole city) will be unlikely to be achieved, or be very

time-consuming and labour-expensive.

2.3 Group behaviour analysis and spatiotemporal

proximity
Human group behaviour is distinctly different from individual behaviour, mainly

because persons in a group are socially related and intentionally doing the same

thing with his or her group member(s) approximately at the same time and place,
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like walking together in a green park or eating together in a restaurant. In order to

conduct activities jointly or travel together with others, they need to show a space-

time proximity. Individuals in groups tend to maintain a close spatiotemporal prox-

imity during a large part of an activity or a trip. If two individuals keep close to

each other for a relatively long time and distance, there is a good chance that they

are engaging in group travel-activity behaviour. Although persons performing indi-

vidual behaviour may accidentally be together with others, it is usually difficult to

keep together with others when space and time change dynamically. Also, If two

individuals have multi co-existences in time and space, they have a high possibility

to have a social tie between each other. If two individuals are socially related and

they have spatiotemporal co-existences, they are likely to perform group behaviour.

Existing studies have identified the importance of spatiotemporal proximity in

understanding human group behaviour. Miller (2005) explicitly stated the necessary

conditions for physical social interactions based on the framework for time geogra-

phy. Here, time geography, first proposed by Hägerstraand (1970), is an ontological

and visual framework to analyse human activities in the constraints of space and

time (Kwan 2013). Using the concept of the space-time bundle, Yu (2006) pro-

posed a spatiotemporal GIS (Geographic Information System) design to reveal four

types of human social interaction patterns, namely, co-location in space, co-location

in time, co-existence in both space and time, and no co-location in either space or

time. The design has the potential to analyse social interactions between persons

in both virtual and physical spaces. Yuan et al. (2018) developed an integrated

space-time approach for proximity analysis by simultaneously considering spatial

and temporal dimensions. Their case study has demonstrated that the developed

method can identify proximal paths in space and time in an efficient way.

In recent years, some studies have tried to infer social ties from spatiotempo-

ral co-existences or proximity using some new urban data, like online social media

data, cell phone data and GPS (Global Positioning System) trajectories. Eagle et al.

(2009) utilised cell phone data to infer the structures of social networks. They

demonstrated that it is possible to infer about 95% of friendships by only using
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cell phone data they collected in their case study. Crandall et al. (2010) exam-

ined how social relationships can be revealed from spatiotemporal co-occurrences,

with the support of a big data set from the popular photo-sharing application Flickr

(www.flickr.com), a world-popular image and video hosting service. This data set

contains the photos that are geo-tagged with a latitude–longitude coordinate. Re-

sults showed that a small number of co-occurrences between Flickr users is able

to show a high possibility of existing a social tie between them. Cho et al. (2011)

used mobile phone data and online location-based social network data to investi-

gate the friendships and human mobility patterns. They found that persons expe-

rience a combination of periodic movement and random jumps, which are corre-

lated with their social networks. Pham et al. (2016) developed an entropy-based

model that can infer the existence of social ties and estimate the social strength

by analysing individuals’ spatiotemporal co-existences. Shen & Cheng (2016) pro-

posed a methodological framework to reveal the groups of activities from persons’

space-time profiles using GPS trajectories in London. The proposed framework

has been successfully evaluated using the GPS trajectories generated by a set of

London’s police officers.

However, existing studies mainly aim to understand social networks from spa-

tiotemporal co-existences, rather than the exploration of the group travel-activity

behaviour in cities. In addition, the data used usually fail to capture a fine-enough

spatiotemporal proximity (e.g., at a second level in time and at a metre level in

space), in order to reflect people’s actual social interactions. For example, in the

semantic work conducted by Crandall et al. (2010), they defined a spatiotemporal

co-existence at a day scale in geographic cells having a side length/width that equals

to one latitude-longitude degree (i.e., equalling to about 80 kilometres), when in-

ferring friendships using the data obtained from Flickr. Defining spatiotemporal

co-existences with such a coarse spatiotemporal granularity is difficult to imply any

actual social interaction between persons.
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2.4 Smart card data analysis
Smart cards have been widely used in our daily life. Taking the context of the public

transit system as an example, a passenger usually needs to tap his or her card on a

reader, when entering and/or exiting the system. When it comes to the context of a

university, a student needs to use his or her card to do a variety of things, such as

buying food in a canteen or borrowing books from a library. Although fare collec-

tion and personal identification are the main purposes of introducing these systems,

they also produce long periods and large amounts of data with detailed information,

namely, smart card data, which provide great opportunities in exploring and under-

standing human behaviour in cities. Bagchi & White (2005) explained that transit

companies can obtain rich valuable information through the application of the pub-

lic transit smart card systems: 1) they can obtain huge quantities of trip data; 2) they

can link any specific passenger to his/her card data; 3) the obtained data can cover

a much longer period of time compared to the data obtained from traditional travel

surveys; and 4) they can know the characteristics of frequent passengers, who are of

importance to transit companies. Conventionally, it is difficult for these companies

to investigate travel patterns covering a long time period. Smart card data provide a

simple but powerful way to solve this issue.

This section provides a review about the existing studies focusing on the smart

card data based human behaviour analysis. These studies can be mainly classified

into two domains: 1) smart card data analysis in the public transit system; and 2)

smart card data analysis in other urban contexts. In the end, this section further

gives a review about the studies related to the group behaviour analysis using smart

card data.

2.4.1 Smart card data analysis in the public transit system

Despite smart card technologies have been implemented in a lot of domains, most

of the generated smart card data, which are available for research, fall in the public

transit context. As a result, smart card data analysis in the public transit system is

perhaps most well-developed. Bagchi & White (2005) gave an in-depth discussion

about the role that smart card data can play in the public transit applications, while
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Pelletier et al. (2011) have systematically reviewed the research using public transit

smart card data.

Among these studies, there is a large portion related to the travel-activity be-

haviour analysis. Barry et al. (2002) described an approach which is able to gen-

erate the tables of trip origins and destinations using the metro card data, in New

York City, the United States. Ma et al. (2013) developed an efficient and effective

data mining procedure, which can analyse the travel pattern of passengers using

smart card data. In this procedure, the trip chains of transit travellers can be iden-

tified based on spatiotemporal characteristics of their smart card data. Then, the

DBSCAN (Density-based Spatial Clustering of Applications with Noise) algorithm

is used to analyse identified trip chains so that their historical travel patterns can

be detected. After this, the rough-set theory and K-Means++ clustering algorithm

are used together to classify their travel pattern regularities. Zhong et al. (2014)

applied social network analysis and spatial analysis methods to reveal spatial struc-

tures, including city hubs, centres and borders. They used a big smart card data

set in Singapore to examine the dynamic changes of spatial structures over years.

Tu et al. (2018) investigated the variations of multi-modal travel behaviour, which

were retrieved and delineated using the smart card data and GPS data in Shenzhen,

China. They found that employment, road density and mixed land use have signif-

icant effects on the ridership of each mode, while road density, metro accessibility

and income have no significant effects on metro, transit or bus ridership. Manley

et al. (2018) adopted the DBSCAN algorithm to reveal the travel event clusters of

individuals. The data set they used is a three-month smart card data set in London,

containing about 640 million transactions. They demonstrated high regularities in

the trip origins in the suburbs and in the trip destinations in central London. Zhao

et al. (2019) applied a rule-based algorithm and a clustering method to recognise

metro-to-bus transfers using a smart card data set covering one week in Nanjing,

China. They found that the majority of transfers shows a high stability over a week

and the median time for transfers between bus and metro is lower than 20 minutes.

Maeda et al. (2019) estimated the passenger volumes via considering the influence
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of activity types such as leisure and commuting types, and to detect the variations

of the number of visitors. Their proposed method was validated by using the smart

card data generated in Western Japan’s public transit system.

There are many approaches which have been adopted to support the smart card

data based human behaviour analysis. They vary from some simple rule-based ap-

proaches (e.g., Barry et al. (2002), Bagchi & White (2005)) to more advanced ones

(e.g., Kieu et al. (2015), Zhao et al. (2018)). Some studies have tried to conduct

the smart card data analysis by combining with various other data sources such as

the household travel surveys (Long & Thill 2015) and GPS trajectories (Munizaga

et al. 2014, Tu et al. 2018). Most of the existing studies gave a priority to understand

travel behaviour in a single city such as New York, Beijing, London and Singapore

(e.g., Barry et al. (2002), Long & Thill (2015), Manley et al. (2018), Zhao et al.

(2018)), while some, although limited in number, have also provided comparative

analysis of the characteristics of the travel behaviour in different cities, for instance,

Zhong et al. (2016) mined and compared temporal travel patterns in three world

cities, namely, Singapore, Beijing and London.

2.4.2 Smart card data analysis in other urban contexts

Some studies have applied credit card data to understand travel and activities, de-

spite the number of these studies is relatively limited. For instance, Felgate et al.

(2012) analysed the impact of price promotion using the loyalty card data gener-

ated in the market Tesco. The results showed that loyalty card data can enable us

to moderate for specific shopper characteristics and provide a picture about how

promotions influence sales. Lenormand et al. (2015) analysed the travel pattern in

Madrid and Barcelona, Spain, using the geo-located credit card data. They found

that the patterns vary greatly in terms of age, gender and occupation. Based on their

findings, they concluded that sociodemographic characteristics should be consid-

ered for modelling mobility and epidemiology. Using the same data set as Lenor-

mand et al. (2015), De Montjoye et al. (2015) found that four space-time points can

identify about 90% of unique persons, demonstrating the importance of reforming

the existing data protection mechanism. Dong et al. (2017) analysed purchasing
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behaviour at the community scale using transaction data. They found that people

from different communities but work at nearby places may play the role of ‘social

bridges’ between communities. By analysing real data sets that contain millions of

shopping records provided by UniCoop Tirrenoa, which is an Italian supermarket

chain, Guidotti et al. (2018) found that a small number of patterns can summarise

temporal purchasing behaviour. Di Clemente et al. (2018) used a text compression

technique to define a framework of credit card purchases. This framework was used

to investigate the collective behaviour pattern based on a data set containing the

individual transactions generated by 150 thousand users in Mexico City, Mexico.

Besides, student card data have also been used in some studies to understand

human behaviour. For instance, Ebadi (2016) inferred activity-mobility behaviour

using the smart card data generated by the students studying at the State University

of New York at Buffalo, the United States. Liang et al. (2016) identified human rela-

tionships from a student smart card data set in a Chinese university. They proposed a

method called ‘familiar stranger classifier’, which can be used to investigate the pat-

terns of human encounters and to understand their complex social behaviour. Here,

familiar strangers are the persons who are encountered repeatedly, but with whom

the traveller never interacts (Milgram et al. 1992). Zhang & Liu (2019) analysed

the temporal pattern of one type of student activities (i.e., the library visiting activ-

ity) using a university smart card data set in China. Some common spatial analysis

methods have been used in their analysis, such as the mean centre measure, kernel

density estimation and the nearest neighbour distance index.

2.4.3 Human group behaviour analysis using smart card data

There are some existing smart card data studies that are relevant to group behaviour

analysis. Several studies have considered encounter networks among card holders

or the ‘familiar strangers’ phenomenon. Sun et al. (2013) uncovered the mecha-

nisms driving our daily physical encounters using the bus smart card data in Sin-

gapore. They found that face-to-face encounters show regular temporal patterns.

Zhang et al. (2016) discovered familiar strangers and their common interests using

a data set, which contains about 6 million smart card records and is generated by the
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Beijing’s public transit system. Liang et al. (2016) proposed an innovative method,

namely ‘familiar stranger classifier’, to detect familiar strangers based on the WIFI

data and smart card data. In their study, social relationships are divided into four

types, namely, in-role relationships, familiar strangers, friends and strangers.

Despite these studies are relevant to the phenomenon of human group be-

haviour, they fail to explicitly explore group travel behaviour by definition, and thus

result in an ignorance of the group travel-activity behaviour in the urban contexts,

where the smart card automatic fare systems have been widely applied. There are

several exceptions. Zhang et al. (2018) developed a straightforward approach that

can detect metro group travel behaviour. However, their study has three main limita-

tions: 1) the used smart card data lack the accurate entrance time for each metro trip;

2) the group travel behaviour identification fails to consider multi co-existences be-

tween travellers across many stations and across many hours; 3) the study does not

evaluate their group travel behaviour pattern with respect to the pattern revealed by

an actual household travel survey. When investigating the library-visiting activity

pattern from a temporal perspective, Zhang & Liu (2019) found that there exists a

high temporal similarity between some activities performed by those from the same

college, compared to those from different colleges. Note that, in their case study,

a college (or a school) belongs to a university. Usually, in China, a normal univer-

sity may consist of tens of colleges. The temporal similarity may be explained by

the fact that students prefer to visit the library jointly with the student(s) belonging

to the same college. Despite they have investigated some phenomena closely re-

lated to group behaviour, this paper has not explicitly and directly focused on group

library-visiting activities.

2.5 Summary

This chapter provides a systematic literature review, which has been divided into

four parts, namely, group behaviour analysis and social networks, group behaviour

analysis at a microscopic urban scale, group behaviour analysis and spatiotemporal

proximity, and smart card data analysis.
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Existing studies show that there are various motivations for individuals to con-

duct human group behaviour, such as time or money savings, altruism and the need

or desire for companionship. Considering more and more travel and activities nowa-

days are performed jointly with group members, it is necessary to bring social net-

works into human behaviour analysis. However, the typical starting point of most

existing studies, which focus on human behaviour analysis, is to assume persons

travel or conduct activities on their own. This may provide satisfactory results for

regular human behaviour, but ignore the fact that social interactions between trav-

ellers play an important role in other behaviour that depends on social contacts. In

recent decades, researchers have become more and more interested in investigating

social dimension of travel-activity behaviour or directly investigating human group

behaviour. These studies provide a good understanding of human group behaviour,

but are still limited in a number of ways, which are concluded as follows:

1. The existing studies’ focuses vary greatly, from the investigation of the impact

of social networks to the scheduling of human group behaviour. Most of them

fail to provide a systematic examination of the spatiotemporal characteristics

of human group behaviour across different urban contexts using various data

sources.

2. Travel-activity surveys and social network surveys are the most widely used

data sources in traditional group behaviour analysis. Collecting these surveys

are usually limited in a number of ways, such as being constrained in sample

size, response rate, accuracy and being economically expensive and labour

intensive. In other words, the limitation of data availability is one of main

challenges for existing studies.

3. The studies, which investigate the human group behaviour existing at a mi-

croscopic urban scale, have provided empirical knowledge about pedestrian

groups and the method to identify group travel and activities based on visi-

ble non-verbal criteria. Despite the non-verbal based method can accurately

identify groups, this kind of identification is often achieved in a manual way.
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Thus, they are difficult to provide a global picture of human group behaviour

at a macroscopic urban scale, such as at a whole city level. In other words,

the identification of social groups is accurate by observing various non-verbal

phenomena from video recordings, but identifying large quantities of social

groups will be difficult to be achieved.

4. More and more studies have tried to infer social ties from spatiotemporal co-

existences using different data sources, such as online social network data

and GPS trajectories. However, these studies mainly focus on understanding

social networks from spatiotemporal co-existences, rather than the explicit

exploration of the group travel-activity behaviour. In addition, the data used

usually fail to capture a close-enough spatiotemporal proximity in order to

reflect people’s actual social interactions and their group behaviour.

5. In terms of the smart card data analysis, many studies have provided the anal-

ysis of the travel behaviour in different urban contexts, especially in the public

transit context. Some studies have considered the encounter networks among

card holders or the phenomenon of ‘familiar strangers’. However, they have

failed to explicitly explore the group travel behaviour by definition, and thus

result in an ignorance of the group travel-activity behaviour. A very limited

number of studies has directly investigated human group behaviour. But the

analysis presented in these studies is constrained in a variety of aspects, such

as the low data quality and the simplified method (Zhang & Liu 2019).

To address the research gaps, this thesis aims to provide a systematic analysis

of human group behaviour using various types of smart card data in different urban

contexts. This thesis provides an efficient way to infer a large number of human

group behaviour, by measuring the spatiotemporal proximity at a fine-enough scale.

Particular attention has been given to examine the spatiotemporal characteristics of

human group behaviour. Smart card data, which usually contain fine spatiotemporal

information and cover a long time period, can well reflect the space-time proximity

between card users and imply the potential social interactions between them. In this
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thesis, the potential of the smart card data in understanding human group behaviour

will be fully tested. The following chapters will give further explanations.



Chapter 3

Methodology

Chapter 3 presents a general methodological framework to support human group

behaviour analysis. At the beginning, it explains the importance of spatiotempo-

ral co-existences (or proximity) in understanding human group behaviour from a

psychological perspective. Then, it explains the basic logic to infer human group

behaviour from spatiotemporal co-existences, and develops some basic indicators

to measure spatiotemporal co-existences using smart card data. Finally, it proposes

two approaches to inferring human group behaviour. The framework gives guidance

to the detailed methods used in each case study, shown in Chapter 4, 5 and 6. The

details about the methodological framework are given in the following sections.

3.1 Psychological explanations of the proximity’s im-

portance
Before proposing the methods used to infer human group behaviour, at first, we in-

troduce the concept of personal space and the theory of proxemics. The concept and

theory give us a good reference to the reasonability of the proposed spatiotemporal

co-existence based framework.

Personal space (shown in Figure 3.1) can be understood as the space surround-

ing a person’s body and he or she thinks it is his or her person zone. It can also be

understood as an area closely surrounding a person in which his or her major social

interactions with other people happen (Sommer 1959, Little 1965). The concept can

be found in early research in animal studies: Katz (1937) regarded personal space as
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a snail’s shell, while Von Uexkull (1957) compared individual’s personal space as a

soap bubble surrounding the human body. After decades of development, personal

space has become an important concept in social psychology (Sommer 2002).

The sizes of personal space for different people are not fixed but vary according

to many factors, like their internal status, social culture as well as their surround-

ing urban context. Different cultures have different value systems and norms with

respect to the way that they define personal space and how to avoid the invasion of

personal space. When an individual’s personal space is violated, he or she would

feel stressful. We may also see a group of persons can share the same personal space

among group members. Group persons sharing the same personal space prevent

their personal space from invasion (Polzer 2011). This is also true that, if someone

violates the personal space of a group, he or she would feel uncomfortable, and thus

would try to avoid the violation (Cheyne & Efran 1972).

Figure 3.1: An illustration of personal space.

Note: The area surrounding a person is his/her personal space.

The concept has been further conceptualised by the American anthropologist

Edward Hall, who is renowned for developing the theory of proxemics. Proxemics

is an extension of the concept of personal space. It can be understood as the study

about how people use space and what the impacts of population density are on

social behaviour and social interactions of persons (Hall 1959, 1966). According

to Hall’s explanations, proxemics is of importance in learning social interactions in

people’s daily life. It also has great values in understanding the space organisation

in different urban contexts, such as houses, buildings and even towns (Hall 1963).

Based on his observation in the United States, Hall (1966) proposed four types

of interpersonal distances (shown in Figure 3.2): 1) intimate distance (between 0-
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0.46 metres), is usually kept for embracing, touching or whispering, and used for

lovers, close friends and close family members etc.; 2) personal distance (between

0.46-1.22 metres), is usually reserved for the communication between family mem-

bers or between good friends; 3) social distance (between 1.22-3.66 metres), can be

kept for the interactions between friends, to chat with associates, and in some group

discussions; and 4) public distance (between 3.66-7.62 metres), is normally kept for

the persons who are just staying in the same place and essentially used for public

speaking, such as speeches and lectures (Thompson 2013).

Most people regard their intimate and personal distances as being very impor-

tant, and will feel uncomfortable or even angry and anxious, when their intimate and

personal distances are invaded. If a person is given a permission to enter someone’s

intimate and personal distances, it is a sign that he or she has been treated as having

a close relationship with the other person. In the public situation, individuals tend

to keep close to those having a tight relationship. Keeping too close to a stranger

would cause some uncomfortable feelings such as stress. As a consequence, per-

sons would have some compensatory behaviour, such as moving away or avoiding

eye contact. This preference occurs even in challenging situations, such as those

with a high density of populations or with a presence of a crowd counterflow (Viz-

zari et al. 2013). Proxemics has been mainly investigated in relatively static urban

settings, such as in a room where people are talking, but the notion is also suitable

for analysing persons’ behaviour in a dynamically changing urban situation, such

as in a commercial street where people are walking (Costa 2010). This is reason-

able since personal space is carried with a person wherever he or she goes (Virginia

2008).

The theory of proxemics and the concept of personal space have been consid-

ered in the human group analysis at a microscopic spatial scale, like in a shopping

mall or a commercial street (Vizzari et al. 2013, Bandini et al. 2014). Some re-

searchers have pointed out that proxemics represents a fundamental, although often

implicit, assumption behind pedestrian dynamic modelling (Vizzari et al. 2013).

Some also have tried to understand group behaviour or build pedestrian models
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Figure 3.2: Interpersonal distances defined by Edward Hall.

based on the notion of proxemics (Manenti et al. 2012). However, most of them

only treat spatiotemporal proximity as one criterion to identify group walking be-

haviour of pedestrians. In order to infer group walking behaviour, spatiotemporal

proximity should be used together with other visible indicators, like walking speed,

walking direction, eye contact and gesture. The notion of proxemics has not been

used to identify human group behaviour in the studies at a macroscopic urban level

(e.g., at the whole city level), partly due to the coarse resolution of spatiotemporal

information, which makes it very unlikely to accurately capture the interpersonal

distances between individuals.

Personal space and proxemics offer psychological explanations for the impor-

tance of spatiotemporal proximity between persons in understanding human group

behaviour. We can further illustrate it in the public transit context, which is also the

most common context implementing the smart card technology. Figure 3.3 shows

two persons (shown in yellow colour) with a social tie, which keeps them in a close

proximity with each other when tapping their cards to enter and then exit a bus. The

reasons for them to keep a close proximity are that they may want to communicate

with each other, may have the same destination, and may need companionship dur-

ing travelling. As a result, their start and end bus stops recorded by their smart card

data will often be the same, and their start and end times will be very close. When
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it comes to the persons (shown in black colour), who are individual travellers, they

may accidentally keep close to a stranger when entering (or exiting) the bus, but

usually they are much less likely to keep close to the same stranger when exiting

and entering the bus at the same time, compared to those travelling in a group.

The concept of personal space and the theory of proxemics further illustrate the

importance of proximity between persons in inferring their social ties: individuals

should or prefer to keep a close proximity with their group member(s). If two

persons keep close to each other for a relatively long time and over a relatively long

distance, there is a good chance that they are group travellers; or if two persons

have multi co-existences in time and space, there exists a high possibility that they

have a social tie. It should be noted that, in crowded urban contexts, for example,

in a crowded train or bus, it is also likely that an individual has to keep close to the

strangers for a long time or over a long distance, mainly due to the lack of choice.

This would generate some challenges to infer social ties and group behaviour from

spatiotemporal proximity. Considering multi co-existences at different places and

times may be helpful to cope with this issue. Because dynamic changes of space

and time for co-existences increase the possibility that persons are socially related.

Figure 3.3: Understand smart card uses in the public transit system.

Note: The persons shown in yellow colour are group travellers while the persons shown in
black colour are individual travellers.
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3.2 Define spatiotemporal co-existences

Referring to Eagle et al. (2009), a spatiotemporal co-existence, or co-occurrence,

can be regarded as an instance in which persons exist almost at the same place and

time. Figure 3.4 illustrates the concept of a spatiotemporal co-existence. Assuming

person pi exists at a place li at a time ti while person p j exists at a place l j at a time

t j. If pi and p j are spatially close to each other, say, within a distance of 10 metres,

and if pi and p j are temporally close to each other such as within a time distance

(or interval) of 10 seconds, person pi is regarded as having a spatiotemporal co-

existence with person p j at a place li j at a time ti j. Here, li j is an assumed location

which is in the geographical centre-point of li and l j while ti j is the average time

of ti and t j. Note that, in the context of the smart card use, li usually equals to l j,

if pi and p j have a spatiotemporal co-existence. For example, smart card data may

show that two persons have entered the same metro station, despite they may enter

through different gates of different entrances that belong to the same station. In

other words, if pi and p j co-exist with each other, li equals to l j, representing the

same station.

Figure 3.4: Define a spatiotemporal co-existence.
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3.3 Infer human group behaviour using co-existences:

Basic logic
Assuming human behaviour (e.g., an activity or a trip) b is represented using the

form of < p, l, l′, t, t ′ >, which means b is performed by a person p at a start lo-

cation l at a start time t, and at an end location l′ at an end time t ′. Assuming

bi =< pi, li, l′i , ti, t
′
i >, whether bi is group behaviour or not is inferred based on the

following two conditions:

1. Spatiotemporal proximity: Whether bi co-exists with b j =< p j, l j, l′j, t j, t ′j >?

In this thesis, bi co-exists with b j if they co-exist with each other at the both

start and end locations (times).

2. Social tie: Whether there exists a social tie between pi and p j?

The first condition is used to check the ‘jointness’ of pi and p j, while the

second one is used to check if they are ‘intentionally’ related or not. If two persons

start their behaviour almost at the same place and time, and end their behaviour

almost at the same place and time, and if there exists a social tie between them,

they meet both the two conditions. Therefore, they are treated as group persons

performing group behaviour.

Based on empirical knowledge and practical observation, we can define the

spatiotemporal co-existences using some space-time criteria. After this, measuring

the condition spatiotemporal proximity is relatively easy by using smart card data.

The information about the condition social tie can be collected by using a social

network survey that collects the social relationship information between any pair

of respondents. Based on the collected survey data, it is convenient to know if two

individuals have a social tie or not with almost no difficulty. However, conducting a

social network survey covering a large number of persons (e.g., millions of persons)

is very unlikely to be achieved, because of the resource limitation. In this situation,

it is complicated to check the condition social tie. Therefore, if we have obtained

the smart card data but the social relationship of huge quantities of card holders is
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unknown, the main difficulty about ‘how to infer human group behaviour of these

persons’ actually is ‘how to infer social ties between them’.

In this thesis, spatiotemporal co-existences are not only used to check the first

condition spatiotemporal proximity, but also used to check the second condition

social tie. Figure 3.5 shows the basic logic of the spatiotemporal co-existence based

framework to infer human group behaviour between persons using smart card data,

assuming their social relationship is unknown.

For the first condition spatiotemporal proximity, only when bi and b j co-exist

with each other at the both start and end locations (times), they are treated as having

a spatiotemporal co-existence. However, in reality, there also exist other possibili-

ties. For example, we may say bi partly co-exists with b j if they co-exist with each

other at either the start or end location (time). As a result, if pi and p j have a social

tie, they may be regarded as partly performing human group behaviour. Despite

acknowledging these alternatives to understand human group behaviour, this thesis

focuses on the group behaviour that fully co-exists at the both start and end loca-

tions. This is mainly because introducing the partly involved group behaviour will

greatly increase the level of uncertainties and biases into human group behaviour

analysis.

3.4 Infer human group behaviour using co-existences:

Basic indicators

What follows further describes how to measure spatiotemporal co-existences using

various proposed indicators.

Assuming C is the set of all spatiotemporal co-existences between two persons.

C is represented as

C = {nlt |l ∈ L, t ∈ T}

where nlt is total amount of co-existences at a location l at a time t. L and T

represent the total numbers of locations and time intervals, respectively. We explain

it using a simple example. If there are 20 metro stations, each metro station can be
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Figure 3.5: The spatiotemporal co-existence based framework to infer human group be-
haviour.

regarded as a single location (i.e., L = 20). If we divide a day into 24 hours, each

hour can be treated as a time interval (i.e., T = 24).

There are many ways that have the potential to be used to measure spatiotem-

poral co-existences. From a spatiotemporal perspective and by considering the

number and distribution of spatiotemporal co-existences, this thesis considers the

following indicators:

1. Spatial richness of spatiotemporal co-existences SR, which is represented as

SR =
L

∑
l=1

nl

where SR, as the basic indicator, represents the total amount of evidences

(i.e., co-existences) of existing a social tie between two persons. nl equals to

∑
T
t=1 nlt , namely, equals to the sum of all co-existences at a location l over

the whole time period. A higher number of SR represents that two persons
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co-exist with each other more frequently. As SR increases, the possibility that

they have a social tie increases.

2. Spatial length of spatiotemporal co-existences SL, which can be understood as

the total amount of unique locations where their co-existences are distributed.

For example, if two persons co-exist at three different metro stations, SL = 3.

This is an indicator that has been used to infer friendships by Crandall et al.

(2010). A higher number of SL represents that two persons visit more dis-

tinctly different locations together. As we know, strangers may accidentally

visit a same location. However, it is difficult for them to accidentally visit sev-

eral different locations at the same time. Therefore, as SL increases, meaning

that there is an increase of the number of different locations where two per-

sons visit together, the possibility that they have a social tie will increase as

well, for familiar persons are more likely to have a higher SL value compared

to strangers.

3. Spatial diversity of spatiotemporal co-existences SD, which is represented as

SD =−
L

∑
l=1

Probl ln(Probl)

where Probl = nl/SR is the probability that a randomly selected co-existence

from C happens at a location l. As the amount of locations increases, SD

increases. As the co-existence distribution across locations is more uniform,

SD also increases. These meet our empirical understanding about the social

relationships between persons. If two persons visit many different locations

together, there is a high possibility that they are socially related. If the spa-

tiotemporal co-existences of pi and p j are spread out over many locations,

there is also a high possibility that they have a social tie (Eagle et al. 2009,

Pham et al. 2016).

The three indicators mentioned above only measure the spatiotemporal co-

existences from a spatial perspective. Actually, co-existences can also be measured
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from a temporal perspective. Similar to spatial indicators, temporal indicators are

introduced as follows.

1. Temporal richness of spatiotemporal co-existences T R, which is represented

as

T R =
T

∑
t=1

nt

where T R indicates the amount of evidences for existing a social tie. nt equals

to ∑
L
l=1 nlt , namely, equals to the sum of co-existences at a time t across all

places. It is easy to know that T R equals to SR.

2. Temporal length of spatiotemporal co-existences T L, which can be under-

stood as the total amount of unique time intervals when the co-existences are

distributed. For example, within a day, if two persons have two co-existences

at the hour 7:00, three co-existences at the hour 8:00 and five co-existences

at the hour 9:00, then T L = 3. In this case, the unique time intervals are the

hours 7:00, 8:00 and 9:00.

3. Temporal diversity of spatiotemporal co-existences T D, which is represented

as

T D =−
T

∑
t=1

Probt ln(Probt)

where Probt = nt/T R is the probability that a randomly selected spatiotem-

poral co-existence from C happens at a time t.

Figure 3.6 shows four scenarios of the spatiotemporal co-existence distribu-

tions between persons pi and p j and between p j and pk. In this figure, the circles

represent the spatiotemporal co-existences between pi and p j or between p j and pk.

The Location and Time axes represent the locations and time intervals that persons

have co-existences, respectively. For example, in Scenario A, p j and pk have one

spatiotemporal co-existence at the location l2 at the time t1. In terms of the calcula-

tion, taking Scenario D as an example, the calculation of the indicators for p j and

pk is described as below. In Scenario D,
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SR jk:

SR jk = 2+3+1 = 6

p j and pk have 2 spatiotemporal co-existences at l2, 3 spatiotemporal co-existences

at l3 and 1 spatiotemporal co-existence at l4. Here, SR jk represents the spatial rich-

ness of co-existences SR between p j and pk. Similar explanations can be given to

the following indicators SL jk, SD jk, T R jk, T L jk and T D jk.

SL jk:

SL jk = 3

p j and pk have 3 different locations, namely, l2, l3 and l4.

SD jk:

SD jk =−(ln(3/6)∗ (3/6)+ ln(1/6)∗ (1/6)+ ln(2/6)∗ (2/6)) = 1.01

T R jk:

T R jk = 2+1∗4 = 6

p j and pk have 2 spatiotemporal co-existences at t1, 1 spatiotemporal co-existence

at t2, t3, t4 and t5, respectively.

T L jk:

T L jk = 5

p j and pk have spatiotemporal co-existences at 5 different time intervals, namely,

t1, t2, t3, t4 and t5.

T D jk:

T D jk =−(ln(2/6)∗ (2/6)+ ln(1/6)∗ (1/6)∗4) = 1.56

Table 3.1 shows the all calculation results of different indicators in four scenar-

ios. Depending on the indicators used to infer social ties, the possibility that there

exists a social tie between pi and p j will be different with that between p j and pk.
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(a) A (b) B

(c) C (d) D

(e) Legend

Figure 3.6: Four scenarios of the co-existence distributions between persons pi and p j and
between p j and pk.

Note: Blue circles represent the spatiotemporal co-existences between pi and p j, while red
circles represent the spatiotemporal co-existences between p j and pk.
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Table 3.1: Calculation results of different indicators in four scenarios between pi and p j

and between p j and pk.

Scenarios Person pairs SR SL SD TR TL TD

A pi and p j 4 1 0 4 2 0.69
A p j and pk 2 1 0 2 2 0.69
B pi and p j 4 1 0 4 4 1.39
B p j and pk 4 2 0.69 4 4 1.39
C pi and p j 4 4 1.39 4 1 0
C p j and pk 4 4 1.39 4 2 0.69
D pi and p j 6 1 0 6 4 1.33
D p j and pk 6 3 1.01 6 5 1.56

3.5 Infer human group behaviour: A comprehensive

indicator approach

As mentioned in Section 3.4, there are various indicators that can be used to measure

spatiotemporal co-existences. These indicators can further be used to infer social

ties between persons and thereby infer human group behaviour. Based on these

basic indicators, I present two approaches to inferring human group behaviour,

namely, a comprehensive indicator based approach and a data mining based ap-

proach. Detailed explanations are given as follows in this section and in Section

3.6.

3.5.1 A comprehensive indicator to measure spatiotemporal co-

existences

In this section, a new comprehensive indicator is proposed to measure spatiotem-

poral co-existences via referring to the basic indicators discussed in Section 3.4.

The indicator can reflect the possibility of a social tie existing between two persons,

by combining the richness and diversity of their co-existences. This chapter treats

each spatiotemporal co-existence as an evidence for existing a social tie. The rich-

ness measures the number of the evidences, while the diversity measures how the

evidences are distributed.

The spatiotemporal richness of co-existences, namely, the amount of co-
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existences, between any pair of persons R is represented as

R =
L

∑
l=1

T

∑
t=1

nlt

where, nlt is the total amount of co-existences at a time t at a location l. L and

T represent the total amount of locations and time intervals, respectively. In the

Shanghai case study, each station can be regarded as a location, namely, L = 313,

for there are 313 metro stations in total. Time can be divided into different number

of time intervals, like 24 hours or 1,440 minutes a day. Here, time is empirically

divided into 24 hours, namely, T = 24, because this is a common way to under-

stand time division and has been adopted in some relevant studies (e.g., Pham et al.

(2016)).

If two persons are individual travellers, they might accidentally co-exist with

each other several times (e.g., two times across a month). However, if they are

group travellers, they are likely to co-exist with each other more frequently (e.g.,

seven times across a month). Therefore, R indicates the amount of evidences for

existing a social tie. Investigating the value of R is helpful to infer if there exists

a social tie between them: as R increases, the possibility that two persons have a

social tie increases.

Entropy has been widely used to measure the complexity level of an urban

system (Batty et al. 2014). Here, the spatiotemporal diversity of co-existences D is

measured by entropy, represented as:

D =−
L

∑
l=1

T

∑
t=1

Problt ln(Problt)

where Problt = nlt/R is the probability that a randomly selected co-existence

from C happens at a location l at a time t. As the numbers of locations and times

increase, D increases; As the distribution of co-existences across locations and times

is more uniform, D also increases. These meet our empirical understanding about

the social relationship between persons. If two persons visit many locations together

and at different times, there is a high possibility that they are socially related. If the
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co-existences of two persons are spread out over many locations and times, there is

also a high possibility that they have a social tie (Crandall et al. 2010, Pham et al.

2016).

Diversity and richness are two complementary indicators inferring social ties

between persons. None of them can fully represent the possibility of the existence

of a social tie. Figure 3.7 gives an example for further explanation. Person pi and

p j, and person p j and pk have the same level of diversity but very different level of

richness in Figure 3.7a, while person pi and p j, and person p j and pk have the same

level of richness but different level of diversity in Figure 3.7b. In order to better

represent the possibility of existing a social tie, a potential solution is to integrate

two indicators into a new one.

Figure 3.7: The distributions of co-existences between pi and p j and between p j and pk.

Note: Ri j represents the richness of co-existences R between p j and pk. Similar explanations
can be given to the indicators such as R jk, Di j, D jk, Si j and S jk.

Diversity and richness are two quantitative indicators, which emphasise differ-

ent dimensions and have different meanings. In order to combine them, at first, their

absolute values are converted into ranks from the perspective of probability theory

(Zhong et al. 2017). The persons with the highest richness (or diversity) value is
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assumed to have the maximum probability that they are socially related. Then, its

probability is set as 1. Correspondingly, the probabilities of other person pairs are

measured by related scales. Detailed definitions are presented as follows.

The converted richness of co-existences R′ is represented as:

R′ = R/Max(R)

Similarly, the converted diversity of co-existences D′ is represented as:

D′ = D/Max(D)

Referring to Zhong et al. (2017), we further propose a new indicator S, which

is represented as:

S = R′ ∗D′

S can simultaneously capture the influence of the richness and diversity of co-

existences on inferring social ties. As S increases, there is a higher probability that

two persons have a social tie. As shown in Figure 3.7, by inferring social ties via S,

we can obtain a more reasonable result: pi and p j are more likely to have a social

tie than p j and pk in Figure 3.7a, while pi and p j are less likely to have a social tie

than p j and pk in Figure 3.7b.

Note that there may be other ways to combine R′ and D′, such as by simply

adding the two values together. But the advantage of the multiplicative form is that

the result S remains as a probability (with 1 as the highest possible value). Different

ways of combinations could be discussed and explored in the future study.

3.5.2 A comprehensive indicator based approach to inferring

group travel behaviour

Assuming we have a smart card data set X . Its trip number is XNum. Let us assume

that the percentage of group trips GPre is also known. For instance, if the travel-

activity survey suggests that 20% of all trips are group ones (i.e., GPre = 20%).

The time interval TPre used to measure spatiotemporal co-existences is pre-defined.
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In this sub-section, a comprehensive indicator based approach is proposed to infer

group trips from this data set X . The basic logic is simple: we select a certain

percentage (GPre) of trips that have the highest probabilities to be conducted by

group travellers as group trips. Detailed information is described as follows.

1. Obtain trip pair xi j, which meets the following criteria:

li = l j

l′i = l′j

|t j− ti|< TPre

|t ′j− t ′i |< TPre

(3.1)

We say xi and x j show a spatiotemporal proximity at its start and end locations

(times). In other words, they are the candidates of group trips in our analysis,

because they meet the first condition spatiotemporal proximity in inferring

human group behaviour. The trip pair xi j is represented in the form of xi j =<

xi,x j, pi, p j >.

2. Calculate the value of the comprehensive indicator Si j, proposed in Section

3.5.1, for the person pair pi j. After calculation, pi j is represented as pi j =<

pi, p j,Si j >.

3. Join xi j with pi j according to pi and p j, and xi j can further be represented as

xi j =< xi,x j, pi, p j,Si j >.

4. Retrieve < xi,Si j > and < x j,Si j > from xi j. We store them as two rows in

a new data set X ′. The data set X ′ has two columns, namely, the trip ID and

the S value. Therefore, the trip ID is xi and the S value equals to Si j for the

first inserted row, and the trip ID is x j and the S value equals to Si j for the

second inserted row. If xi exists in more than two rows in X ′ (e.g., < xi,Si j >

and < xi,Sik >), we only keep the row with the highest value of S and delete

other row(s) with a lower value of S for xi. If all the rows have the same S

value for xi, we just keep one row for xi and delete the remaining row(s) for
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xi. For example, assuming there are two rows in X ′, namely, < xi,Si j > and

< xi,Sik >. If Si j < Sik, then we keep < xi,Sik > and delete < xi,Si j >. If

Si j = Sik, we either keep < xi,Si j > or < xi,Sik >: they are the same in terms

of values. By this way, we obtain the data set X ′. For each trip contained

in X ′, it has a corresponding S value, representing the probability that it is a

group trip or not.

5. Sort all rows in X ′ from the largest value to the smallest value of S;

6. Select rows in X ′ with a higher S value and the corresponding trips in the

selected rows are regarded as group ones. If some rows have the same S value,

then we randomly select some of these rows and regard the corresponding

trips as group ones. The total number of selected rows equals to the total

number of group trips, which is constrained as GPre ∗XNum.

This approach can be used to identify the trips in the data set X with the highest

probabilities as group ones. In order to further illustrate the approach, a detailed

example is presented in Figure 3.8. Since Step 1-3 are relatively easy to understand

and would be trivial to illustrate the details. We assume we have joined the trip pairs

and person pairs, namely, we directly start the illustration from the outcome of Step

3.

1. The outcome of Step 3 is 7 rows in the data set X ′, shown in Figure 3.8a.

There are 10 trips contained in these rows in total.

2. In Step 4, at first, we retrieve 14 rows. Some rows have the same trip ID.

If the rows have the same trip ID but have different values of S, we only

keep the row with the highest S value in X ′. If the rows have the same trip

ID and have the same value of S, we randomly keep one row among them.

For example, Figure 3.8b shows there are two rows having the same trip x1,

namely, < x1,0.5 > and < x1,0.4 >, then we only keep < x1,0.5 > and delete

< x1,0.4 > from X ′. Figure 3.8b also shows there are three rows having the

same trip x2, namely, < x2,0.5 >, < x2,0.5 > and < x2,0.1 >, then we only
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keep one < x2,0.5 > and delete the remaining two rows. After this process,

there are 10 rows remained in X ′ in Step 4.

3. In Step 5 (shown in Figure 3.8c), we sort all rows from the largest S value to

the smallest S value.

4. In Step 6 (shown in Figure 3.8d), assuming the pre-determined percentage of

group trips is 50%, then we choose the five rows with the largest S values.

The corresponding trips are chosen as group ones, namely, x9, x8, x1, x2 and

x4. If the group trip percentage is assumed to be 60%, we need to randomly

select one from the trips x3, x6 and x7. In other words, there are three possible

outcomes of group trips: 1) x9, x8, x1, x2, x4 and x3; 2) x9, x8, x1, x2, x4 and

x6; and 3) x9, x8, x1, x2, x4 and x7. After obtaining these group trips, we can

further analyse the characteristics of group travel behaviour patterns in space

and time.

Figure 3.8: The comprehensive indicator based approach to inferring group travel be-
haviour.
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3.6 Infer human group behaviour: A data mining ap-

proach
Data mining can be understood as a way to discover meaningful patterns and knowl-

edge from huge quantities of data. Many methods have been proposed and applied

in various domains (Miller & Han 2009, Han et al. 2011).

Classification is a main data mining application. It extracts models that can

be used to identify which category an observation has, on the basis of a training

data set that contains observations whose category is known. These models are

also called classifiers. For instance, a model or a classifier can be built to predict

a bank account as either the label ‘being safe’ or ‘being risky’. There are lots of

classification applications such as detecting fraud and predicting patients’ diseases

(e.g., Ngai et al. (2011), Kunwar et al. (2016)).

Generally speaking, there are two analytical steps in classification: the learn-

ing and classification steps. In the step of learning, an algorithm is used to build the

classifier, based on the analysis of a training data set, which contains a certain num-

ber of tuples and the class labels associated with the tuples. A tuple, or a sample, is

depicted by some attributes. Each attribute represents a tuple’s feature. Each tuple

in the training data set has a pre-defined class, depicted by an attribute named as the

class label attribute (Han et al. 2011).

Table 3.2 shows several tuples in a training data set. Each tuple is depicted by

the attributes of ‘name’, ‘gender’, ‘education’ and ‘annual income’, and the class

label attribute is ‘buy a computer’.

Table 3.2: A simple example of some tuples in a training data set.

Name Gender Education Annual income (unit: GBP) Buy a computer

David Male High school 40,000 Yes
Harry Male University 30,000 No
Lucy Female University 35,000 No

In the classification step, the built classifier is applied for the task of classifi-

cation. At first, we need to estimate the classifier’s predictive accuracy (or other



3.6. Infer human group behaviour: A data mining approach 69

measures like recall and precision). The estimation would have an optimistic re-

sult, if we utilise the training set to measure accuracy. Thus, we should use a test

data set that is independent from the training set. In other words, the tuples in the

test data set have not been used to build the classifier. Predictive class label of a

tuple will be compared to the original class label of this tuple. If they are the same,

we say this tuple has been correctly classified. The accuracy of the classifier equals

to the ratio of the tuples that are correctly classified in the test set. If accuracy is

at the level that is considered to be acceptable, the classifier is further able to clas-

sify other data set, the tuples of which have unknown class labels (Han et al. 2011,

Aggarwal 2014).

As explained in Section 3.3, when the social relationship is unknown among

individuals, the issue about ‘how to infer human group behaviour’ can be transferred

to the problem ‘how to infer social ties’. In this thesis, a data mining based approach

will be built to solve this problem. It will be used to classify relationships between

any pair of persons as ‘friendship’ or ‘non-friendship’.

Based on the typical process of data mining, the framework of the data mining

based approach is proposed in this thesis (shown in Figure 3.9). Assuming there is a

certain number of individuals (i.e., card users), the main objective of this approach is

to use several classification models to predict if there exists a social tie between any

pair of individuals. By comparing the performance of these models, it is possible to

find a better model that can be used for future prediction in unknown data set.

In this thesis, all data mining related tasks will be implemented based on Scikit-

learn (https://scikit-learn.org), which is a free and widely used data mining library.

The detailed explanations of the main data mining process are presented in the fol-

lowing sub-sections.

3.6.1 Data preparation

Smart card data are used to derive spatiotemporal co-existences between any pair of

individuals. The characteristics of spatiotemporal co-existences will be measured

via referring to the indicators proposed in Section 3.4. The measures are the features

used in data mining.
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Figure 3.9: The general framework of the data mining based approach.

Social network survey is used to derive the social relationships between any

pair of individuals. Social network survey has been widely applied to understand

social network structures of persons and sometimes the characteristics of human

group behaviour. For example, Lin & Wang (2014) applied a social network survey

to learn the characteristics of individual and group activities in Hong Kong. In this

thesis, a simple questionnaire survey will be conducted for the London case and

another one will be conducted for the Changsha case, for the purpose of gathering

the social network information of respondents (i.e., students). Any pair of individ-

uals will be labelled as having a social relationship ‘friendship’ (the value is ‘1’) or

‘non-friendship’ (the value is ‘0’).

By joining the results derived from smart card data as well as social network
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survey, the data used in the data mining process are prepared. Each tuple has the

feature values and the categories of friendships (1 for having a friendship, while 0

for having a non-friendship) between any pair of individuals.

3.6.2 Data pre-processing

The data in real world often are likely to face some issues that affect data quality,

such as they are often inconsistent and contain some errors. This is the same for the

data obtained in this thesis. Data pre-processing is a step to fix these issues with

original data, and prepares the data for further analysis (Garcı́a et al. 2015). Typical

tasks involved in data pre-processing include, but not limited to, data cleaning, data

normalisation, feature selection and the data imbalance issue.

3.6.2.1 Data normalisation

Normalisation, or standardisation, is one of the standard pre-processing techniques

to transform original data to fall within a smaller or common range such as the

range of [0,1] or [-1,1] (Han et al. 2011). There are various methods that can be

utilised for data normalisation, such as min–max normalisation, decimal scaling

and z-score normalisation etc. Most of the existing studies adopt either min–max

or z-score normalisation for data pre-processing (Jain et al. 2018). In this thesis, all

data will be normalised using min–max normalisation for pre-processing.

Min–max normalisation performs a linear transformation on original data (Han

et al. 2011). It changes original values of a feature into the range of [0,1], using the

following equation:

v′ =
v−minA

maxA−minA
(3.2)

Where, maxA and minA represent the maximum and minimum values of feature

A, respectively. v and v′ are original and normalised values of A, respectively. It

is easy to observe that the maximum and minimum values are mapped to 1 and 0,

respectively.

3.6.2.2 Feature selection

Feature selection is a way to choose a subset of features for building a classifica-

tion model. The techniques of feature selection can be applied for many reasons,
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such as simplifying the classifier, improving the performance of the classification

model and reducing training time and so on (James et al. 2013, Bermingham et al.

2015, Yan & Zhang 2015). When a data set contains some features that may be

irrelevant, noisy or redundant, these features can be deleted without causing much

information loss. In this thesis, feature selection techniques are needed because the

proposed indicators measuring co-existences would be redundant to each other to

some extent.

This thesis will adopt the Selectkbest method for selecting the best number of

features for data mining. It is chosen mainly based on the fact that it is relatively

simple to be understood and has a low computational cost, but still can ensure a

reliable selection at the same time (Putu 2018, Chen et al. 2019). The Selectkbest

method works by giving a score to each feature, and then selecting a specific number

of features with the highest scores by defining K value. In this thesis, a χ2 (chi-

square) test based score function is used to measure each feature (Fabian et al.

2011).

3.6.2.3 The class imbalance issue

Assuming there is a data set which has two class labels such as ‘true’ or ‘false’,

the data set is regarded as being class-imbalanced, if one of the classes has a much

smaller number of tuples (Japkowicz & Stephen 2002, Han et al. 2011). The class

with only a small number of tuples is usually called the positive class, such as the

class label ‘true’. Conventional classification algorithms usually try to minimise

the error number during the classification process, based on the assumption that the

influence of false positive errors on accuracy evaluation equals to the influence of

false negative errors (please see the explanations for false positive and false negative

in Section 3.6.4). This means they are not suitable to be used if the data are class-

imbalanced (Han et al. 2011).

The class imbalance problem widely exists in data mining. For example, as-

suming a data set containing 10,000 transactions is used to build a classification

model to detect commercial fraud. It may contain 9,900 transactions that are la-

belled as ‘non-fraudulent’ and only 100 transactions are labelled as ‘fraudulent’. In
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this case, ‘fraudulent’ is the positive class and is under-represented in the original

data set. The classification tasks in this thesis are typical class imbalanced prob-

lems, since the number of the tuples with a class ‘friendship’ is much fewer than

those with a class ‘non-friendship’. Various methods have been developed to cope

with the data imbalanced issue, such as the oversampling and undersampling ap-

proaches, which can change the training data distribution so that the rare or positive

class is well represented (Han et al. 2011).

The classifiers provided by Scikit-learn for classification tasks have well con-

sidered the data imbalance issue. These classifiers (e.g., Decision Trees, Logistic

Regression and Random Forests) usually provide a parameter class weight. When

class weight is set as balanced, the classifier will be aware of the imbalanced is-

sue by incorporating the class weights into its cost function. It will provide a higher

weight to minority class (with a lower class frequencies) and lower weight to major-

ity class (with a higher class frequencies) (Paper 2020). For example, cross entropy

is a common choice for cost function for many binary classification algorithms (e.g.,

Logistic Regression) (Wang 2018). It can be defined as follows:

CEntropy =−y log(p)− (1− y) log(1− p) (3.3)

where, CEntropy represents the cross entropy, y is the class binary indicator (its

value is 1 or 0), and p is predicted probability, for instance, belonging to class 1.

To incorporate the class weights into cross entropy, a weighted cross entropy can be

defined as follows:

Weighted CEntropy =−w0y log(p)−w1(1− y) log(1− p) (3.4)

where, w0 and w1 are the weights for class 1 and 0, respectively.

Therefore, one of the simplest and most efficient ways to address the class

imbalance issue is to set the parameter class weight provided by Scikit-learn’s clas-

sifiers. This method is initially inspired by the semantic work of King et al. (2001),

and now has been increasingly used in existing studies (e.g., More (2016), Morales
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et al. (2018)).

3.6.3 Classify friendships using various models

3.6.3.1 Data mining models

This thesis will adopt several data mining models to classify friendships. Their

performance will be compared, and then the model with a higher performance may

be found and recommended for future applications.

There are an enormous number of classification models in data mining. To

support a reasonable choice of models, at first, some existing studies have been re-

viewed. For example, Zhang et al. (2017) provided an up-to-date comparison of the

state-of-the-art classification models, which include Extreme Learning Machine,

Deep Learning, Stochastic Gradient Boosting Trees, Support Vector Machines and

Random Forests and so on. Zhou et al. (2017) investigated the changes of socioe-

conomic deprivation in London’s neighbourhoods using four classification models:

Decision Trees, Random Forests, Logistic Regression and Naive Bayes, based on

four million transition records from Foursquare, a popular location-based social net-

work service. Wainer & Cawley (2018) compared the prediction performance of 12

different models (e.g., Support Vector Machines and Logistic Regression) on 115

real life data sets, when they were applied into a nested cross-validation process.

This thesis mainly aims to illustrate the workability of the data mining based

approach to inferring friendships, rather than testing the performance of the state-

of-the-art data mining models. Thus, it is better to choose the models that have been

most widely applied and been widely regarded as being reliable. Via referring to

existing studies and considering the main objective of this thesis, four models are

chosen, namely, Decision Trees (DT), Logistic Regression (LR), Random Forests

(RF) and Support Vector Classifier (SVC).

The selected models are all very mature and popular ones in data mining. In

what follows, some detailed explanations about these models are provided. Note

that, all of them are technically implemented using Scikit-learn. Thus, Scikit-

learn’s documentation (https://scikit-learn.org/stable/documentation.html) is also a

valuable source for further reference.
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Decision Trees

Decision Trees, as a non-parametric model, can be used for various data mining

tasks. It can create a classifier which is able to predict possible outcomes of a target

variable by extracting some decision rules from a set of features. Decision trees

is usually simple and easy to understand and are the basis of several commercial

rule-based induction systems (Han et al. 2011).

Main parameters in Decision Trees, provided by Scikit-learn, should be ex-

plained for this thesis are shown as follows:

1. criterion. It is the function to measure the quality of a split. Supported criteria

are gini for the Gini impurity and entropy for the information gain.

2. max depth. It is the maximum depth of the tree. If its value is None, then

nodes are expanded until all leaves are pure or until all leaves contain less

than min samples split samples.

3. max f eatures. It is the number of features to consider when looking for the

best split. If its value is auto, then max f eatures =
√

n f eatures. Here,

n f eatures is the number of features in data. If its value is log2, then

max f eatures = log2(n f eatures).

4. min samples split. It is the minimum number of samples required to split an

internal node. The default value is 2.

Logistic Regression

Logistic regression, as a linear classification model, can predict possible out-

comes of a binary dependent variable by analysing some independent variables

using a logistic function. More formally, a logistic model is the one where the

log-odds of the probability of an event is a linear combination of independent or

predictor variables. Some possible outcomes of a dependent variable could be right

or wrong, expensive or cheap, and pass or fail (usually labelled as 1 or 0). The in-

dependent variables are those may have an influence on the value of the dependent

variable.
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Main parameters in Logistic Regression, provided by Scikit-learn, are shown

as follows:

1. penalty. It is used to specify a type of penalty to the model for having too

many variables (Alboukadel 2018). This, also known as regularisation, will

result in shrinking the coefficients of less contributive variables towards zero.

If its value is l1, then l1 regularisation is adopted and the regression model is

called Lasso Regression. If its value is l2, then l2 regularisation is adopted

and the regression model is called Ridge Regression (Mazilu & Iria 2011).

2. C. It is the inverse of regularisation strength. Like in Support Vector Ma-

chines, a smaller value represents stronger regularisation.

Random Forests

Random Forests is an ensemble learning classification model for data mining.

It can build some decision trees on different subsets of a data set, and then use

the mean values of these decision trees to improve the classification accuracy and

control the over-fitting issue of classification.

Main parameters in Random Forests are shown as follows:

1. n estimators. It represents the number of trees in the forest. The default value

is 100.

2. The explanations of the parameters criterion, max depth, max f eatures and

min samples split are the same as those in Decision Trees.

Support Vector Classifier

A Support Vector Machine (SVM) is a model that adopts a nonlinear mapping

for transforming original training data into a higher dimension. Within this new

dimension, SVM searches for a linear optimal separating hyperplane, which is a

‘decision boundary’ that separates the tuples of one class from another. With an ap-

propriate nonlinear mapping to a sufficiently high dimension, data from two classes

can always be separated by a hyperplane (Noble 2006, Han et al. 2011). A Support

Vector Classifier (SVC) is specifically used for supporting classification tasks.

Main parameters in Support Vector Classifier are shown as follows:
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1. C. It is a regularisation parameter. The strength of the regularisation is in-

versely proportional to C. The default value is 1.

2. kernel. It is used to specify the kernel type to be used in the algorithm. If its

value is linear, then a linear kernel is adopted. If its value is rb f , then a radial

basis function kernel is adopted.

3. gamma. It is the coefficient for the kernel.

3.6.3.2 Cross-validation

Cross-validation is a resampling technique used to evaluate data mining models on

limited data samples (Cawley & Talbot 2010). In general, it can be used to control

over-fitting and to evaluate the performance of classification (Han et al. 2011, Paper

2020). In a k-fold cross-validation, the initial data are randomly partitioned into

k mutually exclusive folds, D1, D2,..., Dk, each has an approximately equal size.

Training and test are performed k times. In iteration i, fold Di is reserved as the

test set, and the remaining folds are collectively used to train the model. That is,

in the first iteration, D2,..., Dk are collectively served as the training set to obtain

a first model, which is then tested on D1; the second iteration is trained on the

folds D1, D3,..., Dk and tested on D2; and so on. Figure 3.10 contains two cross-

validation processes: the inner CV consists of 2 folds while the outer CV consists

of 5 folds. For classification, the accuracy (or other performance measures) is the

overall number of correct predictions from k iterations, divided by the total number

of tuples in the initial data set.

Note that, when cross-validation is implemented in this thesis, a stratified ap-

proach will be adopted, considering the data imbalance issue. By implementing

stratified cross-validation, the data split can ensure that each fold has the same

proportion of tuples with a given class label (e.g., friendship), and thus has a

good representation of the whole data set. It can be implemented by the function

Strati f iedKFold provided by Scikit-learn.
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3.6.3.3 Hyperparameter optimisation using GridSearchCV

A hyperparameter is a parameter whose value is set before the data mining process

begins. In Scikit-learn, they are passed as arguments to the data mining models. For

example, C, kernel and gamma are three key hyperparameters for Support Vector

Classifier, while criterion and max depth are important hyperparameters for Deci-

sion Trees.

Despite Scikit-learn provides default values of hyperparameters for models,

choosing different values could have a large impact on the predictive or computation

performance of models. Therefore, it is necessary to optimise hyperparameters

before applying models into the formal data mining process.

Grid Search is the process of performing hyperparameter optimisation in order

to determine optimal values for a given model (Paper 2020). It can be implemented

using GridSearchCV, which is provided by Scikit-learn and implements Grid Search

using a cross validation process. For a given set of hyperparameter values, Grid-

SearchCV exhaustively considers all parameter combinations to find out the one

which provides the best performance level.

A detailed explanation about GridSearchCV is shown as follows:

1. The data set is randomly partitioned into k folds.

2. In iteration i, fold Di is reserved, and the models with different combinations

of hyperparameters are trained on the remaining k−1 folds.

3. After training, the validation score is calculated on fold Di.

4. For each set of hyperparameters, the mean validation score is calculated for

k iterations, and the set with the best performance is finally chosen as the

optimal one.

Main parameters in GridSearchCV are shown as follows:

1. estimator. It is used to set the models (e.g., Random Forests) used in Grid-

SearchCV.
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2. param grid. It is used to give a set of hyperparameter values that need to be

tested. For example, param grid =C : [0.1,1,10],gamma : [1,0.1],kernel : [rb f ]

represents GridSearchCV will test three values for hyperparameter C, two

values for hyperparameter gamma and one value for hyperparameter kernel.

In total, there are six considered combinations.

3. scoring. It is used to set the metric which evaluates the model performance.

Typical metrics include accuracy, recall, precision and F1 scores.

4. cv. It is used to set the number of folds in cross-validation.

3.6.3.4 Compare models using nested cross-validation

Nested cross-validation has become a common and recommended method for com-

paring data mining models for the data sets with a small or moderate size (Raschka

2018). It was first proposed by Iizuka et al. (2003) and Varma & Simon (2006), and

has been increasingly used in recent years (e.g., Cawley & Talbot (2010), Varoquaux

et al. (2017), Sayed et al. (2019)). Despite nested cross-validation is computation-

ally expensive, it usually provides a more reliable criterion for choosing the best

model (Wainer & Cawley 2018).

Nested cross-validation effectively uses a series of train/validation/test folds

to tune hyperparameters and evaluate model performance (Cawley & Talbot 2010).

Figure 3.10 clearly illustrates a 5*2 nested cross-validation process. In the inner

CV loop, GridSearchCV can be implemented to tune hyperparameters. The outer

CV loop is responsible for evaluating model performance using the optimal hyper-

parameters retrieved from the inner loop.

3.6.4 Model evaluation

After building a classification model, it is important to estimate how good the clas-

sifier predicts the class labels. This sub-section presents the measures used for

evaluating the classification performance. They include accuracy, precision, recall

and F1 score. Before discussing these various measures, it is necessary to introduce

several basic terms in data mining. Assuming there are two class labels: the positive
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Figure 3.10: An illustration of a 5*2 nested cross-validation process.

Note: The illustration is drawn via referring to Raschka (2018).

class label may be f riendship= yes and the negative class label is f riendship= no.

Suppose a classifier is used on a test data set of labelled samples. P and N are the

numbers of positive and negative tuples, respectively. In particular, the following

terms are helpful to understand the evaluation measures used in this thesis:

1. True positives, or T P, which can be regarded as the number of positive sam-

ples that are correctly labelled by the classification model.

2. True negatives, or T N, which is the number of negative samples that are cor-

rectly labelled by the classification model.

3. False positives, or FP, which can be regarded as the number of negative sam-

ples that are mislabelled as being positive (e.g., samples with a class label

f riendship = no have been predicted as having a class label f riendship =
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yes).

4. False negatives, or FN, which can be regarded as the number of positive

samples that are mislabelled as being negative (e.g., samples with a class label

f riendship = yes have been predicted as having a class label f riendship =

no).

Based on the terms described above, the evaluation measures are presented as

follows:

1. Accuracy, which is the proportion of samples that are correctly labelled. That

is,

Accuracy =
T P+T N

P+N

2. Recall, which is the proportion of positive samples that are correctly identi-

fied. That is,

Recall =
T P
P

3. Precision, which is an exactness measure. That is,

Precision =
T P

T P+FP

4. F1 score, which is a combination of the use of the measure’s recall and pre-

cision. That is,

F1 =
2∗Precision∗Recall

Precision+Recall

Since the data mining tasks in this thesis use the imbalanced data sets, accuracy

is not a recommended measure (Han et al. 2011). This is because a model with a

low level of performance may still give a high accuracy, if it is trained using an im-

balanced data set. In this situation, precision or recall can be used to evaluate the

model performance. Maximising precision is able to minimise the number of false

positives, while maximising recall can minimise the number of false negatives. In

other words, using precision is appropriate when the focus is to minimise false pos-

itives, while using recall would be better if the focus is to minimise false negatives
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(Brownlee 2020). However, sometimes it is challenging to obtain a high precision

and recall at the same time. This is because the goal itself is often conflicting, since

in order to increase the true positives for the minority class, the number of false

positives is also usually increased, resulting in reduced precision (He & Ma 2013).

F1 provides a way to combine both precision and recall into a single measure

that captures both properties (Han et al. 2011, He & Ma 2013). Therefore, despite

the London and Changsha cases will compare the performance of four models using

four measures, the performance is mainly measured using F1.

3.7 Social network analysis
Despite social network analysis is not the key method used for inferring human

group behaviour, it supports a lot of analyses in this thesis, such as analysing the

characteristics of human group behaviour and identifying the structure of canteens

in the Changsha case (in Chapter 6). Considering its importance, this chapter gives

a detailed introduction about it.

Social network analysis is a process of investigating social structures using the

graph theory in mathematics. A network consists of a certain amount of nodes and

edges that connect them (Scott 1988, Otte & Rousseau 2002). In this thesis, a net-

work may consist of a certain amount of card holders (i.e., nodes). The edges may

represent the social ties or group activities between card holders. Figure 3.11 shows

a simplified social network structure. In this structure, a node represents a student,

while an edge represents a spatiotemporal co-existence between two nodes. The

edge’s weight represents the number of spatiotemporal co-existences. The weights

of all edges are 1, except the edge’s weight between student B and C is 2.

3.7.1 Measures for social networks

There exist various measures for quantifying the characteristics of social networks.

Here, some of them, which will be used in this thesis, are listed here.

1. Centrality. It can be used to measure the extent that a node connects to other

nodes. If a node more connects to other nodes, we say it has a higher level

of centrality. Degree, closeness and betweenness are the three main centrality
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Figure 3.11: A simplified social network structure.

measures. Degree centrality can be understood as the number of edges that

connect a node. Betweenness centrality equals to the number of times that

a node is a bridge along the shortest path of another two nodes. Closeness

centrality is defined as the length sum of the shortest paths between the node

and all other nodes (Freeman 1978).

2. A shortest path and network diameter. A shortest path is the one with the

smallest number of edges between a node pair under investigation (Newman

2001). Particularly, network diameter of a graph is the longest shortest path

among all shortest paths for a node pair.

3. Graph density. It is a measure of the ratio of possible edges that actually exist

in a network. A complete social network has all possible edges and thus its

density equals to 1 (Faust 2006). For example, if a graph has a graph density

of 0.005, indicating it is generally a very incomplete social network.

3.7.2 Community detection

Community detection can be used to divide a network into several partitions with a

goal to maximise the number of connections within the same cluster and minimise

the number of connections between different clusters simultaneously. Nodes in the

same cluster often have similar characteristics and each cluster can be understood
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as a community here (Girvan & Newman 2002, Peel et al. 2017). Community

detection has been applied in many areas, like computer science, social science

and ecology and so on (Krishnamurthy et al. 2000, Hopcroft et al. 2003, Java et al.

2007, Shimono & Beggs 2015).

An algorithm, based on modularity optimisation, is used to divide the graph

into communities of densely connected nodes, while nodes belonging to different

communities are sparsely connected (Blondel et al. 2008). The value of the mod-

ularity of a network is between -1 and 1. Given two nodes i and j in a graph, Ai j

is used to represent whether two nodes i and j are connected: Ai j = 1 if nodes i

and j are connected; other wise Ai j = 0. The degree of the node i is calculated

as ki = ∑ j Ai j. Let ci and c j denote the communities they belong to, the function

δ (ci,c j) is used to describe whether two nodes belong to the same community. It

takes the value of 1 if ci = c j, and 0 other wise. Therefore, the fraction of weighted

edges that occurred within communities are calculated as:

∑i j Ai jδ (ci,c j)

∑i j Ai j
=

1
2m ∑

i j
Ai jδ (ci,c j)

It should be noted that m denotes the total number of weighted edges in the

undirected graph 1
2 ∑i j Ai j. If the weighted edges are randomly placed in the graph,

the fraction of the weighted edges that would occur within communities would be
kik jδ (ci,c j)

4m2 (Clauset et al. 2004). The modularity Q is thus defined as the difference

between observed fraction of within-community weighted edges and the expected

fraction in a randomised network:

Q =
1

2m ∑
i j
(Ai j−

kik j

2m
)δ (ci,c j)

Modularity optimisation is a computationally intractable task and approxima-

tion algorithms are often used. Unfortunately, greedy searching may produce mod-

ularity value, which is far below optimal. Thus, an iterative algorithm, which is

proposed by Blondel et al. (2008), is used here to detect the clusters of nodes. The

algorithm initialises by setting each node of the network into a separate community,
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and determines whether to move one node from its current community into another

one by evaluating the maximum gain that would take place. After that, it aggregates

these meta-communities to build a new network of communities on which the same

optimisation strategy can be applied. The processes are repeated until no increase

of modularity.

3.8 Apply different approaches in different cases
This chapter mainly aims to develop a general methodological framework to supp-

port the analysis of human group behaviour in cities. The concepts of personal

space and the theory of proxemics give us a good reference to the reasonability

of the proposed spatiotemporal co-existence based methods from a psychological

perspective. Three main approaches have been applied in this thesis, shown in Fig-

ure 3.12. Particularly, the comprehensive indicator based approach will be applied

to the Shanghai case to infer group travel behaviour using smart card data. The

inferred spatiotemporal patterns in Shanghai are shown in Section 4.3. When it

comes to the London and Changsha cases, the data mining based approach and so-

cial network analysis will be applied in Section 5.4 and 6.6, respectively, with a

combination of smart card data and social network surveys. For the detailed appli-

cations, please refer to Chapter 4, 5 and 6.

Figure 3.12: The method applications in different cases.



Chapter 4

The Shanghai Case Study: Group

Travel Behaviour of Metro Users

4.1 Introduction

Group travel behaviour can be understood as two or more persons intentionally

travelling together from a place to another one for the purpose of engaging in a

certain activity, such as going shopping together in a commercial mall or eating

together in a restaurant. The person’s underlying motivation is of great importance

in distinguishing group travel behaviour from individual travel behaviour. When

persons travel in groups, it typically means that they have social ties, for instance,

as friends or family members.

Smart card based automatic fare collection systems produce large quantities of

smart card data, which provide great opportunities for exploring travel behaviour in

cities. Smart card data have many advantages, such as having a large sample size

(or even covering the whole population in some cases), being cheaper and requiring

fewer labour resources for data collection. Besides, the data contain individuals’

manifest spatiotemporal information with a fine granularity and for a long time pe-

riod. This characteristic makes it possible for use in measuring multi co-existences

among individuals, and thereby infers social ties as well as human group behaviour.

This chapter provides a case study of group travel behaviour that exists in the

metro system of Shanghai, China. After this introduction, a brief description about
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study area and data is in Section 4.2. Section 4.3 presents the results of the Shang-

hai case using a one-month tranche of smart card data generated within the metro

system. A conclusion and discussion are shown in Section 4.4.

4.2 Study area and data

4.2.1 Study area

Shanghai, located in the Yangtze River Delta, has an area of about 6,300 square

kilometres and had more than 24 million citizens in 2017. In 2014, Shanghai’s

GDP (Gross Domestic Product) was 2,356.8 billion Yuan, accounting for 3.7% of

the whole GDP of China (Shanghai Bureau of Statistics 2015). It is famous for

tourist attractions and historic/modern buildings, such as the buildings along the

Bund, the Lujiazui skyline consisting of many skyscrapers, the City God Temple

and the Yu Yuan Garden.

Shanghai consists of 17 districts in total. Chongming District, as an island,

is not included in this analysis, since the metro system has not expanded into this

district. Therefore, the analysis covers 16 districts in Shanghai. Figure 4.1 shows

the map of Shanghai. Circle Road is a high-speed road that surrounds the most of

Shanghai City.

There is a well-developed public transit system in Shanghai, largely based on

metros, buses and taxis. With decades of development, Shanghai’s metro system

has extended to every core urban area and nearby suburban areas. In October 2013,

Metro Line 11 extended to Huaqiao Town, Suzhou (or Soochow), which is a major

city located in the south eastern part of Jiangsu Province. This extension makes

Shanghai own the first inter-city metro system in China. In 2015, there were 313

stations and 14 metro lines, which has a total length of about 578 kilometres (Re-

search Institute for Urban and Rural Construction and Transport Development in

Shanghai 2015).

It should be noted that the numbers of metro lines and stations are generated by

Shanghai’s smart card data used here. In addition, in this chapter, the stations with

the same name but not belonging to the same metro line are regarded as different
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Figure 4.1: Shanghai’s map.

stations. For example, People’s Square Station is regarded as three different metro

stations: People’s Square (Line 1) Station, People’s Square (Line 2) Station, and

People’s Square (Line 8) Station, which are Line 1’s, Line 2’s, Line 8’s stations,

respectively. This treatment is suitable for our group travel behaviour analysis, since

the travellers tap their cards at the stations with the same name but not belonging

to the same metro line imply that they have different destinations or origins, and

thereby unlikely to travel together with each other.

Figure 4.2 shows Shanghai’s metro system. As we can see, the central area

of Shanghai has a higher concentration of metro stations, while the distribution of

metro stations is much dispersed in suburban areas. Three stations that are located

in the nearby city Suzhou (i.e., Guangming Road Station, Zhaofeng Road Station
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and Huaqiao Station) are also included in the analysis of group travel behaviour:

despite not being geographically located in Shanghai itself, they are a part of the

whole Shanghai metro system.

Figure 4.2: Shanghai’s metro system.

4.2.2 Data

4.2.2.1 Smart card data

The travel cost can be paid by using Shanghai’s public transit card (shown in Figure

4.3). Shanghai is the first city that introduces the smart card automatic fare system in

public transport in China. In 1998, Shanghai government decided to introduce smart

technology in the sectors of finance, public transit and public welfare. In 1999, the

Shanghai Oriental Transport Card Company was founded, and smart cards were
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tested for use on Metro Line 1, 11 bus lines and 1 ferry line. Since then, smart cards

have been increasingly used in the public transit system. By 2017, over 67 million

smart cards had been issued in Shanghai (Shanghai Observations 2017).

Figure 4.3: A picture of Shanghai’s public transit smart card.

Note: The picture is from the official website of the Shanghai Oriental Transport Card
Company: http://www.sptcc.com/.

The original smart card data set is provided by Shanghai Open Data Appli-

cations (SODA) contest, which is the largest urban big data competition in China.

For the detailed information about this competition, please visit the SODA’s official

website (http://soda.shdataic.org.cn). The author once attended this competition and

was formally authorised to use this smart card data set for research purpose. The

data set covers from April 1 (Wednesday) to 30 (Thursday) in 2015. Since smart

cards can be used for the whole public transit system, originally, the smart card

data contain the transaction records generated by different types of the public tran-

sit modes, such as bus, metro, taxi and ferry. However, only metro and ferry smart

card data accurately record the location and time for each card use. The record

number of the ferry smart card data is very small (less than 0.1% of total records),

indicating the ferry is not a representative travel mode in Shanghai. What is more,

group travel behaviour which exists in the travel context in a ferry is distinctly dif-

ferent with that in the metro system. Considering these reasons, this chapter only

focuses on utilising the metro smart card data to analyse group travel behaviour.
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Each tap record contains the attributes about anonymised card ID, tap time,

tap station and tap cost. To understand group travel behaviour, at first, we need to

retrieve metro trips from the original smart card tap records. When a card holder

enters the metro system, the tap cost is 0 Yuan; when a card holder exits the metro

system, the tap cost will always be larger than 0 Yuan (such as 5 Yuan, equalling

to 0.57 GBP on January 5, 2019, according to the website of www.x-rates.com).

Based on this characteristic, in order to obtain metro trips, the original metro smart

card data are pre-processed as follows.

1. All metro smart card records are sorted ascendingly according to their

anonymised card ID, tap time, and tap cost.

2. If two continuous records meet the following criteria: they have the same card

ID, the tap cost of the first record is 0 and the tap cost of the second record is

larger than 0, then a metro trip record is identified.

3. We also identify those trips including transfers. This is a specific considera-

tion for the Shanghai metro system. Due to various reasons, such as owning a

very complex space structure, there are several metro stations, which are also

linked to more than one metro line in Shanghai (such as the metro stations

Shanghai Rail Station, West Nanjing Road and Changqing Road). They re-

quire a passenger to check out at one of the station’s exits and then check in

again at one of the same station’s entrances, when he or she wants to switch

from one line to another one at this station. Both of the checked exit and en-

trance belong to the same station, but they belong to different metro lines. In

this situation, it is not suitable to say that the passenger performs two differ-

ent trips. 30 minutes between the exit and entrance is chosen as a threshold

to identify this type of trips. This selection is based on the transport policy

in Shanghai: for several specific metro stations, if a passenger exits and then

enters at the same station within 30 minutes, he or she is regarded as being in

the same trip. Correspondingly, the travel cost is calculated based on one trip,

which is usually cheaper than the cost of two trips (Wang et al. 2017).
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The data pre-processing is also referred to the work conducted by Xu (2016)

and Wang et al. (2017), who used the SODA-provided data set to analyse the travel

characteristics of Shanghai’s metro system. After data pre-processing, 122.9 million

trips are obtained. There are 4.1 million trips generated per day. These trips are

created by 10.5 million card holders. The average travel duration is 2,148 seconds

(35.8 minutes), with a standard deviation of 1,331 seconds (22.2 minutes). Table

4.1 shows an example of pre-processed trip records.

Table 4.1: An example of trip records revealed from smart card data.

Card ID Start
time

Start station End
time

End station Cost
(unit:
Yuan)

3103691259 2015-
04-01
06:44:08

Pudian Road 2015-
04-01
07:12:08

Dongan
Road

3.0

3104324421 2015-
04-02
07:23:15

People’s
Square

2015-
04-02
08:03:12

Lujiazui
Road

4.0

2353737849 2015-
04-11
14:12:31

East Nanjing
Road

2015-
04-11
14:54:13

West Rail
Station

2.0

2838374710 2015-
04-17
19:14:26

Shanghai
Pudong In-
ternational
Airport

2015-
04-17
19:57:31

Jinke Road 3.0

6372948764 2015-
04-29
16:42:33

Lianhua Road 2015-
04-01
17:12:21

Luban
Road

4.0

Figure 4.4 shows the general temporal pattern of travel behaviour across a

month in 2015. The trip number is calculated using the trip start time. For example,

if a trip starts at 17:15:01 and ends at 18:10:10, it is counted as a trip at the hour

17:00 (some studies also used the same treatment to illustrate temporal travel pat-

terns such as Zhong et al. (2016)). As may be expected, there are clear commuting

peaks at the hours 7:00, 8:00, 17:00 and 18:00 during weekdays. The commuting

peaks disappear, and more people travel in the afternoons during weekends. The

number of trips during weekdays is much higher than that during weekends. Sim-
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ilar travel patterns are also observed across weekdays and across weekends. Note

that April 4 - 6 is a three-day national public holiday, which shows a similar travel

pattern with weekends.

Figure 4.5 shows the spatial pattern of travel behaviour using the start station

across a month in 2015. The trip number is aggregated based on the trip start station.

For example, if a trip starts at People’s Square Station and ends at Shanghai Pudong

International Airport Station, it is counted as a trip at People’s Square Station. As

we can see, most of stations with a high number of trips are distributed in the central

area of Shanghai, while the majority of stations with a low number of trips are

located in suburban areas.

Figure 4.6 shows the spatial pattern of travel behaviour using the end station.

We can see the similar pattern with Figure 4.5. In order to better compare these

two figures, the differences of trip number between the start and end stations are

shown in Figure 4.7. For a station, owning a number larger than 0 represents there

are more trips arriving at this station than departing from it. Generally, the figure

implies a typical commuting pattern: more people travel to the city centre for a

working purpose, and fewer ones travel to the suburban area.

4.2.2.2 Metro video recordings

In order to find out the suitable time interval to define spatiotemporal co-existences

between potential group travellers, video recordings were collected in a metro sta-

tion in Shanghai (i.e., East Nanjing Road) on a weekday (Monday, September 4,

2017) and on a weekend (Saturday, September 9, 2017). East Nanjing Road is se-

lected, mainly because it is relatively convenient to collect video recordings at this

station. Besides, it is also an important metro station in the whole metro system.

During data collection, a video camera was located in suitable places so as to record

the travellers’ tap in and out behaviour as well as their walking behaviour. The

camera brand/model is Rich HD-913, with a 16 million resolution pixels. For each

day, four episodes were collected at one entrance, during the hours of 16:00-16:30

and 17:30-18:00, while four episodes were collected at an exit during the hours of

16:30-17:30. Each episode lasted about ten minutes. 16 ten-minute episodes were
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Figure 4.4: Temporal pattern of trips using the start time in April 2015.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.5: Spatial pattern of trips using the start station in April 2015.

collected in two days in total.

Following the methods tested in the existing studies (Costa 2010, Polzer 2011,

Zhao et al. 2016), group travellers were manually identified on the basis of their

non-verbal behaviour, such as spatiotemporal proximity, walking speed, walking

direction, eye contact and gesture. During identification, videos were opened using

the software - the QuickTime Player, which is a popular video player that is capable

of handling various formats of digital videos. Based on the mentioned non-verbal

behaviour, we can manually identify group travellers. Then, we focus on recording

the tap times of group travellers: when a group traveller in the video tapped his or

her card, we paused the video, and recorded the time shown in QuickTime as an es-

timation of tap time for him or her. After this, the time interval between their group
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Figure 4.6: Spatial pattern of trips using the end station in April 2015.

members can be calculated based on their tap times. By analysing the distribution

of calculated time intervals, it is possible for us to know which time interval is the

most suitable one to imply group travel behaviour.

The urban context in the metro station is very complicated, mainly caused by

the complexity of station’s entrances/exits and the crowded travellers. This com-

plexity generates some challenges for the group travel identification and the tap

time estimation. For example, a traveller’s tap behaviour may not be seen and in-

vestigated clearly, for some travellers may block the line of sight from the camera’s

perspective. In order to ensure the accuracy of identification and estimation, two

trained volunteers were responsible for analysing these videos independently. Only

the group travellers identified by both of the two volunteers then remained. The
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Figure 4.7: The trip number differences between the start and end stations in April 2015.

permission for data collection was given by the staff working at the metro station,

and all ethnic issues have been carefully considered.

In total, there are 467 group travellers identified from these video recordings.

Figure 4.8 shows the screenshots of the video recordings from Shanghai’s metro

system. According to the video recording analysis, there are two typical patterns

of the tapping behaviour for group travellers. First, many group travellers prefer to

tap cards on the same reader. As a result, people follow his or her group member(s)

to enter (or exit) the same gate (shown in Figure 4.8a). In this situation, the time

interval of their smart card uses is usually 2 seconds, followed by 1 second if they

enter the same gate quickly. Second, there are also many group travellers who

prefer to tap their cards on different card readers, which are usually adjacent with
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each other. Group travellers usually walk side by side, and thus it is very natural that

they choose to enter (or exit) the metro station through two adjacent gates (shown in

Figure 4.8b). In this situation, their time interval of their smart card uses is usually

0 or 1 second. Both of these two patterns can ensure that people are able to keep a

close proximity with their group member(s).

(a) Scenario A. A metro exit. Date: Monday, September 4, 2017. The two
persons shown in the red rectangle are group travellers.

(b) Scenario B. A metro entrance. Date: Monday, September 4, 2017. The two
persons in this screenshot are group travellers.

Figure 4.8: The screenshots of the video recordings in Shanghai’s metro system.

Note: Due to privacy issues, the faces are masked in the screenshots.

The average time interval of inferred group travellers is 3.1 seconds (standard
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deviation equals to 4.2 seconds). Figure 4.9 presents the cumulative percentages

of inferred group travellers for different time intervals. It is easy to see that the

time intervals for most inferred group travellers are very small, such as 0, 1, and

2 seconds. The time interval of more than 80% of group travellers is smaller than

6 seconds. When the time interval reaches 10 seconds, the cumulative percentage

is close to 95%. A large time interval (e.g., 10 or more seconds) between group

travellers may be caused by accidental factors, for example, by the card holders

looking for their cards in their pockets or bags, which causes a small delay in tap in

or out. The results clearly show that most group travellers tap their cards within a

quite short time interval. Note that the time interval distribution of inferred group

travellers should be slightly different with their actual time interval distribution.

For example, the average time interval of inferred group travellers should be shorter

than their actual average time interval, because some group travellers with a large

time interval, such as more than 3 minutes, are very difficult to be identified using

video recordings. To better capture the real time interval distribution, we need to do

more observations and analyses. Besides, the time interval distribution in the metro

station will also be different with that in other urban contexts such as in a shop or a

sports centre.

4.2.2.3 Household Travel Survey

Shanghai Comprehensive Transport Survey (SCTS) has been used to collect all im-

portant information about urban travel in Shanghai. The collected data help local

government and its agencies make transport planning and investment decisions. The

survey contains a variety of sub surveys, such as household travel survey, metro

traffic flow survey and bus traffic flow survey. Among these sub surveys, household

travel survey is the most important one and economically expensive. The SCTS has

once been undertaken in 1986, 1995, 2004, 2009 and 2014. The most recent survey,

namely, the fifth SCTS was conducted in 2014 and released in 2015. Its household

travel survey, namely, the fifth household travel survey, covered 75 thousand house-

holds and over 300 thousand individuals (Research Institute for Urban and Rural

Construction and Transport Development in Shanghai 2015). The sampling ratio
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Figure 4.9: Cumulative percentages of inferred group travellers by time intervals from
video recordings.

was 0.85% of the entire population in the whole Shanghai, covering 17 districts and

1,339 communities. Each respondent was required to report all trips/activities taken

within the last 24 hour when he or she was interviewed. The survey was conducted

during September 16-23, 2014. Each trip contained the basic travel attributes such

as start/end times, start/end places (i.e., start/end Traffic Analysis Zones (TAZs)),

travel purpose (e.g., work) and travel mode (e.g., walk and metro) (Shanghai Mu-

nicipal Statistics Bureau 2014, Research Institute for Urban and Rural Construction

and Transport Development in Shanghai 2015).

Different with most of the existing household travel surveys conducted in Chi-

nese cities (including Shanghai), the fifth household travel survey in Shanghai is

the first one that includes trip companion information. In other words, the survey

provides the number of group member(s) for every trip. This feature makes the

survey an ideal data source for understanding the group travel behaviour patterns

in a systematic way. Besides, by comparing the patterns of group travel behaviour

inferred from smart card data and those revealed from travel survey, the survey can
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evaluate the reasonableness of the proposed co-existence based methods.

Due to local policies, however, original individual trip records are regarded

as being confidential and not available for public use and for research purpose.

Despite this, through collaboration with transport professionals at the Research In-

stitute for Urban and Rural Construction and Transport Development in Shanghai

(RIURCTDS), the numbers of individual and group trips aggregated at the hour

level were obtained. The original data set contains 23,879 trips with the metro as

main travel mode. Of these trips, there are 3,324 group trips (accounting for 13.9%).

From the temporal patterns of group trips revealed from the survey (shown in Figure

4.10), we have four main findings:

1. The percentage of group trips during weekends (26.3%) is much higher than

that during weekdays (11.1%);

2. The percentages of group trips are lower during commuting peak times, com-

pared to those in the afternoons and evenings;

3. The percentages of group trips in afternoons are relatively higher than those

in evenings;

4. The percentages of group trips at each hour during weekends are almost al-

ways higher than those at each hour during weekdays.

The revealed patterns from the survey is similar to the findings from the exist-

ing studies (e.g., Whyte (1980), Kang & Scott (2008)) and conventional notions of

group trip distributions over time. As such, they can be used to evaluate the tempo-

ral patterns of group travel behaviour revealed from smart card data, which will be

shown in Section 4.3.

4.3 Spatiotemporal patterns of group travel be-

haviour in Shanghai
In this section, all metro smart card data are used to infer group trips. Then, this

section examines the spatiotemporal patterns of these inferred group trips in Shang-
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Figure 4.10: Temporal pattern of group trips from the Shanghai household travel survey.

hai. According to the results shown in Figure 4.9, about 95% of group travellers tap

their cards within 10 seconds. Therefore, a spatiotemporal co-existence between

card holders is defined by checking if their time distance is within 10 seconds (i.e.,

TPre = 10) and if they exist at the same station. If two persons tap their cards at

the same station and within 10 seconds, there exists a spatiotemporal co-existence

between them. If two persons are inferred as having a social tie, and if their trips

co-exist at the start and end stations with each other, their trips are inferred as group

ones.

According to the results from the Shanghai household travel survey, shown in

Figure 4.10, the percentage of group trips during weekdays is 11.1%, while the per-

centage of group trips during weekends is 26.3%. Considering these, the percentage

of group trips during weekdays for group travellers GDay
Pre in April 2015 is predefined

as GDay
Pre = 11.1%, while the percentage of group trips during weekends for group

travellers GEnd
Pre in April 2015 is predefined as GEnd

Pre = 26.3%. Among 122.9 million

trips, there are 95.0 million trips during weekdays (April 1, 2, 3, 7, 8, 9, 10, 13, 14,

15, 16, 17, 20, 21, 22, 23, 24, 27, 28, 29, 30), and 27.9 million trips during week-
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ends (including a three-day public holiday, April 4, 5, 6, 11, 12, 18, 19, 25, 26). The

average number of trips per weekday is 4.5 million and that per weekend/holiday is

3.1 million. Therefore, based on the constraints of GDay
Pre and GEnd

Pre , we need to in-

fer 10.5 million and 7.3 million group trips during weekdays and during weekends,

respectively. The group trips are inferred using the comprehensive indicator based

approach. In what follows, we present the spatiotemporal patterns of inferred 17.8

million group trips.

4.3.1 Temporal pattern of group travel behaviour

Figure 4.11 illustrates the inferred temporal travel pattern, which is delineated by

aggregating the number of group/all trips at each hour using their start time. If the

number of all trips at a certain hour is less than 100, the percentage of group trips

at this hour is set as 0.0%. This treatment can reduce the biases caused by a low

number of samples. Because of this treatment, the percentages of inferred group

trips during the hours from 0:00 to 4:00 are all set as 0.0%, for the metro system is

closed during this time and generates no trip records or very a few (e.g., there are

only 23 trips at the hour 4:00, much less than 100), which might be caused by the

card uses of working staff.

The temporal pattern of inferred group trips is distinctly different with the tem-

poral pattern of all trips (shown in Figure 4.4), but is well in line with the pattern

revealed from the Shanghai household travel survey (shown in Figure 4.10). Group

percentages are much higher during weekends than those during weekdays, much

higher in the afternoons and evenings in comparison to the morning and afternoon

peak hours. Usually, group percentages reach the highest level in the (early) after-

noons. Group percentage at each hour during weekends is almost always higher

than that at each hour during weekdays. All these characteristics mentioned here

show a high level of stability across this month.

These patterns may be briefly explained by following reasons. Lower group

percentages in commuting peak times are caused by the dominance of home-to-

work travel - this kind of travel is more likely to be individualistic (Axhausen 2008,

Kim, Rasouli & Timmermans 2018). In contrast, people typically engage in leisure-
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related activities, like playing, visiting and dining out, in afternoons, evenings and

especially during weekends and on holidays. People tend to engage in these activi-

ties together with socially related persons, such as family members and friends. As

we know, the larger the volume of traffic flow, the more likely it becomes to mis-

takenly identify individual travellers, who just accidently tap cards closely after one

another, as group travellers. Being in this line, it is ‘technically’ expected to inves-

tigate higher group percentages during commuting peak times (like the rush hours

7:00 and 18:00). However, the inferred group travel behaviour pattern is against this

‘technical’ expectation, indicating the reasonableness of the proposed methods.

Besides, we have two additional findings, which have not been revealed by the

Shanghai household travel survey. First, group percentages on April 4 and 5 are the

highest across this month, indicating public holidays generate a larger amount of

group trips, even compared to normal weekends. Second, the working days before

the weekends and public holidays (i.e., April 3, 10, 17, 24, 30) have higher group

percentages in the evening hours than in the afternoon hours, while other working

days show an opposite pattern. This is because more persons prefer to do leisure-

related activities and travel in the evenings with the weekends/holidays in sight. It

should be noted that, despite April 30 is a Thursday in our data set, it is followed by

International Labour Day, which is the start of a three-day public holiday in China.

4.3.2 Spatial patterns of group travel behaviour

Figure 4.12 shows the spatial pattern of inferred group travel behaviour at the dis-

trict level. The percentage of group trips starting from a district is calculated by

summing up all inferred group trips at each district, and then being divided by the

sum of all trips at each district. The average group percentage is 15.3% (with a

standard deviation of 2.7%). Qingpu District has the highest percentage (22.9%),

while Putuo District has the lowest percentage (12.5%). There are no metro sta-

tions serving Fengxian and Jinshan districts, resulting in null data of group trips for

these two districts. Qingpu (22.9%), Jiading (16.0%) and Songjiang (17.4%) have a

higher percentage of group trips, which can be mainly caused by the fact that these

districts have a very limited amount of stations, but several of which have a high
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Figure 4.11: Temporal pattern of group travel behaviour using the trip start time.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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percentage of group trips, such as Shanghai Circuit, East Xujing and Dongjing sta-

tions. Huangpu (18.5%) is the traditional city centre of Shanghai and owns a large

number of leisure-related destinations, resulting in a high percentage of group trips.

Figure 4.12: Spatial pattern of group travel behaviour at the district level.

Figure 4.13 delineates the inferred spatial travel pattern at the line level. The

percentages of group trips starting from a line is calculated by summing up all in-

ferred group trips at each metro line, and then being divided by the sum of all trips

at each line. The average group percentage is 14.0% (with a standard deviation of

1.9%). Metro Line 10, across the central area of Shanghai, has the highest per-

centage (16.8%), while Metro Line 5, totally located in Minghang District, has the

lowest percentage (10.8%). General speaking, the lines across the central area are
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more likely to have a higher group percentage.

Figure 4.13: Spatial pattern of group travel behaviour at the line level.

Figure 4.14 shows the inferred group travel pattern at the station level. Simi-

larly, the percentages of group trips starting from a station is calculated by summing

up all inferred group trips at each metro station, and then being divided by the sum

of all trips at each station. Among all 313 stations, most of them have a group per-

centage in the range of 10.0% and 15.0%. The average group percentage is 13.8%

(with a standard deviation of 3.7%). The station Shanghai Circuit, located in the

northern part of Shanghai, has the highest percentage (39.1%), while the station

Yindu Road, located in the southern part of Shanghai, has the lowest percentage

(6.3%). Generally, stations with a high percentage have a higher possibility to be
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located in the city centre or the centres of new towns in suburban areas. In ad-

dition, they are also more likely to be close to attractions, commercial streets and

popular public facilities (e.g., sports facilities). The majority of stations with a low

group percentage is located in suburban areas, and is far away from leisure-related

facilities.

Figure 4.14: Spatial pattern of group travel behaviour at the station level.

Figure 4.15 and 4.16 show the 20 stations with the highest group percentages

(in red circle) and the 20 stations with the lowest group percentages (in blue circle).

These stations’ names and group percentages are shown in Table 4.2 and 4.3. An

area in the city centre (Huangpu District) stands out in particular for its high group

percentage (containing 5 stations with the highest percentages) (A zoomed map
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is shown in Figure 4.16). As the most popular place for leisure related activities in

Shanghai for both local citizens and visitors, this area is rich in various public facili-

ties, shops and attractions, such as People’s Square (linked with the station People’s

Square (Line 1) (11)), the famous commercial street Nanjing Road (linked with

the station East Nanjing Road (Line 2) (10)), and the attractions Yuyuan Garden

and City God Temple (near the station Yuyuan Garden (4)) and so on. The station

China Art Museum (2) is adjacent to China Art Museum itself and its surrounding

area is also a tourist attraction. The station Shanghai Circuit (1) is adjacent to the

Shanghai International Circuit, which is the place for various international/national

level races (e.g., Formula 1 Grand Prix). The station East Xujing (8) is adjacent

to Shanghai International Convention and Exhibition Centre, which is the place for

various international/national level exhibitions (e.g., Shanghai International Auto

Exhibition). The stations Dishui Lake (6) and Wild Animal Park (18) are adjacent

to their respective local attractions. The stations Dongjing (5) and Minhang Devel-

opment Zone (15) are the centres of new towns in suburban areas, where there are

also various leisure attractions, which can attract the citizens living near there.

When it comes to the stations with the lowest group percentages (e.g., Yindu

Road (-1), Pudong Avenue (-17) and South Waigaoqiao FTZ (-20)), the situation is

the opposite: they are usually far away from important leisure-related facilities, far

away from Shanghai’s city centre or the centres of new towns in suburban areas.

4.3.3 Temporal patterns of group travel behaviour at the se-

lected stations

Five stations among the 20 stations with the highest group percentages and five

stations among the 20 stations with the lowest group percentages are further selected

for better understanding the group travel behaviour patterns.

Figure 4.17, 4.18, 4.19, 4.20 and 4.21 show the temporal patterns of group

travel behaviour at five selected stations with the highest group percentages, while

Figure 4.22 shows the satellite imageries of these selected stations. In what follows,

each station is explained one by one.
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Figure 4.15: Spatial pattern of group travel behaviour at the selected stations.

Note: The number for each station represents the ranking among these stations. Shanghai
Circuit is ranked as being first place (numbered as +1) that has the highest group percentage,
while Yindu Road is ranked as being first place (numbered as -1) that has the lowest group
percentage.
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Figure 4.16: Spatial pattern of group travel behaviour at the selected stations in the central
area.

1. Shanghai Circuit (1) station (shown in Figure 4.17): Its satellite imagery

clearly shows the contour of the Shanghai International Circuit. The Circuit

is not only a large sport facility but also a popular tourism attraction. When

there is no race held here, it is open to the tourists, which can explain the

high group percentages during April 4-6, since it is a three-day public holi-

day. During April 10-12, the 2015 China Grand Prix was held on the Circuit,

resulting in high group percentages on these days. The example of Shanghai

Circuit shows the influence of a big public event on human group behaviour.

2. China Art Museum (2) station (shown in Figure 4.18): The rectangular build-
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Table 4.2: The selected 20 stations with the highest group percentages.

Rankings Names Percentages (%)

1 Shanghai Circuit 39.07
2 China Art Museum 32.73
3 Tiantong Road (Line 10) 26.21
4 Yuyuan Garden 26.04
5 Dongjing 25.37
6 Dishui Lake 25.36
7 Yuandong Avenue 22.96
8 East Xujing 22.90
9 Dongan Road (Line7) 22.87
10 East Nanjing Road (Line

2)
22.78

11 People’s Square (Line 1) 22.48
12 Jinshajiang Road (Line

13)
21.83

13 Shanghai Zoo 21.79
14 East Nanjing Road (Line

10)
21.53

15 Minhang Development
Zone

21.21

16 Dapuqiao 20.88
17 People’s Square (Line 8) 20.67
18 Wild Animal Park 20.11
19 Lingang Avenue 20.09
20 Sheshan 19.95

ing with a dark-red colour in the central part of the satellite imagery is China

Art Museum, which is famous for its collection of Chinese modern art works.

Besides the museum, there exist many shopping and catering facilities here.

This station shows high group percentages during weekends and on public

holidays, and in the afternoons and evenings. Usually group activities only

exist after the hour 12:00 on each day, which could be explained by the fact

that China Art Museum’s opening time was between the hours 10:00-18:00.

3. Dishui Lake (6) station (shown in Figure 4.19): The water body in the south-

east part of its satellite imagery is Dishui Lake, which is a popular attraction

for local citizens. Therefore, despite far away from the city centre, it still has

a high group percentage.
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Table 4.3: The selected 20 stations with the lowest group percentages.

Rankings Names Percentages (%)

-1 Yindu Road 6.31
-2 Beiqiao 6.67
-3 Chunshen Road 6.95
-4 Zhuanqiao 8.20
-5 North Waigaoqiao FTZ 8.93
-6 Hanzhong Road 9.055
-7 Pudian Road (Line 4) 9.062
-8 West Gaoke Road (Line 6) 9.15
-9 Jianchuan Road 9.42
-10 West Rail Station 9.46
-11 Shanghai Swimming Cen-

tre
9.51

-12 Panguang Road 9.71
-13 Linyi Xincun 9.76
-14 Yunshan Road 9.84
-15 Shangnan Road 9.93
-16 Wuwei Road 9.95
-17 Pudong Avenue 9.97
-18 International Passenger

Terminal
10.041

-19 Middle Chuangxin Road 10.042
-20 South Waigaoqiao FTZ 10.08

4. East Xujing (8) station (shown in Figure 4.20): The grey building in the mid-

dle of its satellite imagery is Shanghai International Convention and Exhibi-

tion Centre. During April 22-29, the Sixteenth Shanghai International Auto-

mobile Exhibition was held here. Therefore, as may be expected, high group

percentages during weekends (April 25-26) are observed. This example also

shows the influence of a big public event on human group behaviour.

5. East Nanjing Road (Line 2) (10) station (shown in Figure 4.21): As one of the

most prosperous areas in Shanghai, East Nanjing Road has a lot of commer-

cial, leisure-related facilities, which can attract a lot of group visitors. East

Nanjing Road shows a typical pattern of group trips for a commercial area:

group percentages are always higher during weekends and on holidays, in the

afternoons and evenings, and in the evenings before weekends and holidays.
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Figure 4.17: Temporal pattern of group travel behaviour at Shanghai Circuit.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.18: Temporal pattern of group travel behaviour at China Art Museum.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.19: Temporal pattern of group travel behaviour at Dishui Lake.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.20: Temporal pattern of group travel behaviour at East Xujing.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.21: Temporal pattern of group travel behaviour at East Nanjing Road (Line 2).

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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(a) Shanghai Circuit (b) China Art Museum (c) Dishui Lake

(d) East Xujing (e) East Nanjing Road (Line
2)

Figure 4.22: Satellite imageries of the selected stations with the highest group percentages.

Note: The green point represents the centre of the station, while the yellow circle illustrates
the surrounding area of the station with a buffer distance of 1 kilometre.

Figure 4.23, 4.24, 4.25, 4.26 and 4.27 show the temporal patterns of group

travel behaviour at five selected stations with the lowest group percentages, while

Figure 4.28 shows the satellite imageries of these selected stations. In what follows,

each station is explained one by one.

1. Yindu Road (-1) station (shown in Figure 4.23): Yindu Road has a very low

group percentage across this month. This is because most of group travellers

would prefer to do group activities in the city centre (e.g., Huangpu District)

or the centres of new towns in suburban areas (e.g., Minghang Development

Zone). Despite its low group percentages across this month, we can still

observe high group percentages during weekends and on public holidays.

2. West Rail Station (-10) station (shown in Figure 4.24): It is integrated with

Shanghai West Rail Station, one of the largest transport hubs in Shanghai.

There exist much fewer group activities in comparison to other stations ad-
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jacent to leisure-related areas. Interestingly, we observe high peaks of group

travel in the mornings of public holidays. This may be explained by the short-

distance group travel generated by the tourists from nearby cities, such as

Suzhou and Nanjing in Jiangsu Province.

3. Shangnan Road (-15) and Pudong Avenue (-17) stations (shown in Figure

4.25 and 4.26, respectively): There are no large public facilities located here,

which can attract group travellers. Besides, they are relatively close to the city

centre, the citizens live near these stations may prefer to do group activities

in the city centre.

4. South Waigaoqiao Free Trade Zone (FTZ) (-20) station (shown in Figure

4.27): It mainly serves Waigaoqiao FTZ, which is the first and largest FTZ in

China. Most users of South Waigaoqiao FTZ station are those who work in

this FTZ, and thus their travel is dominated by the commuting purpose. As a

result, they generate a low percentage of group trips.

For the temporal patterns of the remaining 30 stations with the highest/lowest

group percentages, please refer to Appendix B.

4.3.4 Relationship between group travel behaviour and land

uses

From the analysis above, it is easy to demonstrate group travel behaviour is greatly

influenced by the land uses surrounding the metro stations. This section further

examines the relationship between group travel behaviour and land uses from a

quantitative perspective.

POIs (point of interests) represent geographical point locations that are of in-

terest or useful to people (e.g. tourism attractions or restaurants) (Hu et al. 2015).

This term usually refers to the places like hotels, parks and stations in a navigation

system such as Google Map. In this chapter, POIs crawled from the Internet are

used to represent the land uses in Shanghai. This is because, in general, POIs can

well represent the urban functions in cities. Besides, the official land use data are not
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Figure 4.23: Temporal pattern of group travel behaviour at Yindu Road.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.24: Temporal pattern of group travel behaviour at West Rail Station.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.25: Temporal pattern of group travel behaviour at Shangnan Road.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.26: Temporal pattern of group travel behaviour at Pudong Avenue.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure 4.27: Temporal pattern of group travel behaviour at South Waigaoqiao Free Trade
Zone.

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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(a) Yindu Road (b) West Rail Station (c) Shangnan Road

(d) Pudong Avenue (e) South Waigaoqiao FTZ

Figure 4.28: Satellite imageries of the selected stations with the lowest group percentages.

Note: The green point represents the centre of the station, while the yellow circle illustrates
the surrounding area of the station with a buffer distance of 1 kilometre.

publicly available in Shanghai. What is more, there are no suitable volunteered ge-

ographic data sources that can be used in the Shanghai case. For example, although

OpenStreetMap (https://www.openstreetmap.org/) can provide land use data, the

map service is not frequently used and edited in China, and thus this would result

in a relatively low-quality of the geographic data from OpenStreetMap.

The POIs within a buffer distance of 1,000 metres from each metro station

in Shanghai are crawled using the public available APIs (Application Program-

ming Interface) of Gaode Map (https://lbs.amap.com/), which is one of the largest

map service providers in China. The one-thousand-metre distance is considered as

the buffer distance, for it is a widely accepted distance that people are willing to

walk instead of using other motorised transportation modes (Millward et al. 2013,

Sugiyama et al. 2019). Therefore, by considering this buffer distance for crawling

POIs, it is possible to capture the characteristics of the surrounding built environ-

ment, which is accessible for walking. The data quality of POIs is ensured through
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manual check about randomly selected POIs (Liu & Long 2016). In total, there are

about 1.03 million POIs obtained for all 313 metro stations. The POIs in Gaode

Map are initially classified according to commercial uses. In order to reflect the

land uses in a better way, the POIs are recategorised into ten types, shown in Table

4.4. Among 1.03 million POIs, the number of different types of POIs is diverse:

there are about 136 thousand POIs typed as ‘companies and business’ (accounting

for 13.2% of the total POIs), while there are only 14 thousand POIs typed as ‘health

care services’ (accounting for 1.4% of the total POIs).

Table 4.4: Categories of POIs crawled from Gaode Map in Shanghai.

Categories of POIs Number of POIs

Catering places 115,637
Companies and business 135,994

Education and research institutes 31,660
Government agencies and social organisations 18,092

Health care services 14,203
Leisure and sports services 23,357

Others 412,320
Residences 27,671

Shopping places 209,131
Transport facilities 42,959

Total number of POIs 1,031,024

To demonstrate the relationship between group travel behaviour and land uses,

the correlation coefficients between the percentages of group trips and the percent-

ages of different types of POIs are tabulated. Pearson coefficient is a linear cor-

relation measure between two variables (Pearson 1895, Stigler 1989). Its value is

between -1 and +1. The value -1 shows a total negative linear correlation, the value

+ 1 shows a total positive linear correlation, and the value 0 represents no linear

correlation.

The corresponding correlation coefficients are presented in Table 4.5. Results

show that the ‘leisure and sports services’ POIs are positively related to group travel

behaviour. This may be explained by the fact that group travellers would have a

strong preference to do leisure-related activities (e.g., visiting attractions or doing

sports) together. There is a strong positive correlation between group trip percent-
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ages and ‘transport facilities’ POIs, which may be caused by that the areas attract-

ing a larger number of group trips also have a higher transport accessibility. The

‘education and research institutes’ POIs are also positively related to group travel

behaviour. This may because students and young people have a higher tendency

to engage in group behaviour than other population types (Zhang et al. 2018, Tian

& Zheng 2019). The ‘health care services’ and ‘companies and business’ POIs are

negatively related to group travel behaviour. This is mainly because there are far

fewer people that engage in group activities surrounding the health care facilities or

working areas, and thus their influence is significantly negative. The correlation co-

efficient analysis generally is in line with our understanding: group travel behaviour

is greatly influenced by the land uses surrounding the metro stations and widely ex-

ists in the stations that are close to leisure-related facilities and education-related

institutes.

Representing land uses using POIs may also affect the outcome of the correla-

tion coefficient analysis. For example, despite the result suggests a positive relation-

ship between group travel behaviour and ‘shopping places’ POIs, the relationship

is not significant. This may be caused by the fact that ‘shopping places’ POIs not

only consist of some large shopping centres that may attract more persons engaging

in group activities, but also contain a number of convenience stores that may attract

more persons, who just buy things individually. In the future study, it would be

worthwhile testing different land use data to reveal the relationship between group

travel behaviour and land uses.

4.4 Conclusion

At first, this chapter applies the comprehensive indicator based approach in the

Shanghai case using the smart card data generated by Shanghai’s metro system.

Results show that, the inferred group trip percentages are much higher during week-

ends and on public holidays than during weekdays, much higher in the afternoons

and evenings in comparison to the morning and afternoon commuting peak hours.

The working days before the weekends and public holidays have higher group per-
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Table 4.5: Estimation results of correlation coefficient analysis.

Categories of POIs Coefficients Significance level

Catering places 0.008 0.883
Companies and business -0.094 0.096∗

Education and research institutes 0.120 0.035∗∗

Government agencies and social or-
ganisations

-0.020 0.728

Health care services -0.156 0.006∗∗∗

Leisure and sports services 0.212 0.000∗∗∗

Others -0.083 0.142
Residences -0.059 0.296
Shopping places 0.060 0.294
Transport facilities 0.176 0.002∗∗∗

Note: Significance levels (2-tailed): ***p = 0.01, **p = 0.05, *p = 0.10.

centages in the evening hours than in the afternoon hours, while other working

days show an opposite pattern. From a spatial perspective, the stations with high

group percentages are more likely to be located in the city centre or the centres of

new towns in suburban areas and more likely to be close to attractions, commercial

streets and popular public facilities. The public big events also have a great influ-

ence on group activities. The correlation analysis between group travel behaviour

and land uses surrounding metro stations also reveals similar results. All these

inferred characteristics are well in line with the characteristics revealed from the

Shanghai household travel survey or is able to be reasonably explained, indicating

the workability of the proposed indicator and methodological framework.

There are some limitations for the Shanghai case study. Due to the data pro-

tection issue, the spatial pattern of group travel behaviour is not available from

the Shanghai household travel survey. This makes it impossible to directly use the

household travel survey to evaluate the group travel pattern in space revealed from

smart card data. Besides, the Shanghai case fails to reveal the group travel behaviour

of bus passengers. It is worthwhile investigating group travel behaviour in the bus

context by using the smart card data in other cities, which are able to accurately

provide start and end spatiotemporal information of bus trips. This case also has

not analysed the group size, which is used to describe the number of travellers in
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a group. It is complicated to investigate and evaluate the characteristics of group

travel behaviour in different group sizes, but it is interesting to do this analysis, if

there are suitable data and methods in the future.



Chapter 5

The London Case Study: Group

Travel Behaviour of International

Students

5.1 Introduction

Chapter 4 has compared the group travel behaviour patterns revealed from smart

card data with those revealed from the household travel survey. If we obtain the

smart card data of a certain number of individuals, as well as knowing their social

networks, it is also possible for us to understand group travel behaviour in a different

way. To achieve this goal, however, is very challenging. Due to privacy issues,

smart card data, provided by the public transit operating companies in most cities

(e.g., London, Shanghai and Singapore), are anonymised. This means it is unlikely

to identify a specific person from smart card data, and then know the card holder’s

social network by asking them directly. The identification of a specific person may

also be illegal and not allowed by the operating companies or by the government,

for it is of a high risk to invade personal privacy. At the same time, card holders

usually have no access to their personal smart card data with detailed recordings

about where and when they travel. This means that even it is possible to obtain

a card holder’s social network, his or her smart card data are still difficult to be

obtained directly.
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Despite these difficulties, it has the possibility to obtain smart card data and

the card holders’ social network information simultaneously in the London case.

The Oyster card is a plastic smart card used on London’s public transport. After

registering the Oyster card online, although most users do not avail themselves of

this service, the card holder is able to obtain various benefits by managing his or her

account online. For example, the card holder can top up the Oyster card easily, or

get a refund if the Oyster card is stolen or lost. Besides, card holders can see up to

eight weeks’ journey history, which can be downloaded as a csv (comma-separated

value) text file. A csv file is a delimited text one that uses commas to separate

values in a row. Each row of a csv file is a record, consisting of some fields that are

separated by commas. It can be used with most spreadsheet/database applications

such as Excel and processed by many programming languages such as Python.

After obtaining the smart card data of a certain number of the Oyster card

holders, a social network survey can be conducted to collect their social relationship

information. Note that the selected card holders should be the frequent users of

the Underground, because the smart card data generated by the Underground have

the start/end times and the start/end stations of a trip. Taking the smart card data

generated by London buses as an example, there is no information about where a

card holder gets on and off a bus, and thus these data are not able to be used in this

analysis.

In the London case, international postgraduate students enrolled in the pre-

sessional language courses of King’s College London (KCL or King’s for short),

are selected as participants. There are mainly two reasons for this choice. First,

most of the students enrolled in the pre-sessional language courses are international

students, who have never lived in London before. Thus, most of their existing social

ties are in their own countries, and thus they are more likely to build and maintain

new social ties with their classmates in London. Second, the majority of these

students live in the university provided accommodation, which is far away from

their campus but easily accessed by the metro system. Therefore, most of them

travel across London using the London’s metro system, generating a large number
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of valid smart card records.

This chapter aims to provide a case study of London using smart card data

and social network survey from some international postgraduate students studying

at KCL. At first, the general spatiotemporal patterns of group travel behaviour of

students are explored. Then, a data mining based approach is adopted to classify

social ties among these students.

After this introduction, Section 5.2 presents a description about the study area,

participants and data, followed by an exploration of group travel behaviour of stu-

dents in London in Section 5.3. Section 5.4 classifies social ties among students

using a data mining approach. A conclusion and discussion are shown in Section

5.5.

5.2 Study area, participants and data

5.2.1 Study area

5.2.1.1 London

London (shown in Figure 5.1), or Greater London, is the administrative authority

of the city proper. It stands on the River Thames. London has a total area of 1,583

square kilometres. Its estimated municipal population in 2016 was 8.79 million

(Office for National Statistics 2018). If the outer metropolitan area is included,

the population rises to nearly 15 million. London is often considered as a leading

global city that has a considerable impact upon many domains, like arts, finance,

education, entertainment, fashion, tourism and transport (Forbes 2014).

5.2.1.2 London’s public transport

London has a well-developed and extensive transport network. According to the

report ‘Travel in London’, released by Transport for London (TfL) in 2016, about

45% of trips were serviced by public transport (Transport for London 2018a). The

London Underground, or the Tube, has a 150-year history of development, making

it the oldest transit system in the world (Transport for London 2018b). Currently,

the system has 11 lines and carried 1.357 billion passengers in 2017 (Transport
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Figure 5.1: London’s location in the UK and its map.

for London 2018a). Figure 5.2 shows London’s tube and rail system. Stations

are densely distributed in Central London, which is conveniently connected to the

suburban areas by a lot of public transit lines.

5.2.1.3 London’s high education

London owns one of the largest higher education concentrations and one of the

largest populations of overseas students in the world. London is home to more than

100,000 oversea students (The Official London University Guide 2018). Because

of KCL’s outstanding reputation for its teaching and cutting-edge research, many

international students choose to study at this university.

KCL consists of five campuses: its historic Strand Campus in Central Lon-

don, three other Thames-side campuses (i.e., Guy’s, St Thomas’ and Waterloo) and

one in Denmark Hill in South London. Every year, KCL’s Residences provide ac-

commodation to over five thousand residents across a number of locations in Lon-

don. Particularly, according to the university’s policy, international postgraduates

are guaranteed a place in residences for their first year of study.

Opened in September 2015, Angel Lane (the address is Stratford, London E15
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Figure 5.2: London’s tube and rail system.

Note: The map is from the TfL’s website. For a high-resolution map, please visit
https://tfl.gov.uk/maps.

1BL) is a student residence, which offers about eight hundred beds for students,

making it one of the largest student accommodation provided by KCL (King’s Col-

lege London 2018). Although Angel Lane is far away from Central London as well

as from KCL’s campuses, it just requires a five-minute walk to Stratford metro sta-

tion, offering an easy commute to all KCL’s campuses. Figure 5.3 shows KCL’s

campuses and residences (King’s College London 2017). Strand Campus (the ad-

dress is Strand, London, WC2R 2LS), as KCL’s main campus, is located in the

figure’s centre, while Angel Lane is located in the figure’s northeast part. The par-

ticipants in this study are international postgraduates enrolled in the King’s pre-

sessional language courses. Most of them live in Angel Lane, and commute to the

Strand Campus by tube/metro. Detailed explanations about participants are shown

in the following sub-section.
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Figure 5.3: Spatial distribution of KCL’s campuses and residences.

5.2.2 Participants

Every year, KCL provides pre-sessional language courses, which are designed for

international students that need to meet the language requirement, in order to study

a postgraduate degree programme (MA, MSc, LLM, MPhil/PhD) at KCL or another

UK university. The students enrolled in the KCL’s pre-sessional language courses

are ideal for the London case, mainly due to the following two reasons. First, as

international students, most of them have never visited or lived in London before,

and thus they have a high possibility to build new social ties with their classmates,

rather than with local citizens in London. Most of the members of a student’s social

network would be his or her classmates. In other words, it is more likely to obtain a

full picture of a student’s social network by enrolling the participants belonging to

the same study programme. Second, most of them live in Angel Lane and commute

to Strand Campus, which means they will travel by tube and generate enough valid



5.2. Study area, participants and data 137

smart card data to support our study. If we randomly enrol Oyster card holders

over London as participants, they are very likely to be strangers with each other.

These participants will have an extremely low likelihood to have repeated multi co-

existences with other participants. Therefore, it is better to enrol the participants

that belong to the same social network. There are some similar studies that have

enrolled participants from a same organisation when inferring social networks from

co-existences. For instance, in the semantic work conducted by Eagle et al. (2009),

they inferred friendships from co-existences using mobile phone data of 94 users.

Among these users, 68 are academic colleagues that work in the same university

building, while the remaining users are the students that study at the business school

of the same university.

There are also many other universities in London that provide pre-sessional

language courses. However, they are not very suitable to be selected as the study

area or at least not better than KCL. Taking University College London as an ex-

ample, the majority of the students enrolled in the pre-sessional language courses

live in the university-provided residences, like Ifor Evans Hall (the address is 109

Camden Road, London, NW1 9HZ) or Langton Close (the address is Gray’s Inn

Road, London, WC1X 0HD). They take their courses in UCL’s main campus (the

address is Gower Street, London, WC1E 6BT). The students live in Ifor Evans Hall

usually commute to the main campus by Bus Line 29 or 253. As mentioned earlier,

the bus smart card data are not able to be used in this study, because they contain

no information about where the card holders get on and off the buses. The students

live in Langton Close only need a ten-minute walk to the main campus, and thus

generate much fewer smart card data.

This study enrolled some participants, who feel comfortable to provide per-

sonal travel histories that generated by their Oyster card uses as well as their per-

sonal social relationships with other participants. The Oyster card data are used to

measure spatiotemporal co-existences and infer group travel behaviour, while the

data obtained by using a questionnaire survey are used to obtain the information of

the participants’ social network information.



5.2. Study area, participants and data 138

Specifically, I went to King’s Strand Campus and Angel Lane Accommodation

to find the potential participants. The data collection about smart card data and

social network information was approved by the UCL Research Ethics Committee

(Project ID number: 11737/001). The information sheet and consent form were

given to the students. It was up to the students to decide whether to take part or not.

5.2.3 Data

5.2.3.1 Data collection

If the students agree to attend the study, they, at first, will receive an introduction

about how to register their Oyster cards at the TfL’s website (https://tfl.gov.uk/).

After registration, they are able to access their personal journey histories from their

online account. Then, participants are requested to download their travel histories

from the TfL’s website, and send them to the author via E-mail. Participants are

asked to send their data month by month. The time period covered by travel histories

may vary for different participants, caused by the different time when they join the

study. It generally lasts about 12-14 weeks. Besides, participants also need to fill a

simple online questionnaire survey to evaluate their social relationships with other

participants, who are in the same pre-sessional language courses.

The Oyster card data used in this chapter only contain some basic travel infor-

mation: the start/end times and tube/overground/rail stations. Sensitive information

is not included, such as Oyster card ID and total balance etc. A unique identifier

will be used to distinguish between participants, and no name, or Oyster card ID is

associated or stored with the participant’ travel histories. Results of the data anal-

ysis only appear in the PhD dissertation and future publications, but will not be

shared with third parties. No explicit description of the participants’ movements

and relationships will be published.

5.2.3.2 Smart card data

A standard Oyster card, shown in Figure 5.4, has a size similar to a credit card.

A passenger is able to tap his or her card on a reader for the purpose of entering

and exiting the public transit system. Since its first introduction of Oyster cards in
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2003, more than 86 million cards have been issued in London (Transport for London

2018c).

Figure 5.4: A picture about the Oyster card and its typical use.

Note: The picture is from https://tfl.gov.uk/fares-and-payments/.

After registering the card online, the card holder can see up to eight-week

journey histories. The card holder can also have the journey histories emailed to

him or her on a weekly or monthly basis. Due to this advantage, the smart card data

generated by the Oyster card holders can be collected regularly and automatically.

Figure 5.5 shows the journey histories from the author’s personal account. It clearly

shows that personal journey histories can be viewed and downloaded as a csv or pdf

format.

The original smart card data were collected during June and October 2017 in

KCL. The data set contains 18,904 smart card records, generated by 148 students. It

covers a time period of May 20 and October 7, 2017, but most records (18,723 trips,

accounting for 99.0% of total records) were generated during June and September,

2017.

At the beginning, the data set is pre-processed based on the following steps:

1. All non-travel records were deleted. For example, there are 1,702 records

that record the time stamp for the card holder’s top-up action, 21 records that

record the information about ‘pay as you go balance adjusted’, and 19 records

recording the card holder’s automated refund action.

2. All trips without appropriate spatiotemporal information were deleted. For
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Figure 5.5: An example of journey histories from the author’s personal account.

example, all bus trips (the record number is 3,132) were deleted. 95 trip

records that have no information about the touch-in or touch-out actions were

also excluded.

3. The trips generated between June 20 (Tuesday) and September 17 (Sunday)

(i.e., the data set covers 90 days) were selected. Despite different students ar-

rived at London on different days, and also ended their courses with a slightly

different time, most students came to London around June 20, two days be-

fore their formal start of their language courses (i.e., June 22). Most of the

students, if passing their language courses, started their formal master pro-

grammes on September 18, 2017.

After the above three-step pre-processing, the data set contains 12,765 trips

generated by 128 students. The average number of trips for each student is

99.73, with a standard deviation of 47.70.

4. The frequent public transit users were selected. In this study, the students,

who perform more than 90 valid trips during the analytical time period, are
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defined as the frequent public transit users. In other words, the average num-

ber of trips for a student equals to or larger than 1 trip per day. This selection

can exclude non-frequent public transit users, which may not be suitable to

infer their social ties and group travel behaviour based on spatiotemporal co-

existences.

5. The frequent public transit users, who have also successfully filled the social

network survey, were selected. Section 5.2.3.3 illustrates the details about

how to conduct social network survey.

The pre-processed smart card data set contains 8,670 trips in total, generated

by 71 students. There are 167 tube/overground/national rail stations visited by these

students. Figure 5.6 shows the spatial travel pattern using the start station (left sub-

figure) and the end station (right sub-figure). Both of two sub-figures demonstrate

that most of trips are generated in Central London, such as in Westminster and

City of London. A small number of trips have been generated in suburban areas,

such as the trips starting from Heathrow Airport Terminals, which are located in

the London’s very west part. The stations Stratford, Temple and Holborn have

the largest number of trips. Particularly, the station Stratford is very close to the

university accommodation Angel Lane, where most of students live, while Temple

and Holborn are the closest stations to KCL’s Strand Campus. The stations Waterloo

and London Bridge also have a relatively higher number of trips, because some of

lectures were also given in the KCL’s campuses near these two stations: the station

Waterloo is close to KCL’s Waterloo Campus, while the station London Bridge is

close to KCL’s Guy’s Campus.

Figure 5.7 shows the spatial travel flows in London (left sub-figure) and in a

small area (right sub-figure), which illustrates the spatial pattern more clearly by

zooming into the surrounding area of KCL’s Strand Campus and students’ main

accommodation Angel Lane. We can easily find that most of the flows with more

than 5 trips start or end at Stratford, which is the closest station to Angel Lane. The

stations Holborn and Temple, as the closest stations to KCL’s Strand Campus, also

have a large number of traffic trips. Particularly, the flow between Stratford and
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Figure 5.6: Spatial travel pattern in London.

Note: The left sub-figure represents the pattern based on the start stations, while the right
one represents the pattern based on the end stations.

Holborn as well as the flow between Stratford and Temple have the highest number

of trips. This flow pattern clearly reflects the daily routine of students’ commuting

behaviour. Note that, different with Figure 5.6, Figure 5.7 calculates the trip number

for each station using both the trip start and end stations, considering the trip number

in the London case is very small, especially compared to the Shanghai case. In other

words, if a station has a trip departing from it and has a trip arriving at it, then it is

counted as having two trips. This can provide a different view to show the spatial

travel pattern over stations.

Figure 5.8 presents the trip number at the day level during June 20 and Septem-

ber 18, 2017. Results show that there exists a week rhythm of travel behaviour: a

higher travel demand during weekdays and a lower travel demand during weekends.

Usually, the travel demand on Saturdays is a bit higher than that on Sundays. This

reflects the study rhythm: they need to commute to the university for study during

weekdays. During 5 and 17 September, the travel pattern of students is less regular,

compared to their typical pattern, for the pre-sessional language courses have been

finished and students do not need to commute regularly during this time period.

Figure 5.9 shows the travel pattern at the hour level. The majority of students

has their first class at the hour 9:00, resulting in the highest travel demand at the

hour 8:00, when students commute to the Strand Campus. The remaining students

have their first class at the hour 12:00, which results in the second highest travel
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Figure 5.7: Spatial travel flows

Note: The left sub-figure shows the flows in London, while the right one shows the flows in
a small area of Central London.

Figure 5.8: Temporal travel pattern at the day level.

Note: 20 June, 2017 is Tuesday, while 17 September, 2017 is Sunday.
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demand at the hour 11:00, when students also commute to the Strand Campus.

The students, who have their first class at the hour 12:00, finish their class at the

hour 16:00, which causes the third highest travel demand at the hour 16:00, when

students commute to their accommodations. Students have their tutorials in the

afternoon, but their tutorial time varies greatly. As a result, the time back to their

accommodations varies between the hours 12:00 and 18:00, resulting in a slightly

higher travel demand during these hours.

Figure 5.9: Temporal travel pattern at the hour level.

5.2.3.3 Social network survey

Besides collecting smart card data, an online questionnaire survey is also conducted

to obtain the students’ social network information. The questionnaire survey con-

tains only one question:

Please tick the names which you think belong to your friends in the pre-

sessional language courses.

The online questionnaire survey lists all the names and class numbers of par-

ticipants, after obtaining their permission. The respondents only need to tick the
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name(s) of their friends. For example, if a respondent thinks a name is his or her

friend’s, he or she just ticks the friendship option. The default relationship between

the respondent and other participants is non-friendship.

Social ties between students will emerge and evolve dynamically over the study

time period. Considering this, the survey was conducted in early September, 2017,

when most of the students have a relatively stable social network with their class-

mates. In total, there are 118 students participating in the social network survey.

Some of these students do not meet the requirement after the smart card data pre-

processing discussed in Section 5.2.3.2. For instance, some of them are not frequent

public transit users. Finally, the 71 students’ smart card data and their social net-

work information are obtained. These data will be used in the following analysis.

Figure 5.10 shows the direct social network of students according to their social

ties. A direct edge from person A to B means person A regards B as his or her friend.

In other words, from the view point of person A, there exists a social tie between

A and B. Among 71 students, there are 335 direct edges in total. 67 students have

a direct social tie with at least one student, while the remaining 4 students do not

have any social tie. The direct network diameter is 8. The direct average length of

the shortest paths is 3.35, indicating that, in average, a student can know another

student with the help of additional two or three students. The direct graph density

is 0.067, indicating the network is far from being complete. From Figure 5.10, it is

easy to identify some students with a high social popularity, like Student 189, 213,

132 and 133. At the same time, the figure also shows some students with a very low

level of social popularity, like Student 61, 77, 125 and 139.

Table 5.1 presents the basic information of the social networks. The average

indegree, outdegree and degree are 4.72, 4.72 and 9.44, respectively. Among 71

students, Student 189 has the highest value of indegree (14) and degree (23), while

Student 213 has the highest value of outdegree (13). These facts show their popu-

larity in the whole network. Four persons (i.e., students 61, 77, 125 and 139) are

reported as having no social ties with any other students. This might imply they

have faced some potential social support issues, such as loneliness or isolation. It is
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Figure 5.10: Direct social network of students according to their social ties.

Note: The node size represents the node’s degree: as the increase of the node size, the
node’s degree becomes larger.

the first time for most of these international students come to London, and they have

to build social ties with those, who have never known with each other before. Some

of them might face difficulties to build new social ties. Particular attention might

be needed for these students. Student 189 has the highest value of betweenness

centrality, indicating he or she is the most frequently appeared one on the shortest

paths of the network.

Figure 5.11 further gives a visualisation of five selected students, who have

the highest degrees among 71 students. The figure shows two types of social re-
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Table 5.1: Descriptive statistics of the direct network’s basic information.

Measure Indegree Outdegree Degree Closeness Betweeness

Mean 4.72 4.72 9.44 0.27 137.79
Std 3.13 3.29 5.61 0.11 149.81
Min 0.00 0.00 0.00 0.00 0.00
25% 3.00 2.00 6.00 0.25 12.58
50% 4.00 4.00 8.00 0.30 91.13
75% 7.00 6.00 12.00 0.35 185.81
Max 14.00 13.00 23.00 0.40 643.48

lationships: symmetric or asymmetric. If two students think they are friends with

each other, they have a symmetric social relationship and are regarded as symmetric

friends. If only one of two students think they are friends, they have an asymmetric

social relationship and are regarded as asymmetric friends. If none of two students

think they are friends, they are regarded as non-friends (Eagle et al. 2009). Taking

Student 189 as an example, his or her degree is 23, including 14 for indegrees and

9 for outdegrees. Students 198, 7, 50, 27, 65, 200 and 13 are his or her symmetric

friends. The remaining are student 189’s asymmetric friends. In particular, Student

189 thinks 110 and 74 are his or her friends (the opposite is not right), while 25, 60,

72, 43, 213, 148 and 18 think 189 is their friend.

Among 71 students, they form 117 asymmetric friendships and 109 symmetric

friendships. Persons have different understanding about the definition of friend-

ships or about their relationships with each other. Therefore, it is difficult to give

a definitive answer that, to what extent, the relationship between two persons can

be regarded as friendship. To avoid this issue, the London case focuses on sym-

metric friends. In other words, all relationships between students are divided into

friendships (i.e., symmetric friendships) and non-friendships. The latter includes

the asymmetric friendships and non-friendships.

Figure 5.12 presents the undirected social network based on the students’ sym-

metric friendships. An edge between person A and B represents they are symmetric

friends. In other words, both of them think they are friends with each other. Among

71 students, there are 113 edges in total. 62 students have a symmetric social tie
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(a) Student 189 (b) Student 7

(c) Student 213 (d) Student 133

(e) Student 67

Figure 5.11: Selected top 5 students that have the highest degrees according to their direct
social ties.

Note: The node size represents the node’s degree: as the increase of the node size, the
node’s degree becomes larger.
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with at least one student, while the remaining 9 students do not have any symmetric

friends. The network diameter is 10, indicating that the longest graph distance of

any two students is 10. The average length of the shortest paths is 4.24, indicat-

ing that, on average, a student can know another student with the help of additional

three or four students. The graph density is 0.044, indicating the network is far from

being complete. From Figure 5.12, it is easy to identify some students with a high

social popularity, like Student 133, 213 and 189. At the same time, the figure also

clearly shows some students with a very low level of social popularity, like Stu-

dent 139, 5, 77 and 43. We also find some interesting friend clusters, for instance,

Student 106, 101 and 102 have formed a small social group, implying they have a

strong social interactions within the group.

Figure 5.12: Undirected social network of students according to their symmetric friend-
ships.

Note: The node size represents the node’s degree: as the increase of the node size, the
node’s degree becomes larger.

Table 5.2 presents descriptive statistics of the undirected network’s basic in-

formation. Since the network based on symmetric relationship is an undirected
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network, there is no information about the indegree and outdegree. The mean val-

ues of degree, closeness and betweenness are 3.07, 0.25 and 78.21, respectively.

The student with a highest degree (9) is Student 133, while there are 9 students who

has a 0 degree: they are 5, 107, 1, 185, 82, 125, 77, 139 and 61. Student 135 has the

highest value of betweenness centrality, indicating he or she is the most frequently

appeared student on the shortest paths between students.

Table 5.2: Descriptive statistics of the undirected network’s basic information.

Degree Closeness Betweeness

Mean 3.07 0.25 78.21
Std 2.29 0.18 111.78
Min 0.00 0.00 0.00
25% 2.00 0.19 0.00
50% 3.00 0.23 17.67
75% 4.00 0.29 114.93
Max 9.00 1.00 465.07

5.3 Group travel behaviour of students in London
From the questionnaire survey, we know if two students are symmetric friends or

not. If two students are symmetric friends, and if they have trips, which show

spatiotemporal co-existences at both the start and end stations, then these trips are

identified as group ones.

In the original data set, the start and end times of a trip only have the hour

and minute information but not the second information. For instance, if a person

taps the card at 18:12:06 or 18:12:59, the corresponding smart card record is always

shown as 18:12:00, namely, the temporal information at the second level is missing.

Considering the data limitation in the London case, the temporal proximity can only

be measured based on the hour and minute information. In this context, 0 minute

is intuitive to be the best time interval to define the spatiotemporal co-existence.

Here, 0 minute represents the time difference between two persons is 0 minute. For

example, if two persons both tap their cards at 11:12:00, then their time difference

is 0 minute.
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1 minute, however, may also be a suitable option. Considering the situation

shown in Figure 5.13, the real time difference between person B and C (2 seconds)

can be smaller than the real time difference between person A and B (58 seconds),

even though the B and C’s recorded time difference (1 minute) is larger than B and

C’s recorded time difference (0 minute). This illustrates the suitability of the choice

of 1 minute.

Figure 5.13: An example of the time differences between persons.

Therefore, in this chapter, four scenarios will be considered when identifying

group travel behaviour. Four scenarios and their identified results are described as

follows.

1. Scenario00. Two trips, conducted by two symmetric friends, start and end at

the same stations. If the time difference between their start times is 0 minute,

and the time difference between their end times is also 0 minute, then these

two trips are identified as group ones. In total, among 8,670 trips, 2,050 group

trips are identified, accounting for 23.6% of the total trip number.

2. Scenario01. Two trips, conducted by two symmetric friends, start and end at

the same stations. If the time difference between their start times is 0 minute,

and the time difference between their end times is 1 minute, then these two

trips are identified as group ones. In total, 2,158 group trips are identified,

accounting for 24.9% of the total trip number.

3. Scenario10. Two trips, conducted by two symmetric friends, start and end at

the same stations. If the time difference between their start times is 1 minute,



5.3. Group travel behaviour of students in London 152

and the time difference between their end times is 0 minute, then these two

trips are identified as group ones. In total, 2,227 group trips are identified,

accounting for 25.7% of the total trip number.

4. Scenario11. Two trips, conducted by two symmetric friends, start and end at

the same stations. If the time difference between their start times is 1 minute,

and the time difference between their end times is also 1 minute, then these

two trips are identified as group ones. In total, 2,397 group trips are identified,

accounting for 27.6% of the total trip number.

The scenarios are called based on their adopted time intervals. Scenario00

represents the pattern generated by adopting 0 minute as the criterion for measuring

the time difference between the start (and end) times. It is easy to recognise that

the number of identified group trips gradually increases as the increase of the time

difference used to define spatiotemporal co-existences. The following sub-section

gives a further description of the spatiotemporal patterns of the identified group

travel behaviour.

5.3.1 Spatial patterns of group travel behaviour

This subsection explores the spatial pattern of group travel behaviour of sample

students. The pattern is mainly delineated according to the percentage of group

trips, which is defined as the ratio of group trips among all trips at a particular

station. Figure 5.14 uses Scenario00 as an example to show the group travel pattern

at the station level. To better visualise the pattern, only the stations that have more

than 100 trips are visualised.

Stratford has a high group percentage, because the majority of students lives

near this station and frequently commutes between this station and the KCL’s cam-

puses. Temple, Holborn and Chancery Lane stations have high group percentages.

These three stations are the nearest ones to KCL’s Strand Campus. The high per-

centages are expected to be generated by the students’ regular commuting (shown

in Figure 5.15).

The station Waterloo (Jubilee Line) has a high group percentage, mainly be-



5.3. Group travel behaviour of students in London 153

cause it attracts the students’ commuting to KCL’s Waterloo Campus. This can also

be proved by the fact that Waterloo (Jubilee Line) has a much higher group percent-

age (23.4%) than that of Waterloo (London Underground/National Rail), which has

a percentage of 8.5%. Note that Waterloo (London Underground/National Rail) has

only 94 trips, and thus has not be shown in Figure 5.14. As we can see from Fig-

ure 5.16, the suggested route from Stratford to KCL’s Waterloo Campus by Google

Map is from the station Stratford to the station Waterloo (Jubilee Line), because

these two stations are directly linked by the Jubilee line and thus has the shortest

travel time. Most of students would exit from Waterloo (Jubilee Line) rather than

Waterloo (London Underground/National Rail), when travelling from Stratford to

KCL’s Waterloo Campus. Interestingly, the station London Bridge (London Under-

ground), which is very close to KCL’s Guy’s Campus does not show a very high

group percentage. This might be explained that fewer students commute to the

Guy’s Campus for class compared to KCL’s Strand Campus and Waterloo Campus.

The station Leicester Square also has a relatively high group percentage

(24.2%), which might be explained that it is the station closest to China Town.

As a result, it can attract group activities of Chinese students, who form the major-

ity of students in the pre-sessional language classes. The station Aldgate East has a

low group percentage (3.3%), for it is not close to KCL’s Strand Campus, the Angel

Lane accommodation, and some leisure-related places.

Figure 5.17 and Figure 5.18 present the group travel patterns at the station

level in four scenarios. Figure 5.17 shows, in Scenario00, the station Stratford has

the largest number of group trips, followed by the station Temple, which has only

a half number of group trips compared to Stratford. The station Holborn has the

third highest number of group trips. Despite the station Chancery Lane is also very

close to the KCL’s Strand Campus, fewer group trips are generated there. Figure

5.18 shows some stations have a high group percentage, such as Leicester Square,

Stratford and Temple. From both figures, we can see that the spatial patterns of

group travel behaviour are generally stable, although the group travel percentages

at almost all stations increase, as the increase of the time interval from 0 to 1 minute.
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Figure 5.14: Spatial pattern of group travel behaviour at the station level in the Scenario00.

Note: Each number represents a station: 1 - Aldgate East; 2 - Chancery Lane; 3 - Holborn;
4 - Leicester Square; 5 - London Bridge (London Underground); 6 - Stratford ; 7 - Temple;
8 - Tottenham Court Road; 9 - Waterloo (Jubilee Line).
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(a) Temple

(b) Holborn

(c) Chancery Lane

Figure 5.15: The suggested walking routes from Temple, Holborn and Chancery Lane sta-
tions to KCL’s Strand Campus by Google Map.
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Figure 5.16: The suggested routes from Stratford to KCL’s Waterloo Campus by Google
Map.

(a) Scenario00 (b) Scenario01

(c) Scenario10 (d) Scenario11

Figure 5.17: Number of group trips at the station level in four scenarios.

Note: Each number represents a station: 1 - Aldgate East; 2 - Chancery Lane; 3 - Holborn;
4 - Leicester Square; 5 - London Bridge (London Underground); 6 - Stratford ; 7 - Temple;
8 - Tottenham Court Road; 9 - Waterloo (Jubilee Line).
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(a) Scenario00 (b) Scenario01

(c) Scenario10 (d) Scenario11

Figure 5.18: Percentages of group trips at the station level in four scenarios.

Note: Each number represents a station: 1 - Aldgate East; 2 - Chancery Lane; 3 - Holborn;
4 - Leicester Square; 5 - London Bridge (London Underground); 6 - Stratford ; 7 - Temple;
8 - Tottenham Court Road; 9 - Waterloo (Jubilee Line).

5.3.2 Temporal patterns of group travel behaviour

Figure 5.19 and Figure 5.20 present the group travel patterns at the day level. Figure

5.19 shows Tuesday has the highest group trip number. Saturday and Sunday have

the lowest group trip number. In general, the group trip number decreases from

Tuesday to Sunday. Figure 5.20 shows, from four scenarios, Tuesday has the high-

est percentage, while Saturday has the lowest percentage. The group percentage

decreases from Tuesday to Saturday. The percentages during weekdays are higher

than those during weekends. The main reason for these patterns is that students tend

to do group travel behaviour during weekdays rather than during weekends. These

patterns show a different characteristic compared to that generated by the metro

smart card data of the whole population. Both figures suggest the temporal patterns

at the day level in four scenarios show a stable trend.
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(a) Scenario00 (b) Scenario01

(c) Scenario10 (d) Scenario11

Figure 5.19: Number of group trips at the day level in four scenarios.

Note: Number 0 represents Monday, while 6 represents Sunday.

Figure 5.21 and Figure 5.22 show the temporal patterns of group travel be-

haviour at the hour level. Figure 5.21 shows the hours 8:00, 11:00 and 16:00 have

the highest number of group trips. These hours are also the commuting peak times

for students. Figure 5.22 shows the hour 8:00 has the highest group percentage, for

many students might commute to school together with their classmates, who are

usually their roommates. The hours, such as 11:00, 12:00, 15:00 and 16:00, also

have a high group percentage, for these times are the commuting peak times or close

to the commuting peak times for students. Note that the group percentages between

the hours 14:00 and 18:00 are relatively high but much lower than the hour 8:00.

This is because the tutorials are usually arranged in the afternoons. As a result,

students do not immediately leave the Strand Campus, and thus generate a similar

group percentage pattern across these hours and a lower group percentage than the

hour 8:00. Both of the hours 7:00 and 9:00 have very low percentages, which might
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(a) Scenario00 (b) Scenario01

(c) Scenario10 (d) Scenario11

Figure 5.20: Percentages of group trips at the day level in four scenarios.

Note: Number 0 represents Monday, while 6 represents Sunday.

be caused by some students, who go to the campus very early or very late. The

temporal patterns at the hour level in four scenarios also show a stable trend. The

stability of the spatiotemporal patterns of group trips implies the analysis’s reason-

ability.

5.4 A data mining approach to inferring friendships
Previous sections have illustrated how to infer group travel behaviour using two

data sources: 1) smart card data that provide the information about spatiotemporal

co-existences; and 2) a questionnaire survey that provides the social network infor-

mation. If two students treat each other as friends, and if they depart from the same

station and time, and arrive at the same station and time, they are identified as group

travellers and their corresponding trips are identified as group ones.

Given the data permission, it is easy for us to obtain a large smart card data

set (e.g., millions of trips generated by a large number of card holders), but it is
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(a) Scenario00 (b) Scenario01

(c) Scenario10 (d) Scenario11

Figure 5.21: Number of group trips at the hour level in four scenarios.

(a) Scenario00 (b) Scenario01

(c) Scenario10 (d) Scenario11

Figure 5.22: Percentages of group trips at the hour level in four scenarios.
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very unlikely to obtain their social networks using the questionnaire survey method.

Therefore, we need to find an efficient way to infer social ties and then group travel

behaviour.

In this section, ‘how to infer group travel behaviour’ is based on the spatiotem-

poral co-existences among travellers using smart card data. This question is further

transferred into ‘how to infer social ties’ using smart card data. The smart card data

provide the spatiotemporal information that can be used to identify spatiotemporal

co-existences between any pair of students. The characteristics of spatiotemporal

co-existences can be measured by some co-existence based indicators, such as rich-

ness and diversity. These indicators can further be used as features to classify social

ties, using a data mining based approach. The classification results are able to be

evaluated by using the social network survey that provides the information about

whether there exists a social tie between two travellers.

5.4.1 Data preparation

In data mining, the features (or indicators) richness, length and diversity of co-

existences will be included. We also consider the influence of different temporal

scales (such as the month, day and hour levels) on indicators. These considerations

will enrich the indicators used in the data mining analysis. The used indicators are

shown as follows:

1. Spatial richness of co-existences SR.

2. Spatial length of co-existences SL.

3. Spatial diversity of co-existences SD.

4. Temporal length of co-existences at the month level ML, defined as the total

amount of unique months when the co-existences are distributed. In other

words, the maximum number of months equals to 4, for the data set here

covers four months (June - September 2017).

5. Temporal diversity of co-existences at the month level MD.
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6. Temporal length of co-existences at the day level DL, defined as the total

amount of unique days across a week when the co-existences are distributed.

Therefore, the maximum number of days equals to 7.

7. Temporal diversity of co-existences at the day level DD.

8. Temporal length of co-existences at the hour level HL, defined as the total

amount of unique hours across a day when the co-existences are distributed.

Here, the maximum number of hours equals to 24.

9. Temporal diversity of co-existences at the hour level HD.

For the detailed mathematical expressions about these features, please refer to

Section 3.4.

Theoretically, 71 students can generate 2,485 student-pairs. The values of all

features for each student-pair can be calculated using smart card data. Besides, the

result of social network survey reveals that 113 student-pairs are regarded as having

a social tie of friendship (in the label ‘1’) and the remaining 2,372 pairs are regarded

as having a social tie of non-friendship (in the label ‘0’). After combining feature

values and friendship information, we have prepared the data for further mining

tasks.

5.4.2 Data pre-processing for data mining: feature selection

Some of the proposed nine features (indicators) would be redundant with each other.

For example, both of the features ML and DL are the ones used to measure the length

of co-existences in time, despite they are at the month and day levels, respectively.

Therefore, to avoid the potential redundancy, it is worthwhile selecting a subset of

features that are most suitable to be included in the formal process of data mining.

Feature selection also have some other benefits such as simplifying the classification

model and improving the model’s performance (James et al. 2013, Yan & Zhang

2015).

The Selectkbest method is adopted here to achieve the goal of finding the best

number of features. It works by giving a χ2 score to each feature, and then selecting
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a specific number of features with the highest scores by defining K value. The func-

tion is provided by Scikit-learn. Figure 5.23 shows all features’ scores, which are

sorted descendingly. Note that, the p-values for all features are smaller than 0.001,

indicating the results are statistically significant. The feature HD has the highest

score, followed by DD and HL. There exists a drastically decrease of the scores

between DL and ML, and indicating ML (and SL) has a much lower score. Based

on this, one reasonable way is to select seven features and exclude ML (temporal

length of co-existences at the month level) and SL (Spatial length of spatiotemporal

co-existences) in the following data mining process.

Figure 5.23: χ2 scores for all features.

5.4.3 Classify friendships using four data mining models

Based on the selected seven features, we further infer social relationships between

71 students using four data mining methods, namely, Decision Trees (DT), Logis-

tic Regression (LR), Random Forests (RF) and Support Vector Classifier (SVC).

Detailed explanations about these models, especially the hyperparameters, can be

found at Section 3.6.3.
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5.4.3.1 Parameter setting

A 5*2 nested cross-validation with a GridSearchCV process is adopted for each

model, namely, it consists of 5 outer CVs and 2 inner CVs. This is one of the typical

values used for nested cross-validation (Raschka 2018). Two strategies are adopted

to deal with the data imbalance issue: 1) during the data split of the CV process,

a stratified approach is used so that each fold contains a similar proportion of the

majority and minority classes; and 2) for each model, the parameter class weight

is set as balanced so that the minority class will receive a higher weight during

classification.

The parameter param grid, which is the set of hyperparameter values that need

to be tested, in GridSearchCV for each model is set and shown in Table 5.3. For the

Decision Trees model, there are three hyperparameters in consideration, namely,

criterion, max depth and max f eatures. Two values are considered for the hyper-

parameter criterion, namely, gini and entropy. Similar explanations can be given

to other hyperparameters in each model.

The test values in param grid are chosen mainly via referring to some exist-

ing studies (Geysen et al. 2018, Deshwal & Sharma 2019, Aamir & Zaidi 2019).

It is also inspired by the default values provided by Scikit-learn. For example,

n estimators in the Random Forests model is set as 100 in default. Thus, the values

surrounding the default value (i.e., 50, 100, 150 and 200) are chosen. Besides, con-

sidering the computational cost, a limited number of test values has been selected

and some hyperparameters that may not have a great impact on model performance

are not considered. Usually, no more than four values are considered for each hy-

perparameter (e.g., max depth and kernel).

5.4.3.2 Results

To receive a more reliable result, we run the nested cross-validation process 100

times. For each run, the original data will be splitted into 5*2 folds, and all four

models will be evaluated simultaneously. This simultaneity ensures that these mod-

els will be evaluated and compared based on the same data split.

Figure 5.24 shows the performance of four models in 100 runs, measured by
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Table 5.3: The setting for the parameter param grid for each model.

Models param grid

DT criterion: [gini, entropy]; max depth: [5, 10,
15, None]; max f eatures: [auto, log2]

LR penalty : [l1, l2]; C: [0.1, 1, 10, 100]
RF n estimators: [50, 100, 150, 200]; criterion :

[gini, entropy]; max depth: [5, 10, 15, None];
max f eatures: [auto, log2]

SVC C: [0.1, 1, 10, 100]; gamma: [1, 0.1, 0.01,
0.001]; kernel: [linear, rb f ]

Note: DL (Decision Trees), LR (Logistic Regression), RF (Random
Forests), SVC (Support Vector Classifier).

accuracy, F1, precision and recall. For accuracy, Random Forests performs better

than other models: it has an average accuracy of 97.11%, with a standard deviation

of 0.19% (shown in Figure 5.25 and Table 5.4). Decision Trees’ accuracy is slightly

lower than Random Forests: it has an average accuracy of 95.93%, with a stan-

dard deviation of 0.35%. Random Forests also performs best in terms of precision

(71.50%) and F1 (67.00%) scores. Support Vector Classifier has the lowest level of

accuracy (88.36%), F1 (41.06%) and precision (27.34%).

The performance of Logistic Regression and Decision Trees is usually between

Random Forests and Support Vector Classifier. Decision Trees’ performance in 100

runs is similar with that of Random Forests, but at a slightly lower level. Random

forests uses a number of decision tree classifiers to control over-fitting and improve

the predictive accuracy, thus, to some extent, it is reasonable that it has slightly

higher scores than the Decision Trees classifier.

Table 5.5, 5.6, 5.7 and 5.8 show the t-test results between measure values for

four models. It shows all results are statistically significant at a level of 0.001,

indicating their performance is statistically different with each other.

As mentioned in Section 3.6.4, F1 is chosen as the main indicator to evaluate

the performance of four models. Based on this, Random Forests is regarded as

the best model in the London case. It also has the highest values of precision and

accuracy. Support Vector Classifier is not a recommended model in this case study,
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due to its low performance.

The average F1 score of Random Forests for 100 runs is 67.00%, with a stan-

dard deviation of 1.78% (shown in Figure 5.25 and Table 5.4). The average value

is not high, but generally, could be reasonable. This result indicates a data mining

based approach has the potential to predict friendships between persons, based on

their information about spatiotemporal co-existences.

(a) Accuracy (b) F1

(c) Precision (d) Recall

Figure 5.24: Model performance in 100 model runs.

Note: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests), SVC (Support
Vector Classifier).

5.5 Conclusion
This chapter provides a case study of London using smart card data and social net-

work information of students. The original smart card data were collected between

June and September 2017 in King’s College London. Besides, an online question-

naire survey was also conducted to obtain the social network information among

these students.
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(a) Accuracy (b) F1

(c) Precision (d) Recall

Figure 5.25: Boxplots of four measures for four models.

Note: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests), SVC (Support
Vector Classifier).

Table 5.4: Statistical results of four measures for four models.

DT LR RF SVC

Mean Accuracy(%) 95.93 91.62 97.11 88.36
Std Accuracy 0.35 0.24 0.19 0.89
Mean F1 57.11 49.21 67.00 41.06
Std F1 2.74 0.78 1.78 2.06
Mean Precision 56.82 34.23 71.50 27.34
Std Precision 3.80 0.72 2.83 2.18
Mean Recall 59.80 88.45 64.67 86.66
Std Recall 3.21 0.95 2.63 1.97

Note 1: Mean represents the average value and Std represents the value of standard
deviation.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests), SVC

(Support Vector Classifier).
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Table 5.5: Results of t-test of accuracy scores between four models.

DT LR RF SVC

DT 101.84 -29.47 78.94
LR -101.84 -178.62 35.19
RF 29.47 178.62 95.73
SVC -78.94 -35.19 -95.73

Note 1: All values have a significance level (2-tailed) of 0.001.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests),

SVC (Support Vector Classifier).

Table 5.6: Results of t-test of F1 scores between four models.

DT LR RF SVC

DT 27.80 -30.30 46.89
LR -27.80 -91.78 37.02
RF 30.30 91.78 95.42
SVC -46.89 -37.02 -95.42

Note 1: All values have a significance level (2-tailed) of 0.001.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests),

SVC (Support Vector Classifier).

Table 5.7: Results of t-test of precision scores between four models.

DT LR RF SVC

DT 58.40 -30.97 67.29
LR -58.40 -127.62 30.00
RF 30.97 127.62 123.65
SVC -67.29 -30.00 -123.65

Note 1: All values have a significance level (2-tailed) of 0.001.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests),

SVC (Support Vector Classifier).

Table 5.8: Results of t-test of recall scores between four models.

DT LR RF SVC

DT -85.47 -11.73 -71.26
LR 85.47 85.00 8.18
RF 11.73 -85.00 -66.92
SVC 71.26 -8.18 66.92

Note 1: All values have a significance level (2-tailed) of 0.001.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests),

SVC (Support Vector Classifier).
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In terms of the spatial group travel pattern, Stratford, Temple and Holborn

stations have very high group percentages, which may be caused by the students’

regular commuting. The station Leicester Square also has a relatively high group

percentage, which may be explained that it is the station closest to China Town. As

a result, it can attract group activities of Chinese students that form the majority

of students in the pre-sessional language courses. For the temporal group travel

pattern, the percentages during weekdays are higher than those during weekends.

The hours like 8:00, 11:00, 12:00, 15:00 and 16:00 have a high group percentage,

for these hours are the students’ commuting peak times or close to the commut-

ing peak times. In general, all the spatiotemporal patterns in four scenarios show a

stable trend, indicating the reasonability of the revealed patterns of group travel be-

haviour. Four models have been applied here to classify social ties. Random Forests

performs best in the London case: it also has the highest value of F1, precision and

accuracy, compared to other models. The classification task shows a data mining

based approach has the potential to be used to classify friendships by combining the

smart card data and social network information.

There are some limitations for the London case analysis. First, the data set

used is not accurate enough to reflect the temporal proximity of travellers at the

second time level. This creates some biases for identifying group travellers. For

example, the revealed group percentage using one minute to define spatiotemporal

proximity is expected to be much higher than that using the second information such

as 10 seconds, despite the revealed group travel patterns would be generally con-

sistent with each other. Second, group travel behaviour analysis only considers the

trips of symmetric friends but ignores those of asymmetric friends. This may result

in the failure to capture the group travel behaviour of asymmetric friends. On the

other hand, it should also be careful when analysing the group travel behaviour of

asymmetric friends, for the results may have a greater level of biases than those of

symmetric friends. Third, this study fails to capture the group travel behaviour us-

ing the travel mode bus, which is one of the most frequently used modes in London.

This failure is caused by the characteristics of the London’s smart card data. Finally,
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the data used in data mining are greatly imbalanced, which might cause some poten-

tial issues to the data mining based analysis, such as the difficulty of evaluating the

performance of data mining models. This work can be improved by solving these

mentioned issues, like by considering the group behaviour of asymmetric friends or

collecting a better social network survey to increase the data quality.



Chapter 6

The Changsha Case Study: Group

Eating Behaviour of University

Students

6.1 Introduction

To some extent, a typical Chinese university looks like ‘a small town’ in terms of its

size of area and population, as well as its function. In some universities, such as the

Central South University that will be discussed in this chapter, thousands of students

study and live in the same campus. Most of their daily activities (e.g., studying, en-

tertaining and shopping activities) happen in the campus and its surrounding areas.

Main travel modes are walking or cycling for students. Also, it is natural that major

social networks of college students are formed and maintained in the university.

Smart card technology has been widely applied in education around the world.

This is true in China as well. Nowadays, almost all Chinese universities have

adopted the smart card system to support the campus management. Usually, every

student owns one smart card, which is not only a unique identifier for the purpose of

personal identification, but also has various functions: 1) a smart card can be used to

access facilities in campus, like lecture halls, computer rooms, libraries, and sport

facilities; 2) it has the cashless payment function for cafeterias, vending machines

and shops; 3) it can be used to borrow and return books from/to the library; and 4)
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it can be used for the printing and photocopying services (Wikipedia 2019).

This chapter provides an analysis of group eating behaviour using the student

smart card data from the Central South University in Changsha, China. Different

with the previous two cases that are conducted in the public transit context, this

case focuses on group eating behaviour in a special urban context, namely, in the

university canteens. The former context has been widely analysed by numerous

studies in the domain of geography and transport, while the latter one is almost

ignored by existing studies.

A smart card data set and a social network survey covering 169 students are

the main data sources used in this chapter. A smart card record presents a payment

for buying food in the university canteen. Therefore, smart card data can reflect

the students’ food consumption activities. If two persons buy food together in a

canteen, we assume they also eat together in the same canteen. In other words, they

perform group food consumption activities or group eating behaviour. Despite, in

reality, some students with a social tie may buy food together but eat individually,

most of them will buy and then eat together, based on the author’s field observation

and personal study experience in Chinese universities.

For the details of the analysis, at first, the characteristics of group eating be-

haviour of 169 students are explored. Then, a data mining based approach is used

to classify social ties among these students. This is the first analysis that aims to

explore the group eating behaviour in the context of the university campus with a

big smart card data set.

After this introduction, Section 6.2 describes the study area and data, followed

by an explanation of data pre-processing in Section 6.3. Section 6.4 presents the

results of data pre-processing. The characteristics of group eating behaviour of 169

students are presented in Section 6.5. Section 6.6 classifies social ties among stu-

dents using a data mining based approach. And finally, a conclusion and discussion

are given in Section 6.7.
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6.2 Study area and data

6.2.1 Study area

Changsha is the capital and most populous city of Hunan Province, China. It covers

about 12 thousand square kilometres and had about 7 million residents, constitut-

ing 10.7% of the province’s total population in 2010 (Hunan Provincial Bureau of

Statistics 2011). Central South University, situated in Changcha, is a leading uni-

versity in Hunan Province. Figure 6.1 shows the Main Campus’s location of Central

South University. The university has an area of 3.9 square kilometres. It consists

of five campuses in total, namely, the Main Campus, South Campus, New Campus,

Rail Transit Campus, and Xiangya Medical Campus. The campus boundaries are

delineated using green lines in Figure 6.2. Currently, the university has over 55

thousand full-time students, including over 34 thousand undergraduates, 20 thou-

sand postgraduates and nearly one thousand international students (Central South

University 2018).

6.2.2 Data

6.2.2.1 Social network survey

The author co-works with an academic staff working at the School of Computer

Science, Central South University for this case study. He provides the support for

conducting the social network survey. During the time period of November - De-

cember 2017, the author conducted a social network survey to collect students’

social relationship information. All participants are the third-year undergraduates

enrolled in the Computer Science and Technology programme, at the School of

Computer Science, Central South University.

There are three main reasons to choose them as the participants. First, the

presented study is supported by the academic staff working at the school. Therefore,

finding participants from this school is more convenient compared with from other

schools. Second, these students were in their first-year study during September

and December 2015, which is the time period covered by the smart card data used

in this chapter. Therefore, we can obtain the social network information for card
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Figure 6.1: The location of Central South University in Changsha.

Note: The base map is from Google Map (http://www.google.com/maps/).

holders recorded by the smart card data set - this is unlikely to be achieved if the

students in other grades are chosen, like in their first or second year of study. Third,

since the students enrolled in the same programme are more likely to build social

ties with their classmates, it is closer to obtain the full picture of the students’ social

networks, compared with randomly selecting the participants from different schools

of the University.

The questionnaire survey contains only one question, shown as follows:

Please write down the names of your friends at the School of Computer Sci-

ence, during September and December 2015.

The respondents need to recall their social ties that existed two years ago. This

is a very large time gap. In order to mitigate the recall error, all respondents are
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Figure 6.2: The distribution of Central South University’s campuses.

Note: The basemap is from the University’s official 3D web map (the website is
http://map.csu.edu.cn/).

required to write down no more than five names of their friends. Besides, lim-

iting the number of friends can reduce the respondent’s burden (Kim, Rasouli &

Timmermans 2018). The number 5 is a reasonable value after discussing with the

collaborator, but other values may also be suitable. A larger value is able to cap-

ture a larger social network of a student but may also introduce a higher level of

recall error, while a smaller number can mitigate the recall error but may fail to

capture a student’s social network with a reasonable size, which is closer to his or

her complete social network.

This social network study has been approved by the UCL Research Ethics

Committee (Project ID number: 11737/002). I directly distributed the questionnaire

surveys (including information sheets and consent forms) to the students. The total

number of students enrolled in the Computer Science and Technology programme

is over 200. Initially, we obtained the feedbacks from 182 respondents. A high

feedback ratio is mainly caused by the support of my collaborator. After deleting

some invalidated questionnaire surveys (e.g., the friends of some respondents have

transferred from the School of Computer Science to another school), the obtained
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social network contains the answers from 169 respondents. In the following analy-

sis, these 169 students are sometimes called as ‘sample students’ for convenience.

Figure 6.3 shows the social network’s structure of sample students. A node’s

size is its weighted degree and the curved line between two nodes represents a social

link between two students. A thicker line has a weight 2, while a thinner line has

a weight 1. The colour of a node represents the community that the node belongs

to. The figure shows some nodes have a higher weighted degree, representing the

fact they are more important or popular in this social network. The nodes having

the same colour belong to the same community. The communities are identified

using the community detection algorithm provided by the Gephi software. In terms

of parameter setting in the Gephi context: 1) a randomised process is considered so

that it can produce a better community division; 2) the edge weight is considered;

and 3) the resolution, which can affect the number of detected communities, is set

as 1.0, which is a widely used value in detecting communities (Chaturvedi et al.

2012, Heymann & Le Grand 2013, Dhawan & Singh 2016). Technical explanations

can be found at the software’s website (https://gephi.org), or from Blondel et al.

(2008) and Lambiotte et al. (2015). In total, nine communities are identified. The

modularity value equals to 0.756, which is close to the maximum value 1, indicating

a relatively good performance of community detection. The students belonging to

the same community may be more likely to be classmates, roommates, or friends

that have a higher frequency of communication.

These respondents generate 462 social ties: the weights of 204 edges are 2,

while the weights of the remaining are 1. As discussed in the London case, if the

weight between two respondents is 2, this means they regard each other as friends.

They are defined as symmetric friends. If the weight between two respondents is

1, it means only one of them regards another one as his or her friend, and they

are defined as asymmetric friends. Among 169 students, there are 204 pairs of

symmetric friends and 258 pairs of asymmetric friends. Similar to the London case

analysis, this chapter focuses on the analysis of symmetric friends.
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Figure 6.3: Social network structure of sample students.

6.2.2.2 Smart card data

The collaborator provides the student smart card data and help do some data pre-

processing that are necessary to anonymise the data. The anonymised student smart

card data are authorised to be used for research purpose. The original data set is

stored and analysed at the collaborator’s laboratory. The author is able to analyse

the pre-processed data.

The student smart card data set contains 72,299 records, generated by 169

students, and covering an academic semester (from 1 September to 23 December

2015, i.e., 113 days). Students use their smart cards for various purposes, such as

entering the libraries and teaching buildings, but all the obtained records contained

in the data set reflect students’ consumption behaviour at the university’s canteens.

A typical canteen in a Chinese university is very different from that in the

United Kingdom. Since, in China, most of students live in the university’s cam-

puses, the canteens need to provide a large amount of cooked food for these stu-
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dents (as well as the staff working in the university), usually three times a day. As a

result, the canteens in a Chinese university are very large in terms of floor areas and

crowded during eating peak times, such as the hours 7:00, 11:00 and 17:00. When

it comes to the universities in the United Kingdom, many students may not live in

the university’s campuses and are also more likely to cook meals by themselves. As

a result, the canteens in UK universities may mainly provide lunches for students

and are with a much smaller floor area.

Table 6.1 shows several examples of student smart card records. The attributes

contained in smart card records and their basic characteristics are described as fol-

lows:

1. Record ID, a unique ID of a smart card record.

2. Card ID, an anonymised card ID for each student. This chapter assumes that

each student has only one student card. This is reasonable since a student

is only authorised to have one card according to the university’s policy. The

average number of smart card records for each student is 427.80 (i.e., 3.79

times per day), which clearly demonstrates the high frequency of card usage

in the context of a Chinese university.

3. Time Stamp, the accurate time for each smart card record.

4. POS ID, the ID of a point of sale (POS) machine, where a student uses his

or her card. A POS machine is a device used to process card payments at

retail locations. It has many functions, such as checking if the money in the

customer’s account is sufficient, transferring the money from the account of a

customer to the account of a seller, and recording the customer’s transactions.

In total, there are 104 POS machines revealed from this smart card data set.

Each canteen contains a certain number of POS machines, each of which

has a specific function. For example, one POS machine may be used for the

purpose of buying main food, while another one may be used for buying main

dishes or snacks.
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5. Building ID, the ID of a building, where a student uses his or her card. In

total, there are 12 buildings revealed from this data set. Each building may

consist of several canteens. For example, a three-floor building may have

three canteens, each of which is located on a different floor. Section 6.3 will

develop a method to find out the clusters of POS machines. Each cluster can

be regarded as a proxy for a canteen.

6. Cost, the amount of money a student consumes for a smart card use. The unit

is Chinese Yuan (i.e., Renminbi or RMB in short). One British Pound (i.e.,

1 GBP) equals to 8.7 Yuan on January 5, 2019 (based on the exchange rate

information from the website www.x-rates.com). For example, in the first

row of Table 6.1, a student with a Card ID 50448 consumes 0.70 Yuan (i.e.,

equals to 0.08 GBP). Based on the field observation in Central South Uni-

versity as well as the author’s study experience in Chinese universities, this

consumption is most likely to be used for buying cooked rice, with a weight

of 100 - 200 grams. The average cost for each record is 2.96 Yuan, with a

standard deviation of 3.43 Yuan. The prices in the university canteens are

very cheap, mainly because the canteens have received substantial financial

subsidies from the government. As requested, the prices are needed to be

strictly kept at a low level. During the time period of September - December

in 2015, all of these students spent about 271,079.68 Yuan in total on food

consumption.

Table 6.1: Examples of student smart card records.

Record
ID

Card
ID

Time Stamp POS
ID

Building
ID

Cost (unit:
Yuan)

4467980 50448 2015/9/6 12:07:36 9 265 0.70
9090373 51060 2015/10/28 11:54:11 7 261 0.60
5423825 51094 2015/9/4 17:39:39 17 262 2.50
14314842 52524 2015/10/30 16:53:50 42 254 0.80
12035262 52548 2015/9/19 11:50:41 23 273 1.50

Figure 6.4 presents the record number at the day level. The number of smart
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card records increases from 1 to 30 September, since this time period is the begin-

ning of the academic semester, students come back to the university and consume

at the university’s canteens. There is a low peak of food consumption during 1-7

October, which is a seven-day national holiday. During this time period, many stu-

dents choose to leave the university and do some leisure activities, like excursions

or shopping activities. For other time periods, the number of smart card records

generally shows a weekly rhythm: a higher number of smart card records during

weekdays and a lower number during weekends. This pattern is generated by the

fact that most of students choose to consume at the university’s canteens when they

have classes during weekdays, while a lot of them choose to eat outside the univer-

sity, when they have no classes during weekends and have more leisure time. This

weekday/weekend rhythm is similar to that in the London case.

Figure 6.4: Number of smart card records at the day level.

Figure 6.5 presents the number of smart card records at the hour level. It

clearly shows there exists a very higher number of smart card records at the hour

11:00, followed by the hours 17:00, 12:00, 18:00 and 7:00. Most students choose

to have lunch, dinner and breakfast during these hours, respectively. This pattern

is generated by the fact that these hours are usually the times, when students finish

their classes and go to consume at the canteens. The eating behaviour pattern is

distinctly different with the travel behaviour pattern revealed from the Shanghai

case.

Figure 6.6 presents the number of smart card records at different buildings.
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Figure 6.5: Number of smart card records at the hour level.

Building No.254, with a number of over 50 thousand records, is the dominant place

for food consumption. When it comes to other buildings, they generate very few

smart card records, such as Building No.256 and NO.260. Due to privacy issues and

data availability, there is no background information about each building, such as

their accurate spatial locations, their internal decorations or their surrounding built

environment. Therefore, it is difficult to give more descriptions about the eating

behaviour that exists in each building. However, the spatial pattern tells us there is

a preference for students to choose where to eat. The difference in the number of

smart card records might be caused by the factors, like the quality of service, the

taste and variety of food as well as the canteen’s size and decoration etc.

Figure 6.7 presents the number of smart card records at different POS ma-

chines. The average number of smart card records for each POS machine is 695.18.

The standard deviation is 632.14, indicating a high variance. The POS machine

No.88, with a number of over 4 thousand records, is the dominant machine for food

consumption. However, some POS machines (e.g., from No.75 to 85) have very
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Figure 6.6: Number of smart card records at different buildings.

few smart card records, indicating a limited usage of these machines.

6.3 Data pre-processing
The student smart card data have very different characteristics. Before being used

for further analysis, here, several methods are proposed to pre-process the data.

Considering these methods specifically work in the Changsha case, they are not

presented in Chapter 3.

6.3.1 Identify the clusters of POS machines as locations

In this thesis, the basic idea to understand group behaviour is based on the spa-

tiotemporal co-existences between persons: if two persons have a higher number

of co-existences, there exists a higher likelihood that they are socially related and

conduct group behaviour. The time stamps contained in the student smart card data

are able to provide temporal information, but there are no attributes that are suit-

able to reflect the spatial proximity of students. Two attributes in smart card data

can reflect spatial information of food consumption activities: the ID of a building

(Building ID) and the ID of a POS machine (POS ID). However, it is difficult to
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Figure 6.7: Number of smart card records at different POS machines.

Note: The y axis shows the original IDs of POS machines, and thus the largest ID is 115,
rather than the number of POS machines (i.e., 104).
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directly use them to measure spatial proximity that is meaningful to infer social

ties. There are two reasons that can mainly explain this difficulty. At first, students

involved in group activities usually buy food in the same canteen, rather than in

different canteens. A building may contain several canteens: a three-floor building

may have three canteens, each of which is located on a different floor. As a result,

all these canteens have the same Building ID, and thus cannot be distinguished with

each other, if only based on Building ID. In other words, even if students tap their

smart cards in the same building, it is still difficult to know whether they are in the

same canteen. Second, students involving in group activities are likely to tap their

cards at different POS machines in the same canteen. Since we do not know the

proximity of POS machines only based on POS ID, it is also unlikely to evaluate

whether two students that tap their cards at different POS machines show a spatial

proximity.

Therefore, for the data pre-processing, the first task is to identify the locations

that can be used to reflect the spatial proximity of students’ eating behaviour. If

we assume that the students, who tap their cards at the same canteen, show a spa-

tial proximity with each other, the aim of the data pre-processing is to identify the

location that can be regarded as a canteen. In particular, a location (or a canteen)

consists of a certain number of POS machines.

To achieve this objective, a method is proposed here to identify the clusters

of POS machines as locations. The POS machines inside the same location can

be regarded as being spatially close to each other. A location here is regarded as

a proxy of a canteen. Before introducing this method, a basic description of food

consumption behaviour is necessary to be explained here.

In the food consumption context of a university canteen in China, usually a

POS machine is used for a specific purpose. For example, in a typical canteen,

there will be one to two POS machines used for buying main food (in most cases, the

main food is cooked rice, followed by noodle in China), and several POS machines

used for buying dishes. A dish is a specific food preparation that is ready to eat.

Sometimes, there are also one to two POS machines for buying snacks and drinks.
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Typically, a student needs to tap his or her card several times to finish his or her

food consumption activity: one tap for buying main food, one tap for buying a few

dishes, and optionally one tap for buying snacks or drinks. Figure 6.8 shows a

process of typical food consumption behaviour.

Figure 6.8: Typical food consumption behaviour.

Most of students go to one canteen at a time, and generate several smart card

uses at different POS machines in the same canteen for food consumption within a

relatively short time interval. This fact implies a clue to identify the clusters of POS

machines with a spatial proximity. If a student taps a card at a POS machine, and

continuously taps the card at a different POS machine within a relatively short time

interval (e.g., 45 seconds), it is likely that he or she just buys the main food for the

first card use and then buys several dishes for the second card use. Correspondingly,

the two POS machines should be spatially close to each other. In other words, it

is unlikely to generate two card uses within a short time interval and with a long

spatial distance. In this situation, we say these two POS machines are spatially

linked. From a social network perspective, an edge is generated by the student’s

smart card uses between these two POS machines.

The POS machines in the same canteen will be more likely to be linked with

each other. Based on large quantities of smart card data, the edges with a weight

between POS machines can be generated. Then, it is possible to find out some

clusters of POS machines, using some methods in social network analysis. The
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POS machines in a cluster can be regarded as being spatially located in the same

canteen. A cluster consists of several POS machines that are spatially close to each

other is regarded as a canteen (or a location).

In what follows, the detailed process about how to identify the clusters of POS

machines as locations is explained.

1. A student smart card data set is used to identify the clusters of POS ma-

chines as locations. If two POS machines are continuously tapped by the

same student and the time difference between two taps is smaller than a cer-

tain threshold T Loc1 (e.g., 3 minutes), then they are identified as having a

link between them. Here, each POS machine is regarded as a node. The link

between two POS machines indicates an evidence that they are spatially close

to each other. A higher number of links between two POS machines indicates

a higher possibility that they have a spatial proximity or are located within

the same canteen.

The time difference T Loc1 is used to eliminate the links generated by two

taps that clearly belong to two different food consumption activities. For

example, given a student, the last tap of his or her food consumption activity

in a noon (e.g., at the hour 12:00) at a POS machine and the first tap of his

or her food consumption activity in a following evening (e.g., at 18:00) at

another POS machine are two continuous smart card uses. However, the two

POS machines are not regarded as having a link between them, because the

time difference between the student’s two continuous smart card uses is much

larger (e.g., 6 hours) than an empirically acceptable value. The student may

have the lunch in a canteen and then have the dinner in another canteen.

2. We store the time difference of each link as the link’s attribute. For example,

if the time difference between two POS machines is 10 seconds, then it is

stored as an attribute of the link.

3. After obtaining all links, we analyse the distribution of time differences and

then determine a suitable time difference T Loc2 (e.g., 2 minutes) to find out
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the links that are the best to imply a spatial proximity between POS machines.

In this chapter, the determination is based on the probability distribution of

time differences. We delete the links, which have a time difference larger than

T Loc2.

4. If there exist more than one link between two POS machines, all links are

aggregated into one edge with a weight, which equals to the number of links.

Besides, from a social network perspective, each edge is undirected here,

since the direction of the edge is not needed in this analysis.

5. Some methods (e.g., community detection algorithms or a simple criteria of

nearness) can be used to detect the clusters of POS machines. Given a simpli-

fied example here, there is one edge with a total weight of 100,000 existing

between POS machines A and B; one edge with a total weight of 1,000 that

exists between POS machines B and C; and one edge with a total weight of

1,000 that exists between POS machines C and A. If we set the rule as: POS

machines show a spatial proximity if they have more than 10,000 links (i.e.,

the total weight number). Based on this, we find A and B have a spatial prox-

imity, and thus the cluster of them is defined as a canteen. POS machine C is

relatively far away from A and B (perhaps in another building, or in the same

building but on the different floor).

After identifying these locations, it will be easy for us to measure the spatial

proximity between students: if two students tap their cards at any POS machines

that belong to the same location, they are identified as having a spatial proximity.

Figure 6.9 shows the process of identifying the clusters of POS machines as

locations. An undirected edge exists between two POS machines, if there are con-

tinuous smart card uses of a student from one POS machine to another within a short

time interval. The edge’s weight equals to the number of smart card uses. Network

properties reflect the structure of spatial interactions among POS machines. By us-

ing the methods in social network analysis, all POS machines can be divided into

several communities. Figure 6.9c illustrates the four communities detected from a
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network. A community has relatively dense connections within itself and thus is

defined as a location.

Figure 6.9: The process of identifying the clusters of POS machines.

A modularity based community detection algorithm will be adopted to identify

the clusters of POS machines as locations. Specifically, from the student smart

card data, an undirected network summarising the number of links as the weighted

edges will be created. Then, the community detection algorithm is used to identify

locations. Detailed explanation about the algorithm is available in Chapter 3.

6.3.2 Identify food consumption activities

A student usually needs to use his or her smart card several times to conduct a food

consumption activity. He or she may need one card use (i.e., one card transaction)

for buying main food (e.g., cooked rice), one card use for buying several dishes

(e.g., vegetables and meat), and sometimes an extra card use may be needed for

buying drinks and snacks. Before analysing group activities of food consumption,

it is necessary to identify food consumption activities, each of which will consist of

one to several smart card records.

In this sub-section, a method is developed to identify food consumption activ-
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ities. The basic idea is to find a suitable time difference to check if two continuous

smart card records belong to a same food consumption activity. The method pro-

posed here is similar to the method to identify the clusters of POS machines as

locations. The detailed process is described as follows:

1. A student smart card data set is used to identify food consumption activities.

The time difference between two continuous card uses of one student is cal-

culated. Since students usually tap their smart cards continuously at different

POS machines, we can also calculate the time difference between two POS

machines that are continuously tapped by the same student. If the time dif-

ference is smaller than a pre-determined threshold TAct1, then it is remained

in the data set. TAct1 is used to eliminate the time differences generated by

two smart card uses, which clearly belong to two different food consumption

activities.

2. Analyse the distribution of all remaining time differences, and then determine

a suitable time difference TAct2 to identify food consumption activities. The

determination is also based on the distribution of time differences. For ex-

ample, after plotting the cumulative probabilities of all time differences, we

find a significant percentage of time differences are smaller than 60 seconds.

Based on this, 60 seconds can be regarded as a suitable time difference TAct2

to define a food consumption activity.

3. After determining TAct2, it is easy to identify all food consumption activities

for all students during the study period. If the time difference between two

continuous card uses of one student is smaller than TAct2, they are regarded

as belonging to a same food consumption activity. The start time of a food

consumption activity is described using the time of its first smart card use,

while its end time is described using the time of its last smart card use.

6.3.3 Define spatiotemporal co-existences

A food consumption activity lasts for a time period, which is relatively short but

is better not to be ignored. Therefore, the start/end times of activities should be
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considered, when measuring the spatiotemporal co-existences among different ac-

tivities.

Assuming a food consumption activity bi =< pi, li, ti, t ′i >, which means bi is

performed by a person pi at a canteen li at a start time ti, and at an end time t ′i ,

while b j =< p j, l j, t j, t ′j > is another food consumption activity. We say person pi

co-exists with p j at a canteen li (or l j) at a time
Max(ti,t ′i ,t j,t ′j)+Min(ti,t ′i ,t j,t ′j)

2 , by meeting

the following condition:

li = l j

(ti− tk)<= t ′j

(t ′i + tk)>= t j

where tk is a pre-determined time interval which is suitable to reflect the temporal

co-existence. Figure 6.10 illustrates how to define the spatiotemporal co-existence

between bi and b j, assuming they have co-existed at a same spatial location.

Figure 6.10: Define the spatiotemporal co-existence between two food consumption activ-
ities.

Note: The blue line represents the time duration of an activity bi, while the red lines repre-
sent the time durations of several activities b j, all of which co-exist with bi.
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6.4 Results: Data pre-processing

6.4.1 Identify the clusters of POS machines as locations

Since the number of the smart card data generated by sample students is relatively

small (72,299 records), this chapter uses the smart card records in November 2015

as the data set to identify the clusters of POS machines as locations. In November

2015, there are no important holidays, exams or events, which may have a large

influence on students’ food consumption behaviour. The data set contains a large

number of smart card records (4,270,493 records), covering 108 POS machines and

generated by 44,040 students.

T Loc1 is used to eliminate the links generated by a student’s two continuous

smart card uses that clearly belong to two different food consumption activities.

Here, T Loc1 is empirically determined as 900 seconds (i.e., 15 minutes): if the

time difference between two continuous taps of the same student is larger than 900

seconds, the taps are regarded as belonging to two different food consumption ac-

tivities.

After determining T Loc1, the time differences between all continuous smart

card uses that belong to the same student are calculated. After obtaining all links,

the cumulative probability of the time differences is delineated (shown in Figure

6.11). As we can see, almost all the time differences are very small. More than

83.9% of the time differences are within 90 seconds. When the time difference is

150 seconds, the cumulative probability reaches 92.0%. According to the distri-

bution of the time differences, 150 seconds is used to identify the clusters of POS

machines as locations, namely, T Loc2 is set as 150 seconds.

Finally, the community detection algorithm is used to detect the clusters of

POS machines as locations. Similar to the parameter setting in revealing the social

network structure of sample students, we consider a randomised process and the

edge weight, and set resolution as 1 in Gephi. Finally, 20 clusters, shown in Figure

6.12, are identified in total. The modularity value equals to 0.92, indicating a very

good performance of community detection. It indicates the POS machines can be

well divided into different canteens by the community detection algorithm.
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Figure 6.11: Cumulative probabilities of the time differences between all continuous smart
card uses belonging to the same student.

Figure 6.12: The structure of the clusters of POS machines.
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The number of POS machines for each location is shown in Figure 6.13. From

the figure, we can see that the number of POS machines for each location varies

greatly. The average number of POS machines is 22.1, with a standard deviation

of 12.4. The locations numbered as 3 and 12 have more than 40 POS machines,

while the locations numbered as 1, 2 and 5 have less than 10 POS machines. The

locations with a large quantity of POS machines may be canteens with a large area

size.

Figure 6.13: Number of POS machines at the identified locations.

6.4.2 Identify food consumption activities

When it comes to identify food consumption activities, TAct1 is set as equalling to

T Loc1, namely, TAct1 = 900 seconds. According to Figure 6.11, more than 92.0%

of the time differences are within 150 seconds. Therefore, here, TAct2 is set as

equalling to T Loc2, namely, TAct2 = 150 seconds. Table 6.2 shows an example of

identified food consumption activities. Taking the activity with an ID 1783069 as

an example, it lasts 27 seconds and contains 3 smart card records. From the 72,299

smart card data, 40,872 food consumption activities have been identified. Each

activity contains 1.77 smart card records in average. The average time duration for
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each activity is 37.87 seconds, which meets our empirical observation because most

of students buy their food quickly.

Table 6.2: Identified food consumption activities.

Activity
ID

Card ID Start time Location
ID

End time Duration
(seconds)

Record
number

1783069 366570 2015-
10-01
07:21:11

3 2015-
12-01
07:21:38

27 3

2042662 367730 2015-
12-01
07:21:20

2 2015-
12-01
07:21:42

22 2

1781349 360782 2015-
11-10
12:17:45

13 2015-
12-10
12:17:45

0 1

1781555 150314 2015-
09-06
11:19:34

5 2015-
12-06
11:21:35

121 4

1793425 77693 2015-
12-19
08:11:00

10 2015-
12-19
08:12:37

97 3

6.4.3 Identify spatiotemporal co-existences between students

As mentioned in Section 6.3.3, tk is a pre-determined time interval, which is used to

define the spatiotemporal co-existence. To determine its value, at first, I collected

some video recordings, which were then used to analyse tapping behaviour of stu-

dents. The video recording analysis is the same with that in the Shanghai case.

However, it is difficult to estimate the value of tk by analysing video recordings,

for the smart card use in the context of the university canteen is very overcrowded

and thus unlikely to observe their behaviour clearly. Instead, based on the empirical

observation, in this chapter, tk is pre-determined as 10 seconds, which is a relatively

reasonable value. Other values may also be suitable for defining spatiotemporal

co-existences between students.

After determining tk, all spatiotemporal co-existences can be identified via re-

ferring to the methods explained in Section 6.3.3. In total, 52,396 co-existences are

identified from 40,872 activities.
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6.5 Group eating behaviour of sample students in

Changsha
For 169 respondents in the social network survey, they have conducted 40,872 food

consumption activities in total. The average number of food consumption activities

for each person is 241.85. As discussed before, if two students have spatiotempo-

ral co-existences and are symmetric friends, their activities are identified as group

activities. Based on these criteria, among 40,872 activities, 5,370 group activities

(13.14%) are identified. 128 students have performed group eating behaviour, ac-

counting for 75.74% of total students. The average number of group activities for

each student is 41.95 (standard deviation is 40.29). The minimum number of group

activities is 1, while the maximum group activity number is 168. In addition, about

25% of students conduct fewer than 7.75 group activities, while a same portion of

students conduct more than 64.25 group activities. From a psychological perspec-

tive, these students might need more attention, since they are more likely to have

less, or more social support compared to others.

For 5.37 thousand group activities, the average time duration is 61.44 seconds

and the average number of smart card records is 2.14 times. Among all 40.87 thou-

sand food consumption activities, the average time duration is 37.87 seconds and

the average number of smart card records is 1.77 times. These imply that the stu-

dents might spend more time on buying food and buy more food, when they are

with their friends.

Figure 6.14 shows the percentages of group eating behaviour at the day level.

Generally speaking, weekdays have a higher group percentage than weekends. This

could be explained by two reasons. First, during weekends, there are no classes

which could gather together the students that are classmates. Usually, students have

a strong and stable social tie with their classmates. Students performing group

eating behaviour would have a more flexible time schedule to eat in the canteens

and to generate a diverse distribution of group eating behaviour, during weekends.

Second, after a week’s study, a significant portion of students would choose to do

some group activities outside the university, and thus resulting in a decrease of
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group activities in the campus canteens.

Figure 6.14: Group activity pattern at the day level.

Figure 6.15 shows the peak times of food consumption (e.g., the hours 11:00,

17:00) have higher number of group activities. To observe the group activity pattern

more clearly, Figure 6.16 illustrates the group activity pattern at the hour level.

Results show the food consumption peak times (e.g., the hours 11:00, 17:00) and

the times surrounding the peak times (e.g., 6:00, 10:00) have higher percentages of

group activities. This is reasonable, since after (or before) the classes in the morning

or in the afternoon, many students may choose to have lunch or dinner with their

classmates, who usually have a social tie with each other. Besides, the hour 15:00

has the highest group percentage (23.26%). Despite the total number of activities

is not very high (1,608), there exists 374 group activities at the hour 15:00. This

may be explained by the fact that many students attend some social activities in the

afternoons, and thus resulting in more group activities in the canteens. However,

more observations are needed in order to fully understand this phenomenon.

Figure 6.17 shows the spatial pattern of group eating behaviour of sample stu-

dents. The students in the School of Computer Science usually go to the locations
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Figure 6.15: Number of group activities at the hour level.

Figure 6.16: Group activity pattern at the hour level.
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3, 6, 8, 11 and 14. These locations are likely to be canteens, which are close to the

places where the students in the School of Computer Science study or live. Among

these locations, Location 3, 11 and 8 have the highest percentages of group activi-

ties. For the remaining locations, like Location 4 and 5, there are none, or less than

100 food consumption activities generated by the students. As a result, the percent-

ages of group eating behaviour are set as 0.00%. Due to the lack of the background

information about these locations, further discussions are left to the future study

when the relevant data are available.

Figure 6.17: Spatial pattern of group eating behaviour.

6.6 A data mining based approach to classifying

friendships

6.6.1 Data preparation

Similar to the London case, the features richness, length and diversity of co-

existences considering the influence of time and space dimensions will be included

in the process of data mining. The used features are shown as follows:
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1. Spatial richness of co-existences SR.

2. Spatial length of co-existences SL.

3. Spatial diversity of co-existences SD.

4. Temporal length of co-existences at the month level ML, defined as the total

amount of unique months when the co-existences are distributed. The maxi-

mum number of months equals to 4, for the data set here covers four months

(September - December 2015).

5. Temporal diversity of co-existences at the month level MD.

6. Temporal length of co-existences at the day level DL, defined as the total

amount of unique days across a week when the co-existences are distributed.

7. Temporal diversity of co-existences at the day level DD.

8. Temporal length of co-existences at the hour level HL, defined as the total

amount of unique hours across a day when the co-existences are distributed.

9. Temporal diversity of co-existences at the hour level HD.

169 students are able to generate 14,196 student pairs in total. Among these

pairs, 204 pairs are friends (in the class ‘1’), while the remaining pairs are marked

as having a non-friendship (in the class ‘0’). After combining feature values, which

are measured using smart card data, and friendship information, which are revealed

using the social network survey, we obtain the data for further mining tasks.

6.6.2 Data pre-processing for data mining: feature selection

The Selectkbest method is adopted here to find the optimal number of features used

in data mining. The χ2 (Chi-squared) scores for all features are shown in Figure

6.18. These scores are sorted descendingly and the p-values for all features are

smaller than 0.001.

According to the results, the feature SD has the highest score (90.19), followed

by SR and DL. There exists a drastically decrease of the scores between DL and DD.
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The features DD, HD, HL and MD have similar scores in a range of [40,50]. The

features SL and ML have the lowest scores. It is possible to choose SD, SR and DL,

since they have the highest scores and there exists a large score decrease between

DL and DD. However, selecting only 3 features might miss the information, which

may be given by the remaining features. Thus, the Changsha case also selects the

first 7 features: this ensures all the high-score features have been selected and only

the low-score features SL and ML are excluded.

Figure 6.18: χ2 scores for each feature.

6.6.3 Classify friendships using four data mining models

Based on the selected seven features, we further infer social ties between 169 stu-

dents using four data mining methods: Decision Trees, Logistic Regression, Ran-

dom Forests and Support Vector Classifier.

6.6.3.1 Parameter setting

A 5*2 nested cross-validation process, a typical choice for nested cross-validation

(Raschka 2018), is selected for all four models: it consists of 5 and 2 CVs for outer
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and inner loops, respectively. In order to cope with the data imbalance issue, a

stratified CV approach has been applied to split the data. Besides, the parameter

class weight is set as balanced for each model when using the functions provided

by Scikit-learn.

The parameter param grid in GridSearchCV is set and shown in Table 6.3.

The explanations for the hyperparameters in each model can refer to Section 5.4.3.1.

The test values in param grid are similar to the London case. But considering the

computational cost, the test values are fewer in comparison to the London case. For

example, in the London case, the hyperparameters like max depth, n estimators

and C have four test values, but the Changsha case only considers three values.

Table 6.3: The setting for the parameter param grid for each model.

Models param grid

DT criterion: [gini, entropy]; max depth: [5, 10,
None]; max f eatures: [auto, log 2]

LR penalty : [l1, l2]; C: [0.1, 1, 10]
RF n estimators: [50, 100, 150]; criterion :

[gini, entropy]; max depth: [5, 10, None];
max f eatures: [auto, log2]

SVC C: [0.1, 1, 10]; gamma: [1, 0.1, 0.01]; kernel:
[linear, rb f ]

Note: DL (Decision Trees), LR (Logistic Regression), RF (Random
Forests), SVC (Support Vector Classifier).

6.6.3.2 Results

Similar to the London case, the nested cross-validation process will be repeated 100

times to get a more stable result.

Figure 6.19 shows the performance of four models in 100 repetitions, measured

by four measures: accuracy, F1, precision and recall. All four models have a high

score of accuracy, larger than 90.00% (reflected by Figure 6.20 and Table 6.4).

Random Forests performs best, with an average score of 98.25% and a standard

deviation of 0.15%, while Logistic Regression has a lowest average score (92.38%),

with a standard deviation of 0.10%. Random Forests has a much higher average

score of F1 (46.51%) than other three models, which are all smaller than 30.00%.
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The situation is similar when it comes to the precision score: Random Forests has

the highest score (40.16%), but all four models’ scores are kept at a very low level.

For recall, Logistic Regression (86.55%) and Support Vector Classifier (84.43%)

perform much better than Decision Trees (34.01%) and Random Forests (47.34%).

Logistic Regression is always the most stable model over 100 runs: all standard

deviations for four measures are smaller than 0.50%. Both of Random Forests and

Decision Trees are relatively unstable: they have a higher standard deviation and

may vary greatly over 100 runs. For instance, the standard deviation of recall score

can be as high as 8.12% for Random Forests.

Table 6.5, 6.6, 6.7 and 6.8 show the t-test results between measure values for

four models. They show almost all results are statistically significant at a level of

0.001, indicating their performance is statistically different with each other. There is

one exception, the t-test score between Decision Trees and Support Vector Classifier

is -1.17 (with a p-value of 0.24), indicating they are not statistically different with

each other. But generally, the results over 100 runs are statistically not the same,

and thus their performance can be compared from a statistical point of view.

If we use recall to compare the performance of four models, Logistic Regres-

sion performs best. However, the model Random forests is the most performed one

for the remaining three measures accuracy, F1 and precision, which are the same as

the London case. Besides, the data set used here is very imbalanced, and thus using

F1 (or recall and precision) will be more reasonable. Considering these, similar

to the London case, Random Forests is regarded as the best model in the Changsha

case.

The average F1 score of Random Forests for 100 runs is 46.51%, which is

much lower than that in the London case (67.00%). There are several reasons that

might be able to explain this low score. First, the data set used in the Changsha case

is very imbalanced. Among all 14,196 student pairs, there are only 204 friendship

pairs (labelled as ‘1’ for friendship). This imbalance would have a negative influ-

ence on inferring social ties using a data mining based approach, or we may say, it

is more difficult to build an efficient model to predict friendships using such an im-
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(a) Accuracy (b) F1

(c) Precision (d) Recall

Figure 6.19: Model performance in 100 model runs.

Note: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests), SVC (Support
Vector Classifier).

Table 6.4: Statistical results of four measures for four models.

DT LR RF SVC

Mean Accuracy(%) 97.06 92.38 98.25 94.17
Std Accuracy 0.35 0.10 0.15 0.26
Mean F1 28.93 24.70 46.51 29.36
Std F1 3.60 0.30 1.14 0.84
Mean Precision 20.45 14.43 40.16 17.99
Std Precision 1.86 0.21 4.86 0.66
Mean Recall 34.01 86.55 47.34 84.43
Std Recall 5.06 0.46 8.12 1.15

Note 1: Mean represents the average value and Std represents the value of standard
deviation.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests), SVC

(Support Vector Classifier).
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(a) Accuracy (b) F1

(c) Precision (d) Recall

Figure 6.20: Boxplots of four measures for four models.

Note: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests), SVC (Support
Vector Classifier).

Table 6.5: Results of t-test of accuracy scores between four models.

DT LR RF SVC

DT 128.92 -31.21 66.53
LR -128.92 -317.84 -64.59
RF 31.21 317.84 135.54
SVC -66.53 64.59 -135.54

Note 1: All values have a significance level (2-tailed) of 0.001.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests),

SVC (Support Vector Classifier).



6.6. A data mining based approach to classifying friendships 205

Table 6.6: Results of t-test of F1 scores between four models.

DT LR RF SVC

DT 11.69 -46.54 -1.17 (P-
value=0.24)

LR -11.69 -185.11 -52.47
RF 46.54 185.11 121.28
SVC 1.17 52.47 -121.28

Note 1: Almost all values have a significance level (2-tailed) of 0.001.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests),

SVC (Support Vector Classifier).

Table 6.7: Results of t-test of precision scores between four models.

DT LR RF SVC

DT 32.27 -37.86 12.53
LR -32.27 -52.88 -51.31
RF 37.86 52.88 45.19
SVC -12.53 51.31 -45.19

Note 1: All values have a significance level (2-tailed) of 0.001.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests),

SVC (Support Vector Classifier).

Table 6.8: Results of t-test of recall scores between four models.

DT LR RF SVC

DT -103.42 -13.93 -97.18
LR 103.42 48.22 17.03
RF 13.93 -48.22 -66.92
SVC 97.18 -17.03 66.92

Note 1: All values have a significance level (2-tailed) of 0.001.
Note 2: DL (Decision Trees), LR (Logistic Regression), RF (Random Forests),

SVC (Support Vector Classifier).
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balanced data set. Second, when conducting the social network survey in 2017, the

respondents are required to recall their social ties existing in late 2015. They only

wrote no more than five names of their friends. This can reduce the recall error and

mitigate the student’s burden in participation, but would also cause some potential

issues. Some of the symmetric friendships are not well represented, especially for

those who have more than 5 friends. Some students may randomly write five friend

names among all his/her friends. As a result, if two students are actual friends, but

may not be accurately reflected by the survey’s result, for their names may just not

be picked by students at the same time. Considering there are only 204 friendship

pairs in this data set, the potential ignorance of friendships would generate a great

level of bias. Third, due to data limitation, only co-existence based features are

considered in data mining, while other important features are ignored, such as those

related to students’ socioeconomic status which may also have a great influence on

the performance of data mining models.

6.7 Conclusion

This chapter provides a case study of group eating behaviour of students enrolled

in Central South University, Changsha, China. A smart card data set generated by

169 students and a social network survey about these students are the main data

sources. The characteristics of group eating behaviour of sample students have

been explored. Results show that students are more likely to conduct group eating

behaviour during eating peak times, such as at the hours 11:00 and 17:00, and in the

hour 15:00. Besides, they are less likely to conduct group eating behaviour during

weekends compared to that during weekdays. The results from the analysis also

imply that the students spend more time on buying food and buy more food when

they are with their friends. A data mining based approach is used to classify social

ties using four models. Results show that Random Forests performs better than

other three models. However, all models perform not well in terms of F1 score: the

scores for all of them are smaller than 50%. Several reasons might explain this low

performance, such as the relatively low data quality, the imbalanced characteristic
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and the lack of other features included in data mining.

There are several ways to improve this study. It would be worthwhile inves-

tigating the group eating behaviour of asymmetric friends and comparing its char-

acteristics with those of symmetric friends. What is more, it is helpful to obtain

the detailed information about spatial locations of canteens (also POS machines if

possible). Based on this information, we can directly identify POS machines as lo-

cations and can better understand the characteristics of group travel behaviour. We

may obtain this information by co-working with the University. Third, it is helpful

to collect a social network survey with a larger sample size and that contains some

socioeconomic attributes, such as gender, age and life expense. The social relation-

ship collected may also not be limited to those students enrolled at the School of

Computer Science. And finally, it must make more efforts to improve the data qual-

ity, such as designing the social network survey in a more reasonable way. Based

on these, we can better test the workability of the data mining based approach and

the spatiotemporal characteristics of group eating behaviour.



Chapter 7

Conclusions and Discussion

7.1 Summary

The emergence of smart card data has provided great opportunities in exploring

human behaviour. This opportunity is also open for analysing human group be-

haviour, which, despite, is not clearly explored in the existing smart card data based

studies. In most cases, smart card data contain passengers’ manifest spatiotemporal

information with a fine granularity and over a long time period. This feature makes

it possible to measure multi spatiotemporal co-existences among passengers, and

thereby makes it possible to infer social ties as well as human group behaviour.

This thesis provides a comprehensive analysis of human group behaviour in

cities. Smart card data, as the main data source, are used to measure spatiotem-

poral co-existences between travellers. Human group behaviour is inferred based

on the existence of a social tie as well as their proximity. Besides, the household

travel survey, video recordings and social network surveys are also used to support

the analysis. These data have many functions, such as evaluating the patterns of

human group behaviour and understanding the passenger’s tap behaviour. A gen-

eral methodological framework, including a comprehensive indicator approach and

a data mining based approach, has been proposed to support the analysis of human

group behaviour. The followings give a concise conclusion about the methodologi-

cal framework and three case studies.
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7.1.1 Methodology

This chapter presents a general methodological framework to support the human

group behaviour analysis using smart card data. From a psychological perspective,

personal space and proxemics illustrate the importance of proximity between per-

sons in inferring their social ties: individuals should or prefer to keep a close prox-

imity with their group members. Whether human behaviour is based on groups is

inferred based on two conditions: spatiotemporal proximity and social tie. The first

condition is used to understand the ‘jointness’ of individuals and can be measured

using smart card data. The second condition is to understand the ‘intentionality’ of

individuals and can be directly measured using a social network survey or indirectly

measured using smart card data.

Inferring social ties can be achieved by using various proposed co-existence

indicators, such as the richness, length and diversity of co-existences with a partic-

ular consideration of spatial and temporal dimensions. The richness represents the

total amount of co-existences, the length represents the total amount of unique lo-

cations or time intervals where the co-existences are distributed in, and the diversity

represents the distribution variety of co-existences in time and space. Generally, as

the increase of the richness, length and diversity between persons, the possibility

that they have a social tie as well as performing group behaviour also increases.

The general methodological framework mainly includes a comprehensive in-

dicator approach and a data mining approach. For the comprehensive indicator

approach, at first, a new comprehensive indicator is proposed, and it can be used

to measure the possibility that there exists a social tie between travellers. After

that, a framework is developed to infer group travel behaviour. For the data mining

approach, it mainly consists of a nested cross-validation combined with a Grid-

SearchCV process to classify friendships using several typical models such as Ran-

dom Forests and Decision Trees.

7.1.2 The Shanghai case study

In the Shanghai case, results show that the percentages of inferred group trips are

much higher during weekends and on public holidays than during weekdays, much
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higher in afternoons and evenings in comparison to the morning and afternoon peak

hours. The working days before the weekends and public holidays have higher

group percentages in the evening hours than in the afternoon hours, while other

working days show an opposite pattern. From a spatial perspective, the stations

with high group percentages are more likely to be located in the city centre or the

centres of new towns in suburban areas, and more likely to be close to attractions,

commercial streets and popular public facilities. The public big events also have

a great influence on human group behaviour. All these inferred characteristics are

well in line with the characteristics revealed from the Shanghai household travel

survey or are able to be reasonably explained.

7.1.3 The London case study

This case analyses the group travel behaviour using a personally collected smart

card data set of students and a survey about these students’ social networks. The

original smart card data set was collected between June and September 2017 in

King’s College London. The participants are the international students enrolled in

the KCL’s pre-sessional language courses. Results show that, Stratford, Temple and

Holborn stations have very high group percentages, which may be caused by the

students’ regular commuting. When it comes to the temporal group travel pattern,

the percentages during weekdays are higher than those during weekends. The hours

8:00, 11:00, 12:00, 15:00 and 16:00 have a high group percentage, for these hours

are the students’ commuting peak times or close to the commuting peak times.

All the spatiotemporal patterns in four scenarios show a stable trend, indicating

the reasonability of the revealed patterns of group travel behaviour. Four models

have been applied here to classify social ties. The classification results indicate that

Random Forests performs best in the London case, demonstrating its potential to be

used to classify friendships.

7.1.4 The Changsha case study

This case aims to understand group eating behaviour of undergraduates at Central

South University in Changsha, China. At first, several methods are proposed to
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preprocess the original smart card data set step by step, such as the method used

to identify the clusters of POS machines as locations. Then, the characteristics of

group eating behaviour of sample students are explored. Third, a data mining based

approach is used to classify social ties among sample students. Results show that

students are more likely to conduct group eating behaviour during eating peak times

and in the hour 15:00. They are more likely to perform group eating behaviour dur-

ing weekdays compared to that during weekends. The data mining analysis shows

that Random Forests performed best compared to other models, but still showed a

low performance: its F1 score is smaller than 50%. More efforts are needed in order

to demonstrate the usefulness of the data mining based approach in the Changsha

case.

7.2 Potential Applications of Group Behaviour Anal-

ysis in Cities
Group behaviour analysis in cities has various potential applications. At first, this

section emphasises its practical meaning in supporting the design and implementa-

tion of group ticket policy. Then, it gives a concise discussion about the potential

applications in other aspects, including how to support the design of public space,

the study of public events, and the study of social networks.

7.2.1 The design and implementation of group ticket policy

7.2.1.1 Group ticket policy

A public transport ticket is a ticket issued by a public transit operator that enables

the ticket owner to travel on the operator’s transport network. Group tickets, as a

good supplement of single tickets, are designed for the travel of a group of persons.

With a group ticket, the group with two or more persons can enjoy some benefits,

which usually are in the form of a travel discount, compared to travel individually.

Group tickets are widely used in cities around the world. Taking the Group

Day Travelcard in London (www.visitbritainshop.com) as an example, it gives the

card holder unlimited travel on all the public transport within London’s fare zones



7.2. Potential Applications of Group Behaviour Analysis in Cities 212

1-6 after 9:30 am. It is suitable for the travel groups of 10 or more persons. Another

example is the Airport Express group tickets in Hong Kong (www.mtr.com.hk).

Passengers travelling together enjoy a promotional fare by using an Airport Express

group ticket. They need to travel jointly with each other, and may be required to

show the tickets for inspection by staff. Table 7.1 further shows several examples

of group tickets and policies in some cities.

However, due to the lack of the in-depth understanding of group travel be-

haviour in the public transit systems, group ticket policies are mainly designed via

empirical knowledge of planners or policy makers. Actually, there is almost no aca-

demic research that has systematically discussed transport group ticket policy. The

analysis of group behaviour is also limited, in comparison to individual behaviour

analysis, as explained in Chapter 2.

For the cities that have implemented group ticket policies, passengers usually

have to purchase tickets separately via using a ticket machine, online or human

services, and manually checked by public transport staff. The checking and pricing

process of group tickets is much more complicated than that of individual tickets,

which can be automatically checked and priced by using a smart card. Because of

its complication, a wider application of group tickets is greatly limited.

There is an exception: several cities in Taiwan (e.g., Taipei, Tainan and

Keelung) have offered a smart card based technology to automatically identify

group travellers and calculate ticket prices accordingly. The basic idea of their

policy is: if a companion card holder taps the card just after a care card holder,

he or she enjoys the same discount as the care card holder. Here, a care card is

a designated card type, which can be held by the persons with physical or mental

disabilities, while a companion card is the one that can be held by the persons who

take care of a care card holder. The Taiwan case illustrates the automatic checking

and pricing are technically possible.
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Table 7.1: Nine examples of transport group ticket policies around the world.

Number Cities Countries Description

1 Guangzhou China Group tickets for 30 persons or
more, they enjoy a 10% discount.

2 Taipei China Group tickets for 10 persons or
more, they enjoy a 20% discount.

3 Seoul South Ko-
rea

One passenger is free in a 20-
person group.

4 Paris France 1.7 euros for the single ticket. 13.3
euros for 10 single tickets.

5 London The United
Kingdom

London provides the options of
family tickets and normal group
tickets.

6 Munich Germany Group day ticket is available for up
to 4 persons. They can be used by
the group within the selected area
of validity for as many trips as you
like on one day.

7 New York The United
States

Group tickets for 10 persons or
more, they enjoy a 50-60% dis-
counts.

8 Chicago The United
States

Group tickets for 25-135 persons,
discount can be more than 50%.

9 Wellington New
Zealand

A group ticket is available for up
to 4 persons travelling together on
weekends.

7.2.1.2 An automatic checking and pricing scheme for group ticket

policy

Enlightening from the Taiwan’s experience as well as the analysis presented in this

thesis, an automatic checking and pricing scheme for group ticket policy is pre-

sented here. In general, the scheme has three key concerns:

1. The scheme is able to provide more ticket options for group travellers. Group

ticket policies should be designed with more scientific understanding of group

travel behaviour. The thesis illustrates the possibility to understand group

travel behaviour using smart card data. The understanding is further helpful

to inform the policy-making of group tickets. Designing group ticket policy

with the support of quantitative smart card data analysis will be more efficient
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and reasonable rather than just via referring to empirical knowledge. Based

on the revealed characteristics of group behaviour, a variety of sub-type group

tickets may be proposed. Some examples are shown in Table 7.2. Additional

sub-types may be proposed via referring to the existing studies. For example,

Zhang et al. (2018) suggests that student group tickets should be valuable,

since students tend to perform group behaviour more frequently compared to

other population types.

2. Similar to the Taiwan case, from a technical perspective, the smart card au-

tomatic fare system should be able to automatically identify group travellers

and to calculate their ticket prices, based on their uses of smart cards and by

measuring the spatiotemporal proximity between passengers.

3. The scheme requires the following associated group ticket policy: a card

holder is able to enjoy a group ticket discount with another card holder, if

they show spatiotemporal proximity when entering and exiting the transport

system. This policy, obviously, is an extension of the approach adopted in

Taiwan: 1) it is applicable for all card holders rather than just companion

card holders; 2) it can identify groups with different sizes rather than just 2-

person groups. The policy’s logic is essentially in line with the co-existence

based methods described in this thesis.

The scheme for group ticket policy may be economically attractive to the op-

erators. A number of group travellers choose to use other travel modes (e.g., private

cars), because they may enjoy more convenience and feel more comfortable. An-

other reason is the unattractiveness of group travel in the public transport, because

they have limited choices of group tickets, or the checking and pricing process is

complicated and inefficient. By providing more ticket options and automating the

checking and pricing process, more group travellers would be attracted to use public

transport, and thus increase extra revenues for the operators. Considering there ex-

ists a significant share of group travel behaviour (Srinivasan & Bhat 2008, Moussaı̈d

et al. 2010), a small shift from other modes to public transport may generate a lot
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Table 7.2: Suggested examples of different sub-types of group tickets.

Number Sub-types Descriptions

1 Normal It is the basic sub-type of group tickets and can
be used for any population type.

2 Off-peak It can only be used for off-peak times. The
results clearly show group members prefer to
travel in the afternoons and evenings. This
ticket meets the need of group travellers well.
Besides, it has the benefits to reduce traffic
flows during peak times and thus improves the
overall performance of the public transit sys-
tem.

3 Weekend It can only be used during weekends. This
ticket is proposed based on the fact that there
is a higher group percentage during weekends
in comparison to that during weekdays. Imple-
menting the weekend group ticket may attract
more persons to engage in leisure activities with
others, like their family members and friends.

4 Night It can only be used at night. The analytical re-
sults suggest that there is a low volume of trips
but a higher group percentage at night. Passen-
gers who travel individually at night are likely
to face some potential crime risks. Implement-
ing the night group ticket not only meets the
preference of group travellers, but also may re-
duce the potential risks for night travel, since
persons in a group can provide necessary social
support to each other.

5 Group
ticket for
a specific
public
transit line

It can only be used for a specific public transit
line. The typical example may be the express
metro line connecting the airport of a city to
the city’s centre. Taking Shanghai as an exam-
ple, group ticket may be implemented for the
Line 10, which has the highest percentage of
group travel behaviour (accounting for 16.8%)
or the Line 5, which has the lowest percent-
age of group travel behaviour (accounting for
10.8%), if the public transit company wants to
attract more group travellers to use these metro
lines.
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of income. Besides, the operators can reduce the investment on some facilities, like

the ticket machines for buying group tickets, and hire fewer staff responsible for the

group ticket checking and purchasing. This would reduce the operating cost.

If the increased revenue is insignificant or even negative, it would still be mean-

ingful to implement the scheme for a variety of reasons. Group travellers can enjoy

economic savings, despite the amount may be small. They can also enjoy better

services by having more ticket options. What is more, solo living has been a com-

mon household type in many developed countries (Morin 2018). More and more

people choose to stay at home and spend less time outside with others. Loneliness

has become such a public health problem, which is comparable to smoking as a

risk factor for illness (Toronto Foundation 2018). Implementing better group ticket

policies is able to encourage social behaviour and reduce the sense of urban iso-

lation. For instance, family ticket increases the social interactions between family

members. Finally, the increasing use of public transport further has positive envi-

ronmental impacts like reducing car-dependence and energy consumption. Consid-

ering these social, economic and environmental externalities, the government may

provide some subsidies to reduce the financial burden for the operators.

Demonstrated by the Taiwan case, the automatic checking and pricing scheme

is promising to be implemented. However, there are still some issues that should be

considered before its implementation. First, it is important to quantitatively estimate

the revenue increase, in order to better inform the policy design and implementa-

tion. This estimation should consider the potential increase of group travellers, the

investment on upgrading the transit system, and the price mechanism. Second, it

is important to keep a balance between the system efficiency and the scheme cov-

erage. Here, the widest scheme coverage represents the scheme is applicable to all

group travellers in various group sizes. Increasing the scheme coverage may reduce

the system efficiency, because the identification of group travellers is more com-

plicated. For example, automatically identifying a group with 10 persons is more

challenging for identifying a 2-person group. On the other hand, decreasing the

scheme coverage may mitigate the value of group ticket policy. To keep a good bal-
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ance, we may simplify the scheme, if it is implemented in a complicated context,

such as in a large city like London or during the commuting peak times. Figure

7.1 presents a simplified automatic checking and pricing system. By simplification,

the system could be applied in a more complicated public transit system or during

commuting peaking times. The simplified system considers three passengers A, B

and C. It gives some constraints on the policy so as to make it easier to identify

group travellers: a card holder will enjoy a group ticket discount with another card

holder, if they use their cards in a continuous and orderly way when exiting and

entering the transport system through the same exit and entrance, respectively, by

assuming no other person taps a card between them. The basic logic of the system

is explained as follows:

1. Passenger A enters the public transit system through an entrance point (e.g., a

bus entrance and a gate of a metro entrance) by tapping his or her smart card.

2. The system automatically checks if the passenger meets the requirements of

the group ticket policy. Group ticket policy implemented in different cities

may contain different conditions in terms of the passenger’s age, time and

public transit stops/lines and so on. For example, assuming the group ticket

policy is only valid during the hours 12:00 and 16:00, if the passenger A enters

the public transit system at the hour 13:00, he or she meets the requirement of

the group ticket policy; if the passenger A enters the public transit system at

the hour 19:00, he or she does not meet the requirement. If A does not meet

the requirement, he or she will pay for an individual ticket price.

3. If A meets the requirements, the system records the spatiotemporal informa-

tion of another two passengers B and C, who are the persons continuously

enter the transport system through the same entrance with A.

4. The system automatically checks if passengers B and C continuously exit

the transport system through the same exit in order with A. In other words,

the system automatically checks if there exist continuous spatiotemporal co-

existences among them. If passenger A co-exists with B and C at the entrance
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and exit, A, B and C are group travellers, A enjoys a group ticket price. If

passenger A co-exists with B (or C) at the entrance and exit, A and B (or

A and C) are group travellers, A enjoys a group ticket price. Otherwise, if

passenger A does not co-exist with B and C at the entrance and exit, A is

individual traveller in terms of B and C, A will pay for an individual ticket

price.

7.2.2 Other potential applications

1. The study of social networks. Analysing group behaviour is helpful to in-

vestigate social networks among persons (Pham et al. 2016). Each person can

be regarded as a node. If two persons perform group behaviour, an edge is

generated between them. The proposed methods help us identify group per-

sons and further capture the picture of their social networks. Based on this,

we can get general characteristics of their social networks, such as: 1) a larger

number of group activities may indicate a higher strength of a social tie; 2) a

person that has conducted group activities with more persons may indicate he

or she has more friends; 3) if there exists a large number of group activities

among a set of persons, they may form a strong cluster. Inside this cluster,

they have stronger social ties, while they have fewer social interactions with

the persons outside the cluster.

By utilising the methods in social network analysis, such as centrality mea-

sures and community detection algorithms (Freeman 1978, Kim & Hastak

2018), we can achieve a more in-depth understanding of the social networks.

The Changsha and London cases investigate the group behaviour of students.

As we know, students are more likely to perform group behaviour. Based on

social network analysis, We may identify the interesting role that each student

plays in a class, like the leading student (a leader) who is the most socially

popular, the connecting student (a connector) who plays a key role in con-

necting other students, and the student (an isolator) who has the least social

links and may need some extra social support.
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Figure 7.1: An illustrative implementation of the automatic checking and pricing system.
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2. The design of public space. Group behaviour analysis may inform the design

of public space, such as stations and airports (Vizzari et al. 2015). In a public

transit context, groups have quite different expectations regarding the seating

in both metro trains and stations. Groups may need more space in stations,

to re-group or to discuss how to continue their journey. Stations with a dif-

ferent surrounding built environment may also require different public space:

the stations close to leisure-related or education facilities are more attractive

for group travellers (Zhang et al. 2018, Tian & Zheng 2019). If stations do

not cater for such specific needs, people travelling in groups may obstruct

walking routes, thereby causing congestion, a reduction in traveller comfort

and possibly unsafe situations. Likewise, by designing more group-friendly

public space in stations, more travellers may be attracted to the metro system

and existing riders may experience a higher level of satisfaction.

Taking the Shanghai case as an example, the analytical results reveal that

the Dishui Lake and People’s Square stations have a very high percentage of

group travel behaviour. In order to better meet the preferences of group trav-

ellers, we may distribute more seats, which are friendly to group seating, in

the waiting space, and design wider walking lanes, which make group trav-

ellers feel more comfortable. Similarly, for the stations with a low percentage

of group travel behaviour, like the Wuwei Road and Linyi Xincun stations,

different design principles should be considered.

3. The study of public events. Group behaviour analysis may promote the

study of public events, such as sporting events, conferences and holiday cel-

ebrations (Manenti et al. 2012, Migon Favaretto et al. 2019). The Shang-

hai case shows the station East Xujing is adjacent to Shanghai International

Convention and Exhibition Centre, the place for the International Automo-

bile Exhibition in 2015. For this station, we observe high group percentages

during the time period when the exhibition was held. The analysis can help

us identify the group travellers attending the exhibition (i.e., a public event).

It informs us about their behaviour characteristics, such as where and when
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they come, and the regularity of their behaviour. Besides, people involved in

group activities walk slower in average than individuals, because they prefer

to walk slower so as to keep close to their group members. However, their

behaviour may impede the normal mobility of the crowd (Moussaı̈d et al.

2010). Therefore, the study of group behaviour may help the event organisers

provide better services, such as helping maintain the order of the public and

protect the safety of the public.

7.3 Highlights and limitations

7.3.1 Highlights

There are several highlights in this study, shown as follows.

1. The thesis provides a systematic analysis of human group behaviour. The

characteristics of human group behaviour are fully explored, especially from

a spatiotemporal perspective. We can clearly find out when and where people

prefer to perform group behaviour from analysis. The potential reasons for

their behaviour are also discussed. Besides, the analysis has been conducted

in different urban contexts and for different populations. The Shanghai and

London cases focus on the behaviour in the public transit systems, while the

Changsha case is in the context of the university canteens. When it comes

to the research participants, the general metro travellers, the student metro

travellers and the undergraduates are considered in the Shanghai, London and

Changsha cases, respectively. By emphasising spatiotemporal patterns and

considering different urban contexts and populations, the thesis is able to sys-

tematically reveal the characteristics of human group behaviour in cities.

2. The thesis proposes a co-existence based methodological framework to

infer human group behaviour. Despite some existing studies have implied,

the thesis is the first one that clearly provides a psychological explanation to

the importance of proximity in understanding human group behaviour, using

proxemics (or personal space). Proxemics, here, can suitably reflect the rela-

tionship between group behaviour and proximity at a fine spatial scale (e.g.,
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in a metro station or a walking street). From this starting point, spatiotempo-

ral co-existences between persons are used to represent their proximity. By

measuring co-existences using some indicators like richness and diversity, we

can propose a co-existence based methodological framework to evaluate the

possibility that if persons are socially tied, which further helps us infer human

group behaviour. The core of the proposed framework is simple, because it

is mainly based on the proximity. However, the framework has the ability

to infer a large amount of human group behaviour, which is unlikely to be

achieved by using traditional methods.

3. The thesis combines different methods and data to better support the

analysis of human group behaviour. The co-existence based methods are

used to infer human group behaviour, but are unable to directly capture the

structure of social networks. This is exactly what the methods in social net-

work analysis are able to do. Besides, social network analysis can reveal

some clustering structures (e.g., the canteens consisting of a certain number

of POS machines), which is a prerequisite to measure co-existences. In terms

of data, smart card data are used to measure the proximity between persons.

However, smart card data are limited in some ways (e.g., lacking social net-

work information of travellers), and thus we need additional support by using

other data. For example, video recordings are used to estimate the group time

distance, the household travel survey is used to reveal the characteristics of

group travel behaviour, and social network surveys are able to accurately cap-

ture social relationships. The combination of different methods and data can

fully utilise their advantages. They play different roles in this thesis and, as

a whole, better support the group behaviour analysis. In addition, the thesis

also demonstrates how to combine urban big data (i.e., smart card data) and

traditional small data (e.g., social network surveys) in a reasonable way. This

is also an important issue in the era of big data.
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7.3.2 Limitations

1. The co-existence based methods are flawed when inferring human group

behaviour in some situations. When identifying human group behaviour,

the proposed co-existence based approaches may always fail to identify some

group travellers as individual ones or may incorrectly identify some individ-

ual travellers as group ones. For example, some travellers may enter and exit

a bus within a very short time interval, but they just accidentally have a same

origin and destination and do not intentionally travel together. Despite this

does not always happen, there still would be a certain number of individual

passengers that meet the spatiotemporal proximity at both the start and end

locations. Besides, some group travellers may have the same origin but a

different destination, or have the same destination but a different origin. In

this situation, they may only co-exist with each other at the start location or

the end location, and thus can not be identified as group travellers using the

proposed methods. What is more, some group travellers may fail to tap their

cards close to each other when entering/exiting a metro station, for some rea-

sons like the existence of a crowded situation.

By considering the richness, length and diversity of spatiotemporal co-

existences indeed mitigates the risk of the mistaken inference, however, it

is unavoidable to exclude some group travellers who just perform a limited

amount of group activities, resulting in a limited number of co-existences.

The identification of human group behaviour is very complicated, making

it unlikely to propose perfect methods. In the future, it is valuable to im-

prove the co-existence based methods so as to better identify human group

behaviour. It is also interesting to investigate the characteristics of group

travel behaviour, which only shows the co-existence at the start location or

the end location. These group travellers can be regarded as being partly in-

volved in group travel behaviour. By comparing to the group travel behaviour

discussed in this thesis, we may reveal some different spatiotemporal patterns.

2. The thesis has not explored the issue of scale and scalability of human
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group behaviour analysis. The relevance of the co-existence based methods

reaches beyond the studies in the public transport and university contexts.

The proposed methods have the potential to be used to study different types

of group behaviour. They may be used to analyse group shopping behaviour

using payment transaction records, group chatting behaviour using online so-

cial media data, and even group gaming behaviour using online computer

game data. Taking group online gaming behaviour as a detailed example, if

two persons play an online game together many times. We say they have multi

spatiotemporal co-existences in virtual space, and thus may show a social tie

between them and perform group gaming behaviour. Here, space represents

a virtual space in the game, while time represents the time when they play the

game.

Not limited to human group behaviour, the co-existence based methods

have the potential to support the proximity-based analysis of other phenom-

ena. To illustrate the possibility, here presents an example about COVID-19

(2019-nCoV acute respiratory disease). Contact tracing, after a COVID-19

case is confirmed, is an essential step to prevent further spread of COVID-

19. It is very difficult for the patients to recall every person they have

met within the last 14 days. To support contact tracing, Singaporean gov-

ernment developed a Bluetooth based mobile app, called TraceTogether

(https://www.tracetogether.gov.sg), which can identify other nearby phones

with the app installed (Government of Singapore 2020). It then is able to

track when the patient was in close proximity with these other persons. As-

suming we could obtain the proximity data, the co-existence based methods

proposed in this thesis may help capture the encounter networks and iden-

tify potential infected cases by measuring the proximity between phone users

over a certain time period.

Finally, the analysis can be extended to various spatial scales. Group travel

behaviour can be analysed at the regional, national and even international

levels by train, high-speed rail or airplane, respectively. The availability of
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data containing spatiotemporal information is increasing, however, group be-

haviour at various scales has not been fully observed. In China, the Ministry

of Transport has issued the Transport Union cards, which can be used in 252

cities, as of September 2019 (Transport Union 2019). This means passen-

gers can use the public transport over these cities. By using the generated

smart card data, it is possible to investigate the group travel behaviour over

the whole country as well as the social interactions between passengers living

in different cities.

3. The thesis focuses on using smart card data and associated methods to

measure spatiotemporal co-existences, but fails to explore the possibil-

ity to use other data and methods. Smart card data only provide the start

and end locations/times to measure co-existences. However, other data (e.g.,

GPS trajectories, mobile phone data and Bluetooth data) show different fea-

tures comparing to smart card data, and thus may open other opportunities to

develop methods to measure co-existences and infer human group behaviour.

For example, GPS trajectories, one of the most widely available mobility data,

can provide accurate trajectory information of activities/trips. We may pro-

pose methods to deal with trajectory-based data by fully utilising the data’s

advantage. There are two potential ways. First, the meaningful activity lo-

cations may be detected from GPS trajectories using some existing methods

like a kernel-based activity location detection algorithm (Thierry et al. 2013)

or the DBSCAN Algorithm (Luo et al. 2017). Then, the methods proposed

in this thesis can be applied to measure the proximity between the detected

locations between activities. Second, the co-existence based methods may

be combined with the existing methods that can measure the trajectory simi-

larities (e.g., Liu & Schneider (2012)). By this combination, all information

about the trajectories (including start and end locations) can be fully utilised

to understand activities.

4. The thesis faces the data quality issue. The survey data in the London and

Changsha cases are limited in sample size and constrained in the imbalanced
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issue. Despite the sample sizes of these social network surveys are acceptable

compared to the existing studies like Eagle et al. (2009), it is still relatively

small. Besides, the data used for data mining is imbalanced, and thus would

affect the usefulness of the data mining approaches in inferring and predicting

social ties and human group behaviour in these two case studies.

Due to privacy issues and data availability, there are no socioeconomic at-

tributes about the card holders and the detailed background information about

the urban contexts (e.g., the attributes about the canteens in the Changsha

case), the thesis fails to provide in-depth analysis about the characteristics of

group behaviour by considering the variability of socioeconomic attributes in

both cases, and by linking to the characteristics of the built environment in

the Changsha case. In the future, it will be valuable to investigate the dif-

ferences of group behaviour between male and female, between the persons

with a different income level, between the persons with a different age. It will

also be helpful when some socioeconomic attributes can be added into the

classification models and used to classify social ties among people. Based on

this, the data mining results would be more reasonable.

The smart card data used in the Shanghai and London cases contain the in-

formation about stations, but they contain no complete information about the

entrances/exits of stations. Since a station usually has several entrances or

exits, group travellers will enter or exit from the same entrance or exit. If

two persons enter the same station but through different entrances, they are

still likely to be individual travellers, despite they co-exist with each other

according to our data. Therefore, the incomplete spatial location information

may affect the identification of group travel behaviour. For future studies, it

is worthwhile obtaining a smart card data set with a finer spatial granularity,

so as to better measure the spatial proximity of travellers. With a finer spatial

granularity, it is possible to distinguish spatial units like metro entrances and

even gates of a station, rather than being limited at the metro station scale.

Correspondingly, the proposed methods can be improved so as to deal with
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the finer data set.



Appendix A

Main programming language, tools

and packages used in this thesis

To implement the methods mentioned in this chapter, various software, tools and

programming languages as well as other supporting packages are needed.

Python (https://www.python.org/) is the main programming language used in

this thesis. Python is a very popular language for general-purpose programming. It

has a lot of advantages, such as being simple to use and easy to learn, being free

and open source, and containing extensive libraries.

After decades of development, there are many Python packages, tools, and

libraries available for us to use in a convenient way. The following are widely used

in this thesis:

1. Pandas (https://pandas.pydata.org/) can provide high-performance and easy-

to-use data structures for data analysis.

2. Scikit-learn (http://scikit-learn.org/) is a free data mining (or machine learn-

ing) library, providing various algorithms for classification tasks.

3. Matplotlib (https://matplotlib.org/) is a plotting library that can draw pictures

that meet the publication requirement.

Besides Python, two software are also widely used in this thesis.

1. ArcGIS (https://www.esri.com/en-us/) is probably the most successful com-

mercial GIS (Geographic Information System) software. It has many geo-
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graphic functions such as map creation, geo-data management, spatial analy-

sis and geovisualisation.

2. Gephi (https://gephi.org/) is a popular visualisation and analytical software

for networks. Gephi is open-source, free and multi platforms. Gephi is used in

this thesis to visualise and analyse social networks of students in the London

and Changsha cases.

Figure A.1 shows the main technical tools adopted in this thesis.

Figure A.1: Technical support in this thesis.

Note: All the pictures in this figure are obtained from relevant official websites.



Appendix B

Temporal patterns of group travel

behaviour at the selected stations

This appendix presents the temporal patterns of group travel behaviour at the se-

lected stations that have not been discussed in Chapter 4. The following list present

some details for the stations that have the highest group percentages. Taking the

first station as an example, Tiantong Road (Line 10) station is the one with the third

highest group percentage. Its temporal pattern is shown in Figure B.1. The ma-

jority of these 15 stations shows a typical high-percentage pattern of group travel

behaviour, namely, they have higher group percentages in the afternoons, evenings,

during weekends and on public holidays. If a station shows a typical temporal pat-

tern, it will be described as having a ‘typical pattern’.

1. Tiantong Road (Line 10) (Ranking 3; Figure B.1): Typical pattern.

2. Yuyuan Garden (Ranking 4; Figure B.2): Typical pattern. It is located in the

city centre, and close to the attraction Yuyuan Garden.

3. Dongjing (Ranking 5; Figure B.3): Typical pattern. It is the nearest station to

Shanghai Happy Valley, one of the largest theme parks in China.

4. Yuandong Avenue (Ranking 7; Figure B.4): The station is located in suburban

areas. The total number of trips in one month is only 44,489, containing

10,216 inferred group trips, and thus resulting in 0.0% of group trips at many

hours (The group percentage is set as 0.0% if the total trip number is less than
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100). More background information is required to explain its high percantage.

Potential reasons might be that it is the closest station to Shanghai Pudong

Garan Temple, Fuge Strawberry Picking Garden and Florence Town, which

is a popular place for young people and built according to the city Florence

in Italy.

5. Dongan Road (Line7) (Ranking 9; Figure B.5): Typical pattern. It is the sta-

tion adjacent to Fudan University Cancer Hospital. Its high group percentage

may be mainly caused by the students studying at this hospital.

6. People’s Square (Line 1) (Ranking 11; Figure B.6): Typical pattern. It is

located in the city centre and adjacent to People’s Square, one of the largest

public squares in Shanghai.

7. Jinshajiang Road (Line 13) (Ranking 12; Figure B.7): It is adjacent to Global

Harbour, a city-level shopping centre. The station is also close to East

China Normal University (Zhongbei Campus), which is a leading university

in China. These facts may explain a higher group percentage in the working

days before the weekends and public holidays (i.e., April 3, 10, 17, 24, 30).

This is because more persons/students prefer to do leisure-related activities

in the shopping centre in the evenings with the weekends/holidays in sight.

Similar explanation can be given to other stations like People’s Square (Line

1).

8. Shanghai Zoo (Ranking 13; Figure B.8): It is adjacent to Shanghai Zoo. It

has a much higher group percentage in the afternoons in comparison to in the

evenings. This is mainly because the zoo’s opening time was between 6:30

and 17:30 in April, 2015.

9. East Nanjing Road (Line 10) (Ranking 14; Figure B.9): Typical pattern.

10. Minhang Development Zone (Ranking 15; Figure B.10): It is located in the

centre of the towns in suburban areas.

11. Dapuqiao (Ranking 16; Figure B.11): Typical pattern.
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12. People’s Square (Line 8) (Ranking 17; Figure B.12): Similar to People’s

Square (Line 1).

13. Wild Animal Park (Ranking 18; Figure B.13): Similar to Shanghai Zoo.

However, the total number of trips is only 109,469, much fewer than that

of Shanghai Zoo (208,684 trips).

14. Lingang Avenue (Ranking 19; Figure B.14): The total number of trips is only

93,547, resulting in 0.0% of group trips at many hours.

15. Sheshan (Ranking 20; Figure B.15): Typical pattern. It is the nearest station

to Sheshan National Park.

Note that I explain these patterns based on some background information,

which I find from the websites or existing studies. Despite I carefully give my ex-

planations, more evidences are required in the future in order to obtain an in-depth

understanding of group behaviour that exists surrounding these stations. Taking

Dongan Road as an example. Its high group percentage might be explained by its

proximity to Fudan University Cancer Hospital, based on two facts: 1) students are

more likely to perform group behaviour, according to this research and other stud-

ies (e.g., Zhang et al. (2018), Tian & Zheng (2019)); 2) Many students would study

or do internships at this Cancer Hospital. The explanation seems reasonable, but it

will be better if we could provide more evidences, such as by directly visiting this

station and then doing a survey to know the real situation.

The followings show the information about the remaining 15 stations with the

lowest group percentages.

1. Beiqiao (Ranking -2; Figure B.16).

2. Chunshen Road (Ranking -3; Figure B.17).

3. Zhuanqiao (Ranking -4; Figure B.18).

4. North Waigaoqiao FTZ (Ranking -5; Figure B.19).

5. Hanzhong Road (Ranking -6; Figure B.20).
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6. Pudian Road (Line 4) (Ranking -7; Figure B.21).

7. West Gaoke Road (Line 6) (Ranking -8; Figure B.22).

8. Jianchuan Road (Ranking -9; Figure B.23).

9. Shanghai Swimming Centre (Ranking -11; Figure B.24).

10. Panguang Road (Ranking -12; Figure B.25).

11. Linyi Xincun (Ranking -13; Figure B.26).

12. Yunshan Road (Ranking -14; Figure B.27.

13. Wuwei Road (Ranking -16; Figure B.28).

14. International Passenger Terminal (Ranking -18; Figure B.29).

15. Middle Chuangxin Road (Ranking -19 ; Figure B.30).

Generally, all these stations show a similar low-percentage pattern of group

travel behaviour. However, these temporal patterns contain more hours that have

a 0.0% percentage. This is because the stations with the lowest group percentages

are more likely to be located in suburban areas and less attracted to people. Thus,

the total number of trips for these stations, such as Panguang Road (71,075 trips)

and Wuwei Road (59,866 trips), is usually much fewer than those located in the city

centre.

I choose not to provide the potential explanations for each station, mainly be-

cause it is difficult to identify some notable landmarks/places surrounding these

stations to explain their low group percentages, compared to the stations with the

highest group percentages. Just as discussed in Chapter 4, generally, they are more

likely to be located in suburban areas, and are far away from leisure-related facili-

ties.
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Figure B.1: Temporal pattern of group travel behaviour at Tiantong Road (Line 10).

Note: The value of x axis represents the day across April: 1 represents April 1 (Wednesday)
while 30 represents April 30 (Thursday).
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Figure B.2: Temporal pattern of group travel behaviour at Yuyuan Garden.
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Figure B.3: Temporal pattern of group travel behaviour at Dongjing.
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Figure B.4: Temporal pattern of group travel behaviour at Yuandong Avenue.
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Figure B.5: Temporal pattern of group travel behaviour at Dongan Road (Line7).
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Figure B.6: Temporal pattern of group travel behaviour at People’s Square (Line 1).
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Figure B.7: Temporal pattern of group travel behaviour at Jinshajiang Road (Line 13).
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Figure B.8: Temporal pattern of group travel behaviour at Shanghai Zoo.



242

Figure B.9: Temporal pattern of group travel behaviour at East Nanjing Road (Line 10).
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Figure B.10: Temporal pattern of group travel behaviour at Minhang Development Zone.
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Figure B.11: Temporal pattern of group travel behaviour at Dapuqiao.
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Figure B.12: Temporal pattern of group travel behaviour at People’s Square (Line 8).
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Figure B.13: Temporal pattern of group travel behaviour at Wild Animal Park.
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Figure B.14: Temporal pattern of group travel behaviour at Lingang Avenue.
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Figure B.15: Temporal pattern of group travel behaviour at Sheshan.
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Figure B.16: Temporal pattern of group travel behaviour at Beiqiao.
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Figure B.17: Temporal pattern of group travel behaviour at Chunshen Road.
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Figure B.18: Temporal pattern of group travel behaviour at Zhuanqiao.
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Figure B.19: Temporal pattern of group travel behaviour at North Waigaoqiao Free Trade
Zone.
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Figure B.20: Temporal pattern of group travel behaviour at Hanzhong Road.
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Figure B.21: Temporal pattern of group travel behaviour at Pudian Road (Line 4).
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Figure B.22: Temporal pattern of group travel behaviour at West Gaoke Road (Line 6).
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Figure B.23: Temporal pattern of group travel behaviour at Jianchuan Road.
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Figure B.24: Temporal pattern of group travel behaviour at Shanghai Swimming Centre.
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Figure B.25: Temporal pattern of group travel behaviour at Panguang Road.
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Figure B.26: Temporal pattern of group travel behaviour at Linyi Xincun.
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Figure B.27: Temporal pattern of group travel behaviour at Yunshan Road.
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Figure B.28: Temporal pattern of group travel behaviour at Wuwei Road.
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Figure B.29: Temporal pattern of group travel behaviour at International Passenger Termi-
nal.
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Figure B.30: Temporal pattern of group travel behaviour at Middle Chuangxin Road.
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