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ABSTRACT
Achieving a better understanding of urban places benefits a variety of applications,
such as urban planning, marketing, tourism, etc., hence it is a long-standing
research topic. With the development of internet and mobile technologies,
increasing number of individuals are contributing their place-related local
knowledge through geo-referenced social media (GSM). This provides us new
opportunities to obtain an accurate, detailed and dynamic understanding of urban
places in a convenient and efficient way.
However, place is a vague and abstract concept that is perceived and
communicated by people, therefore it is difficult to formalise place information in
digital systems. Furthermore, there are many issues in the extraction, organisation
and analysis of place-related information from the disorganised local knowledge in
GSM data, such as extracting local place names, estimating vague boundaries,
inferring and representing their characteristics, especially in the complex and
dynamic urban context.
This research first defines a concept of place profile, as a structural information set
with four elements, name, location, activities and time. A framework integrating
spatial, temporal and semantic analysis is then designed to extract and formalise
the information in GSM data regarding to these place elements. Two different
approaches of associating GSM data to places are developed and presented,
corresponding to the spatial and platial perspectives: the location-led approach
which associates data to pre-defined spatial units, and the innovative name-led
approach that associates data to place names. It is hoped that the place-profiling
theory, the research framework and technical innovations presented in this thesis,
can help to advance the formalisation of place in modern digital information
systems, and benefit future urban place related studies and applications.
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IMPACT STATEMENT
In this thesis, a novel theory of place-profiling is proposed, to facilitate the process
of formalising the vague and abstract place-related information into structured and
computable digital profiles. Based on this theory, a research framework is designed
to extract, organise and analyse urban place information from the ubiquitous usergenerated contents, geo-referenced social media. To process the spatial, temporal
and semantic information, the framework incorporates methods from a variety of
research fields ranging from geographical information science, natural language
processing, information retrieval and statistics.
Compared to the information presented in conventional place databases, the place
profiles generated by the approach proposed in this study can provide more
insights to the complex and dynamic urban places, such as locally-used place
names, estimations of vague place boundaries and dynamic variances of activities
associated to the place. This can help to efficiently obtain and organise the
valuable local knowledge about place in a data-driven manner, which was difficult
to achieve in the past.
From an academic perspective, the research presented in this thesis can advance
the existing knowledge of formalising place in modern information systems.
Moreover, the innovative name-led approach proposed in this thesis can assist the
general shift from space-based analysis to place-based analysis in the context of
geographical information science. This breaks the conventional limitations of using
pre-defined rigid spatial units to analyse places and creates a more flexible and
people-centred way of perceiving places.
By providing theory and methods to analyse urban places and their connections,
this research will benefit a wide range of urban place-related applications. For
example, with such detailed and dynamic understanding of urban places achieved,
site-selections for retail business can be more convenient. In fields such as urban
planning, such knowledge can aid more efficient distribution of resources and
planning of new infrastructure to maximize their usage. In marketing and tourism,
more targeted planning can be made using the information gathered about places,
specific to location, target audience and even time of day. In general, it is hoped
that this research can assist in advancing the development of smart city, where
information about place can be better gathered, processed and utilised.
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1 INTRODUCTION
1.1 Motivations
Places can be termed as “spatial locations that have been given meaning by
human experience” (Tuan, 1977). According to this definition, a place is associated
with a geographical location that can be spatially referenced, and it also contains
meanings that are formed through the reoccurrence of experiences and activities
of people at that location (Brandenburg and Carroll, 1995; Goodchild and Li, 2011).
The meaning of a place is generally unique to different individuals and may vary
as the context (including time, activity and location) change (Relph, 1976). In
contrast to natural and rural places, urban places are particularly complex owing
to the concentration of people and consequently the diversity and dynamics of their
experiences and activities, hence understanding urban places has been a longstanding research topic (Batty et al., 2012; Sepe, 2013; Roche, 2014).
In geographic information science (GIScience), which is the subject of computing
and analysing spatial information, most place-related research in the past was
simplified as spatial analysis, which only represents a place as a point or polygon
in space (Longley et al., 2005; Goodchild, 2010). In contrast to the space-based
analysis (spatial analysis), the concept of place-based analysis (otherwise known
as platial analysis) has attracted more attention over the last decade, which treats
place as a notion that has vague and dynamic spatial and semantic attributes
(Agnew, 2011; Goodchild and Li, 2011; Goodchild, 2015; Purves and Derungs,
2015; Roche, 2015). It has been noted when determining the interaction between
people and their inhabitant environment, which forms the basis of most urban
issues, platial analysis offers new insights beyond traditional spatial approaches
because human cognition and activity are more aligned with place rather than
geometric space (Goodchild, 2015). For example, the recognition of places in daily
communications tends to focus more on names and characteristics, with less
attention to spatial factors, such as coordinates and distance. To apply platial
analysis, the place information needs to be better organised and formalised.
Moreover, it has been suggested by many researchers that the modern urban
environment is comprised more of a network of places than of areal spaces
(Castells, 2010; Batty et al., 2012; Roche, 2015). Urban areas that are distant from
each other in space may be related if they provide the same function or are visited
by the same group of people. With a strong understanding of urban places and the
18

relations between them, resources and services could be better distributed and
managed, benefiting a variety of applications in urban planning, retail and
marketing, policing, transportation, tourism, health care and many other fields
(Glover, Hartley and Patti, 1989; Davoudi, 2003; Cronin, 2008; Batty, 2013;
Arribas-Bel, 2014; Malleson and Andresen, 2014; Goodchild, 2015; Salas-Olmedo
et al., 2018). Therefore, how to capture and describe the characteristics and
dynamics of urban places becomes an interesting and valuable task.

1.2 Profiling places in information systems
Conceptually, a place can be described as a specifically named location where
particular activities take place at a unique time (Chan Chun et al., 2014; Roche
2015). In the past, place-related studies were mostly descriptive rather than
computable because of a lack of definitions that would allow a formal approach to
capture and model places in informational systems. However, in this digital age,
urban places are required to be well defined and formalised in order to be analysed
in computing systems (Goodchild and Li, 2011; Roche, 2015). The process of
collecting and formalising the knowledge of a place is the construction of the profile
of it, which contains the fundamental elements for the place to be identified, such
as name, location, activities and time. Such a profile of a place is essential to allow
place-based information to be shared and used in “a rigorous and scientific way of
reasoning” (Goodchild and Li, 2011; Roche, 2015). The profile of a place also
allows it to be related to and compared with other places through computing not
only the spatial distance between places, but also the characteristics.
In the past decades, based on the limitation of producing and collecting placerelated data, it is almost impossible to generate an accurate, detailed and dynamic
profile of urban places efficiently (Jenkins et al., 2016). Previously, the profiles of
places were mostly built upon the knowledge produced by authorities and urban
institutions, such as remote sensing (RS), surveys, census and digital gazetteers
(Liu et al., 2015; Adams, 2012; Ciuccarelli, Lupi and Simeone 2014; Keßler,
Janowicz and Bishr, 2009). Although these data are well-organised, reliable and
explicit, they have many limitations, such as small sample size, low frequency,
being time consuming and possessing high costs (Adams, 2012; Steiger, de
Albuquerque and Zipf, 2015). Moreover, they only describe the urban places from
a general and static perspective.

19

In recent years, the emergence of crowd-sourced big data has brought about great
opportunities to develop a better understanding of urban places (Malleson and
Birkin, 2014; Jenkins et al., 2016). The growing availability of mobile devices
equipped with GPS sensors permits users to participate actively through mobile
applications and location-based services. This allows the general crowds to
contribute their local knowledge of place in a bottom-up manner, in formats of
online mapping, GPS tracks, geotagged photos and text, etc. While traditional
approaches of understanding place (e.g., gazetteers) are formulated from explicit
knowledge restricted to places’ geographical and physical information (Keßler,
Janowicz and Bishr, 2009), constructing profiles of places with crowd-sourced data
can provide implicit knowledge about places inferred from people’s activities
across time. Among the crowd-sourced data, the georeferenced-social media
(GSM) data has both semantic information (text) and high-resolution spatial and
temporal information, hence having great potential and advantages in profiling
places (Elwood, Goodchild and Sui, 2012). These features allow GSM to be used
in generating descriptions of the basic elements of urban places, including name,
location, activities and time. On top of that, the meaning of place can now be
inferred through the analysis of the semantical content of GSM data, which was
technically impossible previously (Roche, 2015; Jenkins et al., 2016).

1.3 Challenges and gaps
Although GSM data has demonstrable potential for understanding place-related
issues, how to make full use of the data to construct a detailed profile of place is
still an ongoing research topic (Jenkins et al., 2016). Many studies that have
revealed part of the profile of place. For example, boundary detection has been
employed to analyse name and location (Zhang et al., 2013; Le Falher, Gionis and
Mathioudakis, 2015; Gao, Janowicz, et al., 2017; Yin et al., 2017), functional region
analysis has identified the activities (Cranshaw, Hong and Sadeh, 2012; Hasan,
Zhan and Ukkusuri, 2013; Steiger, Ellersiek and Zipf, 2014) and event-based
research has focused on specific activities and their spatial and temporal influence
(Steiger et al., 2011; Cheng and Wicks, 2014). However, the elements of a place
do not exist in isolation - they are interlinked to characterise a place that is unique
and differentiated from others. To construct a comprehensive profile of urban
places, all the elements (name, location, activity and time) should be described
and integrated. Therefore, a comprehensive and systematic research framework
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is needed to combine the spatial, temporal and semantic analysis to construct
profiles of urban places and analyse places and their relationships according to the
profiles.
Before designing the framework, a formalised definition of the profile of a place
should be given to structurally organise the relevant information of each place. With
regards to extracting place-related information from GSM data, many challenges
exist, including the identification of vernacular place names, estimation of vague
boundaries of intra-urban places, examining the dynamic characteristics of places
and presenting multidimensional place information. Moreover, a comparison
between the space-based and place-based approaches of describing and
analysing urban places, will be interesting under the shift from space to place in
the context of GIScience (Winter, Kuhn and Krüger, 2009; Goodchild and Li, 2011;
Roche, 2015).

1.4 Aim and objectives
The aim of this research is to develop a framework to extract, organise and analyse
information from GSM data, and thereby generate formalised profiles of urban
places. Such a framework is designed for the needs of place-based analysis, which
allows us to arrive closer to a meaningful representation and analysis of urban
place. In order to achieve this aim, a number of objectives must be met, defined as
follows:


Objective 1: Review the concept of place and existing research on profiling
urban places; identify gaps and challenges.



Objective 2: Propose a formalised definition of place profile, which can be
used to organise and represent the multi-dimensional information of urban
places. The definition should consider both the concept of place and
abilities of GSM data; it is expected to uncover the potential of GSM data
and generate more insights into urban places with such place profiles.



Objective 3: Develop a framework that compiles methods to extract
information from GSM data and incorporate them to generate the place
profiles as defined in objective 2. The methods compiled in the framework
should be able to address the challenges specified in objective 1.
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Objective 4: Demonstrate the application of the framework and compare
the place profiles generated using our approach with the existing
knowledge.

1.5 Thesis structure
This thesis consists of eight chapters. A summary of each chapter is provided
accordingly in this section.
After the introduction, Chapter 2 reviews the literature that motivate this research
and discusses the relevant state-of-art studies of urban places. Within this chapter,
the first section 2.1 explores the discussion of the place concept, identity of place
and need for studying urban places. Section 2.2 explores how the vague concept
of place is being formalised in informational systems, specifying the core elements
of describing a place, including place name, location, activities and meanings. In
addition, the importance of time in describing place within the dynamic urban
context is briefly discussed. Section 2.3 reviews multiple commonly used
approaches and data sources for describing place. Through the comparison, it is
noted the emergence of GSM data makes it possible to generate detailed and
dynamic profiles of urban places in an efficient fashion. Section 2.4 reviews the
existing studies of urban place with GSM data in four major categories according
to the place elements they focus on while also identifying the remaining challenges.
Chapter 3 proposes the place-profiling theory and develops the research
framework of generating place profiles from GSM data. Section 3.1 offers a
detailed explanation of the theory, including the issues of representing place
elements and integrating them to produce a profile, specifically relating to the
features of GSM data. Section 3.2 describes the research framework with five
modules, which are explained respectively. In section 3.3, two different approaches
of aggregating point-based GSM data to place observations are mentioned and
briefly discussed.
Chapter 4 describes the data used in this research and demonstrates the preprocessing and labelling analysis. The collection of Twitter data and description of
the data features are explained in section 4.1. As the first module in the framework,
the pre-processing of Twitter data is illustrated in sections 4.2 and 4.3, to process
the semantic and temporal information. The collection and features of Point of
Interest (POI) data is described in section 4.4.
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Chapter 5 reports the detailed procedures and methods of the location-led
approach for generating place profiles from the labelled Twitter data. Section 5.2
illustrates the issues and procedures of associating point-based Tweets to spatial
units. Section 5.3 describes the calculations regarding activity and time information.
Section 5.4 proposes two ways of analysing places with the profile. A case study
is presented in section 5.5 to demonstrate the results. Different spatial units were
used to represent urban places, and their strengths and limitations are covered
with the case study results in section 5.5.2. The place profile, which includes name,
location, activity and time information, is demonstrated in 5.5.3. A web-based
dashboard of displaying place profiles is introduced in Section 5.5.5. Based on the
case study, the value and limitations of the location-led approach of profiling urban
places are discussed at the end of this chapter.
Chapter 6 presents the name-led approach for place-profiling, which is an
innovative approach proposed in this research. The challenges of this approach
and general procedures are first introduced in section 6.1. Section 6.2 puts forth
our innovative way of identifying place names from Twitter data, which incorporates
NLP and spatial analysis techniques. Sections 6.3, 6.4 and 6.5 elucidate how place
profiles can be generated for the identified places. A density-based spatialclustering approach is utilised to estimate the spatial extents of the places. A case
study is then presented in section 6.7. The procedure of identifying place names
and estimating the spatial extent of place are exhibited in section 6.7.2 and 6.7.3.
The generated place profiles are demonstrated in section 6.7.4 and evaluated with
the POI data and subjective judgements in section 6.7.5. Further analysis of using
place profiles to investigate urban places and their links is demonstrated in section
6.7.6 and 6.7.7.
Chapter 7 presents a case study for applying the place-profiling framework in
targeted advertising, the areas around London Underground stations are chosen
as the study area. Background of the case study is introduced in section 7.1. The
procedures of generating profiles for the stations and their surrounding areas using
Geotagged Tweets are illustrated in section 7.2. Results of station profiles are
displayed and discussed in section 7.3. Section 7.4 and 7.5 demonstrates how the
station profiles can be used to assist advertising from a variety of perspectives.
The contributions and limitations of the case study are discussed in the last section.
Chapter 8 summarises and concludes the research. Section 8.1 reviews the
research and findings regarding to the objectives. Section 8.2 highlights the
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theoretical contributions and technical innovations of this thesis. Section 8.3
specifies the limitations and indicates the future studies. A concise conclusion is
given at the end of the chapter.
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Chapter 2
Literature Review
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2 LITERATURE REVIEW
This chapter reviews the literature on the concept of place, basic elements of place,
data sources used in describing urban places and challenges, especially for the
GSM data. The chapter is organised into five sections. The first section reviews
the concept of place as both a spatial concept and experiential construction to
reflect how people perceive place and the complexity of places. The second
section discusses the identity of place and the basic elements of constructing the
profile of a place. The third section reviews the multiple data sources employed to
construct the profile of places, both in terms of institutional data and usergenerated data. The fourth section reviews the potential and challenges of using
GSM data to profile urban places. The last section summarises the chapter and
emphasises the research gaps that the current work is going to fill.

2.1 The concept of place
Place is a fundamental concept to study the interaction between people and space,
frequently used in a variety of fields, such as social science, geography and urban
planning. It is a vague term with different interpretations across various domains,
hence leading to multiple models employed to represent it. Before a methodology
framework to collect and describe the information and knowledge about place can
be developed, the concept of place must be clarified.

2.1.1 The definition of place
According to the Oxford dictionary1, place mostly refers to “a particular position,
point, or area in space; a location”. This definition indicates that a place is a
geographical entity that should be able to be located. A place can be spatially
referenced in multiple ways, an absolute coordinate system (e.g., latitude and
longitude), a postal address (a named or numbered building, street, city and
country), a postcode, or just a description of relative position to another location
(e.g. the café is on the south side of the road, opposite the tube station). It has also
been indicated that a place can be cartographically represented with a geometric

1

https://en.oxforddictionaries.com/definition/place
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form, which can be a point (e.g., a building), a line (e.g., a street) or an area (e.g.,
a park), although such a form may change in different spatial scales.
However, a place is more than just a simple physical space that is solely
represented by its spatial location and geometric form, it is also an experiential
construction of people (Relph, 1976; Tuan, 1977). As Curry (1996) indicated, there
are no natural boundaries of place that “existed long before people were there” as
place is in fact a “location that has been given shape and form by people”. A
location is given a meaning when it is associated with the actions and interactions
of people, hence forming a place. For example, a town is an area where a cluster
of people dwell and interact with each other; a library is a building or room that
contains collection of books for people to read and borrow. In these examples, the
“area”, “building” or “room” are just physical objects (locations), but “town” and
“library” are places as they are embedded with administrative or functional
meanings related to or derived from people’s activities. Moreover, the meaning of
a place sometimes can also be interpreted by the emotional attachment that people
ascribe to it, which is unique and crafted from personal experiences (Tuan, 1977).
For example, “home” is the place where people normally have the most intimate
experiences and strongest attachment. Such personal experience and emotional
feelings that individuals hold for a place is known as the “sense of place” (Tuan,
1977; Agnew, 1987). It is the meaning of a place that makes it unique and
identifiable. Therefore, place is constructed out of both the physical settings and
reoccurrence of experiences and activities of people (Brandenburg and Carroll,
1995; Jenkins et al., 2016). In short, places can be deemed “spatial locations that
have been given meaning by human experience” (Tuan, 1977).

2.1.2 Urban places
Although place may refer to any meaningful location, such as natural place
(mountain, sea, and desert), rural place (small town and village) and urban place
(city), this research is particularly interested in analysing the urban places. A
majority of the population of the world is concentrated in cities, and the urban
population is still rising, with estimations of 68% of the world’s population living in
urban areas by 2050, such phenomenon is also known as urbanisation (Pacione,
2009; Gopal et al., 2016; United Nations, 2018). As places are associated with
people’s experiences and activities, urban places are thus particularly complex and
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interesting owing to the high density of people and consequently the diversity and
dynamics of their experiences and activities.
It has been noted that the modern digital city is based more on a network of places
than on areal spaces (Castells, 2010; Batty et al., 2012; Roche, 2015). Urban areas
that are isolated from each other in space may be linked in terms of their functions
and characteristics. Therefore, in the complex and dynamic urban environment, a
robust understanding of places and the connection between them is very important
and necessary so that resources and services can be better distributed (Batty,
2008). For instance, knowing the characteristics of places and their interactions
can be useful in assisting urban functional region planning (Davoudi, 2003; Massa,
2016); identifying suitable locations for retail and marketing (Glover, Hartley and
Patti, 1989; Lichtenthal, Yadav and Donthu, 2006; Cronin, 2008); guiding
transportation-related planning and operations (Batty et al., 2012; Arribas-Bel,
2014); enhancing experiences of visitors and tourists (Hu, Mckenzie, et al., 2015;
Salas-Olmedo et al., 2018); reasoning crime patterns and evaluating influences
(Malleson and Andresen, 2016); comprehending and analysing health-related
behaviours and problems (Goodchild, 2015; Yang and Mu, 2015) and many others.
Therefore, how to capture and describe the characteristics and dynamics of urban
places becomes an interesting and valuable task.
However, it is difficult to obtain a detailed and dynamic understanding of urban
places. At the simplest level, urban places are officially described by variables like
population in built-up areas, predominant economic activities and administrative
boundaries (Gopal et al., 2016). However, such descriptions are limited to public
perception on a large scale, which are different from and far less detailed than what
individuals or communities have in mind. The urban places in human cognition are
more complex, involving many variables that are created in a subjective process
and not quantitatively articulated or generalised, such as the vernacular (unofficial)
names, vague boundaries and meaning of places. For example, the Euston area
in London may be treated as a transportation hub because of the Euston national
railway station, though it can also be perceived as education-related based on
University College London (UCL), art-related because of the Welcome Collection
(an art exhibition venue), medical-related because of UCL hospital and foodrelated because of the restaurants. The place “Euston” is a bigger area that covers
those smaller places, and the characteristics of Euston are influenced by them
contemporaneously, thus it is difficult to formally describe and represent such a
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place. As such, there is a great need for a more detailed and structured framework
to describe urban places.

2.1.3 The identity of place
Conceptually, a place can be described using the information presented about it,
including the name of the place, its location, ongoing activities and so forth. These
aspects of information construct the identity of place, which could be used to
uniquely recognise a place and differentiate it from others (Lynch, 1960). According
to Relph (1976), the identity of place should be made up of three major components:
the physical setting, activities and meanings. People experience the physical
space through activities (such as dwelling, working and visiting), and the meanings
of the space are formed with such experience. Similarly, Agnew (1987) indicates
three fundamental elements of the identity of place: location, locale and sense of
place. In his explanation, location is the answer via the physical position in space
in contrast to everywhere else; the locale is the property of the location, which can
be defined by the physical objects and activities associated with it, such as a
church or mountain; and the sense of place uncovers the personal and emotional
attachment or experience that individuals or communities have toward the place.
These two definitions of place identity both emphasise the importance of location,
activity and meaning to make a place distinguished from others. The information
of place can thus be organised and expressed in a descriptive way via addressing
the place identity. For example, people can describe the place, “University College
London”, by clarifying its function, “a university”, and location, “Gower street in
London”. However, such a description cannot be easily processed by computers,
and the place objects are difficult to be compared or related to in this way as the
information is not formalised.

2.2 Formalising the information of place
According to the theoretical conceptualisations of places (Lynch, 1960; NorbergSchulz, 1971; Relph, 1976; Tuan, 1977; Agnew, 1987, 2011; Canter, 1997), a
place is a named location where people engage in certain activities and attach their
feelings. In the digital age, the information of a place needs to be formalised in
order to be analysed in computing and informational systems (Winter, Kuhn and
Krüger, 2009; Goodchild and Li, 2011). The formalised description of a place is the
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profile of it. The meaning of place or the sense of place are both subjective and
abstract concepts, which cannot be easily formalised, hence are suggested to be
inferred from events and activities (Roche and Rajabifard, 2012; Sepe, 2013).
According to this, the formalisation of an identifiable place consists of the following
feature elements: name, location and activities (meanings). The definitions of these
elements, how they have been described and the problems representing them are
reviewed and discussed in this section.

2.2.1 Name
The name of a place is an essential element of a place -it allows it to be identified
and referred to. When explorers arrive in a new territory, the first task they carry
out is naming the territory, which permits them to “carve out a portion of what was
inchoate and turn it into a place, of which they can talk and to which they can return”
(Curry, 1996; Vasardani, Winter and Richter, 2013). Places on the earth are mostly
given names, as people look for distinguishing labels to use in describing aspects
of their surroundings. These names are subsequently adopted by other people.
A place is a “named domain that can occur in human discourse (by contrast,
references to latitude and longitude in human discourse are of course extremely
rare)” (Goodchild and Li, 2011). The shared knowledge of place names allows
geographic locations and other features of the place to be communicated in
everyday interactions and activities, and recorded in text documents with the
geographical context (Vasardani, Winter and Richter, 2013).
Normally, an official, set naming system (toponym) exists in every country,
regulated by governing authorities for standardisation purposes. However, only
certain place-names are officially authorised, and many more are unofficially
recognised and adopted locally, termed as vernacular names (Vasardani, Winter
and Richter, 2013; Purves and Derungs, 2015). For example, New York City is also
known as “the Big Apple”, and the home ground of the Manchester United Football
club (Old Trafford stadium) is called “Theatre of Dreams” by their fans. Furthermore,
in our daily communications, the name of a place can be temporally substituted by
the name of the event or activities occurring there (Chan, Vasardani and Winter,
2014). For example, Hyde Park in London becomes the “Winter Wonderland”
around Christmas.
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Name is an important feature of a place, but there are many problems in identifying
a place solely by its name. One name may refer to different places in different
locations. For example, London may refer to the city in the UK as well as the city
in the state of Ohio in the USA, and McDonalds may refer to thousands of different
places as it is a shared name of the fast food restaurant. A same name may even
be shared by different physical objects geographically close to each other.
Leicester Square is an area in central London, while it is also the name of the
specific garden, the specific theatre and the tube station within that area.

2.2.2 Location
Location, as one fundamental element of a place, answers its physical position in
the space in contrast to everywhere else (Agnew, 1987, 2011). As the first law of
geography indicates, “everything is related to everything else, but near things are
more related than distant things” (Tobler, 1970). Characteristics of a place and its
relation to others depending on its location to a large extent.
In daily communication, location is usually vaguely described by simply referring to
the place names with the spatial relation of one place to another, e.g. London is in
the south of UK; the café is on the north side of the road, opposite the tube station.
Place names can thus be treated as a qualitative reference system for describing
spatial locations, however, these are very ambiguous (Goodchild and Hill, 2008;
Vasardani, Winter and Richter, 2013).
Formally, the location of a place can be represented by a postal address that
describes the location in a hierarchical referencing structure, from country, city to
road and building. In the UK, places can also be accurately positioned by
postcodes. A full postcode designates an area with several addresses or a single
major delivery point. The structure of a postcode also follows a hierarchical
referencing structure, which has two parts. The first half is a one- or two-letter area
code named after a local city, town or area of London, followed by one or two digits
signifying a district in that region. The second half is an arbitrary code of one
number and two letters to differentiate the detailed location. The space can also
be partitioned into basic spatial units using other referencing systems, like the
postcode system, such as output areas of the UK national census survey (Office
for National Statistics, 2011). Location of each spatial unit is pre-defined and fixed
in such systems.
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In the digital world, the location of a place can be explicitly described with an
absolute coordinate system. Conversion from named place to coordinates is called
geocoding, which depends fundamentally on the officially built place name
databases (gazetteers) (Hill, 2000). More details of gazetteers are described in
section 2.3.1.
The description regarding location of a place is not just about its position, but also
its geometric form and spatial extent. As indicated by Norberg-Schulz (1971), the
spatial structure of urban places can be organised into three categories according
to the fundamental geometry forms: districts (areas), paths (lines) and significant
centres (points). For example, in London, there are districts (Westminster, West
Ends), paths (Thames River, M25 highway, Oxford Street) and significant spots
(London Eye, Big Ben). The point-like place is much easier to be described than a
line and area. However, the geometric form of a place is variable depending on the
spatial scale, and a point feature may become an area when observed at a smaller
scale.
The spatial extent of an area-type place may be vague unless it is officially defined,
hence most places in daily communication do not have a crisp boundary in the
mind of people who refer to them. As a solution, the urban areas are officially
defined with the various administrative tessellations, thus boundaries of them can
be clearly identified, such as boroughs, wards and output areas (Lynch, 1960;
Jones et al., 2008). A tessellation can be defined as a partitioning of a big area into
small sub-areas, every spatial point lies in exactly one of the sub-areas and there
is no blank space between the sub-areas. These officially defined administrative
units are suitable to be used as reporting zones for social statistics from a general
perspective. However, the urban places in daily communication of individuals and
communities are not always same as such officially defined units. The boundaries
of urban places are vague and not fixed, which are likely to vary between people
and communities, and may also change through time (Montello et al., 2003;
Goodchild and Li, 2011).

2.2.3 Activities and meanings
As illustrated with the concept of place, a place is not just a location with a name it is a centre of action and intention and “a focus where we experience the
meaningful events of our existence” (Norberg-Schulz, 1971). Places are
meaningful locations in space notable for the fact that regular or specific activities
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occur there, such as those in underground stations, shopping centres and libraries.
It has also been recognised that some places are unique and significant because
they possess some personal, historical or cultural meaning (Tuan, 1977). For
example, the physical appearance of a house may be ordinary among its
surroundings, but the house is memorable for the public if a well-known person
ever lived or worked there, and some may even become a museum (e.g., Baker
Street 221B is famous because of Sherlock Holmes).
As Relph (1976) indicated, “a village (town or city) is not just a bunch of places; it
is many bunches at the same time, because it is a different bunch for each
inhabitant”. The locations of the lived-world that we perceive as meaningful places
are differentiated because they involve a concentration of our intentions, attitudes,
purposes and experience (Lynch, 1960). The meaning of urban places can occur
at different levels according to social structure: individual, community (group) and
public (consensus) (Lynch, 1960; Relph, 1976).
For each individual interacting with a place, present situation, activity and intention
forms their understanding (Relph, 1976). For example, people will have different
understandings of the same road when they are walking on it versus driving on it.
The meaning of a house maybe different when the individual is living in it versus
when they are moving out of it. For different individuals, the same place would have
distinctive meanings. This is not only because each individual experiences a place
from their own unique set of activities and intentions, but more essentially because
everyone has their own mix of personality, memories, emotions and background
(Lowenthal, 1961; Relph, 1976).
Even though the meaning of a place varies quite extensively among individuals,
some overlap can be found. This happens because individuals are not entirely
independent, their understanding of place can also be affected by community
perception through shared similarities (Relph, 1976). Individuals in the urban
environment do not exist alone - they socialise and through their interactions, find
others who share similar perceptions of the same place. These perceptions
(common languages, symbols, experiences and others) lead them to comprise a
bigger community (Berger and Luckmann, 1991). For example, people with similar
interests and activities may form an interest community, people living within a
particular area may create a local neighbourhood community and people
performing the same job may compose a professional community. The meaning of
a place for different communities would be different based the varying activities
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engaged in within the place, and the different interests and biases of the group.
For example, the places in a city have very different meanings to urban planners,
tourists and residents. The shared understanding of the place allows the
individuals within the community to coordinate their activities and interactions, as
well as interact with the place itself in a harmonious manner.
Although one place may have different meanings for various individuals and
groups, there is nevertheless some common ground of agreement about the
meaning of that place for all the citizens interacting with the place. The meaning of
place is unique to individuals, yet at the same time follows public perception when
the similarities are emphasized in daily interactions. The public meaning of a place
is common to the various communities of knowledge, and comprises the agreed
upon physical features, major functions and other verifiable components of the
place (Relph, 1976).
The meaning of a place to an individual is specific and subjective. When
aggregating the meaning of place from the individual to community level, and from
the community to public level, similarities are emphasised. Meanwhile, the
distinctions between the assimilating units are weakened, resulting in the loss of
distinctive characteristics of participating units (Schwartz and Hochman, 2014). As
a consequence, the meaning of place at the public level is the most superficial one,
reflecting the predominant general similarities of the society and losing sight of the
unique traits of community meanings.
Traditional interpretations of meanings of place are limited to the public level, but
a more appropriate description of a place should contain multiple meanings at the
same time. For example, the Leicester Square area in London is a commercial
area in general. However, more specifically, there are many Chinese restaurants
and supermarkets that attract the Chinese community, and there are cinemas and
theatres favoured by movie and musical lovers. Therefore, the description of urban
places should be encompassing enough to reflect the public meaning of the place
yet should not lose sight of the more specific meanings of the place held by the
varied communities.
The meaning of place is essential to understanding the place, but is difficult for it
be represented in a concise and formalised description. Activities, on the other
hand, can be recorded, measured and formalised. Therefore, it has been
suggested by many researchers that the meaning of place can be inferred from
activities (Cheshmehzangi and Heath, 2012; Zakariya and Harun, 2013).
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2.2.4 Time
As Wagner (1972) indicates, “place, person, act and time form an indivisible unity.
To be oneself, one has to be somewhere definite, do certain things at appropriate
times”. From the perspective of describing place, a place should be described as
the context where certain people do certain things at certain times. Therefore, the
formalisation of place is not complete without the consideration of time.
The name, location, activities and meanings of a place can change over time,
which makes the static description of place incomplete and inaccurate in many
cases where up-to-date information is required (Batty et al., 2012; Goodchild, 2013;
An et al., 2015). The change of a place can happen over years, months or even
hours depending on the interaction of people with it. For example, in the long-term,
urban areas are expanding and transforming, and buildings can be built or
demolished. In the short-term, the activities occurring within a place could be
different within a day or a week, and different events may take place at the same
location over a few hours. Time, therefore, provides a continuity to the experience
of place, and place should be described in a dynamic manner (Chan, Vasardani
and Winter, 2014; Wang et al., 2016). This is especially evident in the complex and
evolving urban environment (Batty, 1971).

2.3 Analyse place with different data sources
Place is a complex concept associated with both physical location and experiences
of people, which has mostly been interpreted as a vague and subjective social
concept over the past decades. However, in the digital age, urban places are
required to be well-defined and formalised in order to be evaluated with computing
systems (Goodchild and Li, 2011; Batty et al., 2012; Roche, 2015). The profile of
a place is the formalised information covering the core elements of places as
discussed in the previous section.
In this section, multiple data sources that have been used to construct the profile
of urban places are reviewed and discussed. According to how the data has been
produced, they can be organised into two types: institutional data (top-down) and
user-generated data (bottom-up).
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2.3.1 Institutional data
Many efforts have been made by geographers and urban planners to construct the
profiles of places. Previously, they were mostly created with data sources
produced by urban institutions, such as remote sensing (RS) satellite images,
census data and gazetteers.
Remote-sensing techniques perform well in extracting physical structure, such as
texture of urban space and land cover types, even the change of the landscape
through time (Gao, 2015; Liu et al., 2015). However, high-resolution remotelysensed data is limited to monitoring land cover as characteristics of place is difficult
to infer from physical infrastructure, especially in mixed urban environments.
Census data is widely used in political and social studies because it associates
socioeconomic statistics to predefined spatial units, such as output areas and
boroughs (Martin, Cockings and Harfoot, 2013; Sloan et al., 2015).
Both RS data and census data cannot provide information on the activities and
meanings of urban places. Moreover, the information on place within these two
data sources cannot be retrieved by querying the place name. In contrast, a digital
gazetteer is more likely to match the definition of the profile of place, which can be
regarded as “geospatial dictionaries of geographic names” and commonly used for
information retrieval based on place names (Hill, 2000).
A digital gazetteer is a list of standardised place names that is officially recognised
by the authorities for administrative and postal purposes (Goodchild, 2015).The
gazetteers are traditionally built from explicit knowledge of formal places’
geographical and physical information (Keßler, Janowicz and Bishr, 2009;
Goodchild and Li, 2011). Additional attributes (e.g., population) could be linked to
the place through place names, with digital gazetteers thereby bridging the formal
statistical information of place and informal human discourse (place name). A
variety of digital gazetteers have been built from authoritative data sources for
commercial, governmental, academic and public purposes, such as “Google Maps”,
“Alexandria Digital Library”1 (Hill, 2000) and “Geonames”2 .
The places in digital gazetteers are formally defined by three core elements: place
name, feature type and spatial footprints (Hill, 2000). Place names included in
gazetteers are the subset of proper or authoritative names. Thematic tags (feature
type) and coordinates (footprints) are linked to each place name. The type of a
1
2

https://www.alexandria.ucsb.edu/
http://www.geonames.org/
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place is selected from a feature-type scheme defined by the experts, which
identifies the general characteristic or function of the place, such as mountain, city
or airport. The footprint indicates the spatial location of the place, which can be
represented by point, bounding box, line, polygon or grid (Hill, 2000). It is
interesting to note that a place can have different footprint representations in
various resolutions.
The digital gazetteers are useful and effective in facilitating the place-related
communication between government agencies and institutions. This is because
digital gazetteers are well-organised, reliable and explicit, and the places in them
are officially recognised and approved by expert communities (Goodchild and Hill,
2008). However, there are many limitations of a gazetteer’s employment as the
profile of urban places. Firstly, gazetteers reflect the official or administrative view
of places (Jones et al., 2008), hence they do not include unofficial and vernacular
names that people often use in daily communications. Secondly, the vague spatial
extents of certain urban places are difficult to be represent in gazetteers (Gao et
al. 2017). Thirdly, the feature type of a place is selected from a specific pre-defined
category, which is not shared between gazetteers, and is not always adopted in
casual place descriptions. More specifically, they cannot capture the meaning of
place as perceived by individuals. Lastly, they only describe urban places from a
general and static perspective - the temporal variation of the place is not
considered, and the updating of gazetteers is not frequent. With regards to these
factors, user-generated data is deemed to be more appropriate in understanding
urban places.

2.3.2 User-generated data
Many urban researchers have attempted to construct the profile of place with
implicit local knowledge from the data generated by citizens. The local knowledge
derived from the daily experience of the local citizens could provide more detailed
and dynamic views, but is more difficult to retrieve as it is distributed across the
public (Ciuccarelli, Lupi and Simeone, 2014; Batty, 2016).
Previously, the description of urban places (e.g., the cognitive extents) have been
generated by interviewing citizens and asking them to draw maps or review
photographs, whereby cognitive maps or mental maps are thus created (Montello
et al., 2003; Pacione, 2009). For example, Montello et al. (2003) requested
individuals draw the boundary of “downtown Santa Barbara” on a map, and by
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analysing the drawings, the boundary with different certainties can be identified.
Clough and Pasley (2010) asked people to determine whether a place in a
photograph belonged to vague places (e.g., “the Midlands”, “Sheffield City Centre”,
“Hunters bar”), of which the geographic coordinates were known to the researchers.
The area of the vague place was then approximated based on the points (the
location of the photos) that were classified as inside the place from the responses.
However, acquiring local knowledge by these methods has many limitations:
limited samples, low update frequency and major cost in terms of time and money
(Adams, 2012; Steiger, de Albuquerque and Zipf, 2015).
In the last decade, it has become easier to understand places from a bottom-up
perspective as an increasing number of people have enabled to share their local
knowledge with the development of mobile technologies and the internet (ArribasBel, 2014). The growing availability of mobile devices equipped with GPS sensors
allows users to participate actively through mobile applications and location-based
services. The participation of individuals and their vast amount of generated data
has been commonly referred to with the term, Web 2.0 (O’Reilly, 2007). Such data
generated and contributed from crowds are thus known as crowd-sourced data
(Howe, 2006). Facilitated by new technologies, people are contributing their local
knowledge without the need of prior expertise. The content they generate is socalled User-Generated Content (UGC), as opposed to information produced by
professionals. Volunteered Geographic Information (VGI) is a subset of UGC that
is concerned with explicit geographical information. VGI is the information acquired
and made available to others through voluntary activities with the intent of providing
information associated with the geographic world (Elwood, Goodchild and Sui,
2012). UGC is created, assembled and disseminated by people without specialised
expertise but capabilities with Web 2.0, where such citizens play the role of “social
sensor” (Goodchild, 2007). Acting as social sensors, the general crowds contribute
the local knowledge of their activities and sense of places in a bottom-up fashion
through a variety of UGC formats, such as online mapping, GPS tracks, social
media, etc.
One type of UGC is collaborative online mapping, for example, the OpenStreetMap
(OSM). OSM is a platform where volunteers (who do not need to be experts in
mapping) can create and edit geographic features and the related descriptions of
maps, and its overall objective is to create a set of open, free, digital maps through
crowd contribution (Haklay and Weber, 2008). Compared to the limited
accessibility and high costs of the maps produced by national institutions, OSM is
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widely used by individuals, scholars and small businesses for place-related
research and applications. OSM volunteers use GPS devices to capture the
locations of geographic features (such as roads), then associate names and other
attributes to the identified features and compile them in the OSM database as
online maps (Elwood, Goodchild and Sui, 2012). To describe the non-spatial
information of the captured geographic features, contributors can create or choose
tags that are relevant and appropriate for them in the form of key=value pairs (such
as type=park; name=Hyde Park). Although it is a crowd-sourced means of
describing places, there are still many restrictions and rules when contributing
one’s local knowledge in OSM, and it is mostly based on a static perspective. For
example, the function and meaning of a place across different time periods may
not be efficiently reflected.
GPS trajectories and mobile phone calls and traces within a cellular network are
both popular user-generated data sources, and have been explored by many
researchers to understand urban places. For example, a taxi GPS trajectory data
set has been used to discover regions of different functions in a city and infer users’
personally semantic places based on their mobility patterns, such as the time,
duration and regularity of visits (Yuan and Raubal, 2012; Yue et al., 2012; Lv et al.,
2016). Similarly, mobile phone calls and traces have been employed to understand
the activities of citizens and estimate land usage types (such as residential,
commercial and industrial) based on temporal distribution of the calling activities of
different cellular tower-covered areas (Toole et al., 2012; Manley, Dennett and
Batty, 2015). The advantages of GPS and mobile phone data are that they can
offer individual-level insights into places and have precise timestamps that enable
the capture of the dynamics. However, owing to the lack of semantic information
(such as text), applying these techniques to determine the activity or meaning of
places is purely a consequence of the analysis of mobility patterns, which heavily
rely on the completeness and accuracy of the records. Therefore, profiling place
with these data is restricted, and only the patterns reflected by large-scale regular
activities can be extracted. Moreover, detailed GPS tracks or phone call records
are very sensitive with regards to privacy issues, hence they are held by institutions
or companies with restricted access.
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2.3.3 Geo-referenced social media (GSM) data
Social media data is one special kind of user-generated data. Social media
platforms refer to the virtual communities and digital networks where people create,
share, exchange and comment content (Ahlqvist et al., 2008), such as Twitter,
Facebook, Foursquare, Flickr and Instagram. According to Ahlqvist et al. (2008),
social media is rooted in three key elements: content, communities and Web 2.0.
Content is created by users in different forms, such as short text and photos, and
published on the web. The term “social” emphasises its key attribute, and people
use social media to interact with their friends or people that share similar interests.
Communities are hence formed, and content is created and spread across these
communities. The development of digital technologies in Web 2.0 enables people
to easily participate (Goodchild, 2007; O’Reilly, 2007). People are able to post
information about their activity and experiences surrounding the environment at
any given moment, and such a social media system is thus referred to as a
Participatory Sensing System (PSS) (Burke et al., 2006).
Social media data has been further enhanced by adding a spatial dimension with
location-embedded services, which has linked information from cyberspace to the
real physical place. Social media that enables users to associate geospatial
information with shared contents is termed geo-referenced social media (GSM)
herein. The concept of GSM here is slightly different from a Location-Based Social
Network (LBSN) in the literature (Zheng, 2014). A LBSN is normally defined as a
social networking platform based on location services (such as Foursquare), which
is quite dependent on the interactions between people and location (Roick and
Heuser, 2013). In contrast, GSM refers more to a social media platform where
people’s activities and experiences regarding their environment can be mediated,
and the physical location of the content can be attached but does not necessarily
need to be location-related. For example, Twitter is a GSM rather than LBSN
platform, while Foursquare is a LBSN application but can also be treated as one
based on GSM. Millions of people engage with places in their daily lives through
various types of GSM, for example, uploading geotagged photos via Flickr,
checking in at a venue on Foursquare or commenting on a local event with Twitter.
The general values and applications of GSM data in geographical and social
science have been discussed by researchers (Sui and Goodchild, 2011; Elwood,
Goodchild and Sui, 2012; Silva et al., 2013; Batty, 2016). GSM data is individuallevel data that reflects one’s behaviour with the finer resolution of spatial and
temporal information, therefore offering great opportunities in the research of urban
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places. Referring to this degree and scope, Arribas-Bel (2014) describes GSM data
as “an incredibly detailed lens through which to look at cities”. More details on the
value and challenges in using GSM data to understand urban places will be
discussed in Section 2.4.

2.3.4 Summary
This section has reviewed and compared several widely used data sources for
understanding urban places in the existing place-related studies. Over the past
decades, owing to the limitations in producing and collecting place-related data, it
has been almost impossible to generate an accurate, detailed and dynamic profile
of urban places efficiently (Jenkins et al., 2016). However, the emergence of GSM
data makes the construction of such profiles of urban places possible. Table 2-1
summarises the characteristics of the data sources mentioned earlier for
understanding urban places. Compared with other data sets, the open-access
GSM data has many advantages, hence can potentially lead to a better
understanding of urban places at a fine-grained spatial and temporal resolution, as
well as the activities and meanings of places (semantic).

Table 2-1. Summary of data sources for describing places
Name
(place
names)

Spatial
(location &
boundary)

Semantic
(activities
and
meanings)

Temporal
(timerelated
factor)

Perspective Others
(individual
(accessibility
or general) and costs)

Remote
Sensing

No

Location
and
boundary of
the image

Land-use
type based
on image
classification.

Updated
when the
satellite
revisits the
area

General

Census

Only
Pre-defined Socioauthoritative spatial units economic
name
(e.g., output statistics.
areas)

No
General/
temporal
individual
information;
updated
every 10
years

Open
access for
use, but
expensive
and timeconsuming
to produce

Digital
gazetteer

Only
Spatial
Feature type
authoritative coordinates; defined by
name
experts
Multiple
forms
(point,

No
General
temporal
information;
maintained

Open
access for
use, but
expensive
and time-
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Restricted
access

polygon,
grid, etc.)

by expert
community

consuming
to produce

Cognitive
map

Yes

Vague
Subject to
No
Individual
location and design of the temporal
boundary
interview
information.

Limited
sample and
timeconsuming

OpenStreetMap

Yes

Point, line
and polygon
with
coordinates

Usergenerated
tags; points
of interest

Open
access

GPS
trajectories

No

Stay points
and routes

Inferred from Detailed
movement
temporal
resolution

Individual

Restricted
access

Phone
records

No

The location Inferred from Detailed
of Cellular
movement
temporal
tower.
resolution

Individual

Restricted
access

GeoYes
referenced
Social Media

Points

No
General
temporal
information;
updated by
volunteers

Content
Detailed
Individual
(such as text temporal
and tags)
resolution;
almost realtime update

Open
access

2.4 Urban place studies using GSM data
The state-of-art of urban place studies using GSM data is reviewed in this section.
With regards to the element of place upon which the studies focus, the reviews are
organised into five groups: place name analysis, spatial analysis, semantic
analysis, temporal analysis and the integrations of these analyses.

2.4.1 Place name analysis
People may embed the place name into GSM posts and tags when they refer to
location (Han et al., 2014). For example, “I am waiting for my train at Euston
station”. Such a fact makes it possible to relate the place name with physical
location, which bridges the gap of human recognition and spatial representation of
place, not capable of being achieved by many other conventional data sources as
discussed in Section 2.3.
There are two different purposes for analysing place names in GSM. If the precise
location of the post is not given (such as a travel document or a non-geotagged
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Tweet), the place names mentioned in the post can be used to infer the actual
location with geo-locating methods. If the location of GSM is already known, we
can establish the place name terminologies adopted within the particular area.
Geo-locating analysis is for determining the coordinates of a text document,
including geo-parsing and geo-coding processes (Han et al., 2014). Geo-parsing
is a special case of Named Entity Recognition (NER), belonging to Natural
Language Processing (NLP). The idea behind geo-parsing is to parse the text
document and extract terms (named entity) that match the place names in
gazetteers (Sakaki, Okazaki and Matsuo, 2010; Vasardani, Winter and Richter,
2013). The geo-coding process is intended to convert the place names to
coordinates (e.g., latitudes and longitudes) (Lee and Sumiya, 2010; Roick and
Heuser, 2013). Both geo-parsing and geo-coding processes are heavily reliant on
gazetteers, and only the place names that occur in them can be detected. However,
the place names that exist in the official gazetteers are only a small portion of what
exists in the reality (Vasardani, Winter and Richter, 2013). For example, many
vernacular place names are only recognised within local communities. There may
arise new places, whose names cannot be added to the gazetteers in a timely
manner (Gao, Li, et al., 2017). Places may also have temporal names because of
the events or activities taking place at them (Chan, Vasardani and Winter, 2014).
In addition, sometimes, abbreviations for place are preferred in online
conversations and posts, e.g., LDN for London and GB for Great Britain. Such
vernacular names, new names, temporal names and short names are widely used
in everyday communications of citizens, however are difficult to be captured and
updated in conventional gazetteers. The crowd-sourced and up-to-date nature of
GSM provides opportunities to tackle these situations.
As a great number of GSM data are embedded with precise coordinates (checkins and geotags), it is relevant to perform reverse geo-coding analysis, referring to
extracting the alternate names of a particular location from the frequently
mentioned terms of the GSM post around that location. Several lines of research
have investigated supplementing the existing gazetteers with place names
identified in GSM data (Vasardani, Winter and Richter, 2013; Xu, Wong and Yang,
2013; Hu, Mao and McKenzie, 2018). For example, Chan et al. (2014) defined the
event-driven substitutions (EDS) for detecting temporal place names and aimed at
developing a dynamic place name database. They determined the event by
statistically analysing the Tweet rates of a known place name over time, then
extracting high frequency words that were supposed to contain the event name.
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They added the detected event names to the place name database within the time
frame where event names supersede conventional venue names. In their study, a
conventional place name was required prior to the detecting of the event, however,
which is not necessarily needed as the event can be discerned with spatiotemporal analysis, such as via burst detection or spatial clustering. The other issue
is much current research on extracting place names with NLP techniques consider
just an uni-gram (single word), however a place name can be the combination or
two or more words, as “London Bridge” is the name of a specific place for example,
while “London” and “Bridge” separately would not be able to represent that place.
Therefore, it is valuable to explore approaches (especially those that are n-gram
based) for extracting vernacular names and temporal names of urban places from
the GSM data when given the spatio-temporal frame as little attention has been
paid to this area in the literature.

2.4.2 Spatial analysis
There are multiple ways to share location information on social media, and
information may be embedded in text, check-ins and geotags (Roick and Heuser,
2013). Inferring location from text was reviewed in the previous section, and it was
established that the accuracy of text-based geo-locating is restricted by the quality
of the geo-coding algorithms and place name databases. In contrast, location
information shared through check-ins and geotags is much more precise, which is
one of the major advantages of GSM data over other user-generated data. To
check-in is to carry out an action whereby an individual shares his/her location by
selecting a particular venue (e.g., a restaurant) from a list of nearby places (which
is provided by the GSM application). People can post about their activities at,
sentiments regarding and comments surrounding that venue with a check-in.
Certain GSM platforms are often equipped with gaming features (e.g., badges and
awarding points in Foursquare) to motivate users to constantly interact with those
venues. It makes the check-in data a rich source for analysing user behaviours.
Geotagging is associating the post with the actual location information
(coordinates), which turns photographs, blog posts or short text into geographic
information (Turner, 2006). For example, Twitter users can post a short amount of
text with the latitude/longitude coordinates of their current position (geotag), and
such posts are known as geotagged Tweets.
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With check-ins and geotags, GSM data can be represented as spatially referenced
points with attributes. However, urban places are not always bestowed with pointlike features, hence the determination of location for places is to spatially represent
the point-based GSM data into areas, and even street networks. A number of
researchers have simply aggregated the GSM data (e.g., geotagged Tweets) into
existing administrative areas (Wakamiya, Lee and Sumiya, 2011). This type of
spatial association is useful for integrating or compare the GSM data with other
officially produced data (such as that from a census) for administrative or political
purposes. However, in terms of understanding urban places, it is not an ideal
approach because the spatial extent of urban places in daily communications is
not necessarily the same as for fixed official boundaries. Therefore other
researchers have analysed GSM data with user-defined polygons, such as grid
cells (Hasan, Zhan and Ukkusuri, 2013), buffer zones (Zhang et al., 2013) and
Voronoi polygons (Lee and Sumiya, 2010). However, aggregating points into
artificial polygons involves many alternative scales, consequently qualitative and
quantitative studies of aggregated data are variant (Openshaw, 1977). Such an
issue is well-described as a Modifiable Area Unit Problem (MAUP), which indicates
that aggregating the same data into different larger areal units will lead to various
data values and inferences (Openshaw, 1984). The grid cell can have different
sizes and the buffer can have different distances, thus the “area units” are
modifiable. Apart from areas, other research has attempted to analyse urban
places based on road networks in recent years (Quercia et al., 2015; Aiello et al.,
2016; Shen and Karimi, 2016). However, whether road networks can be employed
as a representative spatial unit is worth discussing as different road segments have
varying lengths and the density of road networks across a city fluctuates.
Recognising the sensitivity of the results from different spatial aggregations is one
of the major problems with profiling places with minimal bias.
As discussed in previous sections, the spatial extent of urban places can be vague
and dynamic, and simply aggregating the data into pre-defined polygons or
networks may not be appropriate to represent the urban places in daily
communication. Therefore, it has been suggested that the boundary of place be
data-driven instead of pre-defined. As an example, Montello et al. (2003) utilised
fuzzy-set-based methods to identify the boundaries of “downtown” in Santa
Barbara. Jones et al. (2008), meanwhile, identified the boundaries of cities in the
UK according to the location-related content on web pages. Li et al. (2013) studied
the spatial boundaries of cities in the US using geotagged Flickr data. Gao et al.
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(2017) tried to employ multiple sources of GSM data to discern the vague boundary
between northern and southern California. Yin et al. (2017) depicted boundaries
between regions in UK with geotagged Twitter data. A variety of point-based
techniques and spatial clustering methods have shown potential in detecting vague
boundaries of a place, such as Kalman filtering (Sakaki, Okazaki and Matsuo,
2010), kernel density estimation (Li, Goodchild and Xu, 2013), spectral clustering
(Cranshaw, Hong and Sadeh, 2012) and density-based spatial clustering (Zhang
et al., 2013; Stilo and Velardi, 2015). However, most of them were focused on
detecting boundaries at grand scales (e.g., a city or state), and there have been
very limited attempts to identify the vague boundaries of smaller places at an intraurban scale. The places on a largescale, such as cities, are normally wellseparated in space, hence the boundaries of them are not hard to identify as the
density of the data decreases sharply away from the city centre. In contrast, it is
much more complicated to identify the boundary of places inside the city, which
may be spatially overlapped.

2.4.3 Semantic analysis
As discussed in the previous section, compared to other VGI data, GSM has a
great advantage for understanding urban places as it contains semantic
information, e.g., text of Twitter and tags of Flickr. Such information offers huge
possibilities for semantically comprehending people and place, especially when it
has been found that people like to describe their daily activities on social media
(Java et al., 2007; Zhao et al., 2011). A great amount of research has been
conducted to extract and analyse activities from GSM data in order to gain insights
into interactions between people and place, and then infer the meaning of urban
places.
The semantic information in GSM data is mainly derived from check-in tags and
text content. Check-in data has been favoured by many researchers because most
venues for check-ins are organised by predefined categories. More specifically,
predefined tags have been assigned to the venue, thereby indicating the function
of that place (e.g., restaurant in food category, university in education category).
The distribution of different types of places in a particular area can be used to
establish the functions of the area, and the number of check-ins and visitors can
be utilised to determine the popularity of a place (Roick and Heuser, 2013).
Cranshaw et al. (2012) developed “The Livehoods Project”, which extracts distinct
46

regions of a city that reflect collective movement patterns of people, and the
semantic information for each “Livehood” is revealed by a distribution of check-in
venues from different categories. Long et al. (2012) and Ferrari et al. (2011)
classified venues by applying a topic-modelling technique on users’ check-in
activities, assuming that venues appearing together in the same check-in
trajectories probably belong to same geographic topics. Hasan et al. (2013)
identified the activity purpose according to the predefined category information of
the venue individual checked-in, then classified the urban places according to
these activities. Most of these studies identified the semantic information of places
purely based on user trajectories of check-in behaviours with respect to the fixed
and pre-labelled venues. However, certain venues may have different functions
across time. Additionally, the activity of users may not necessarily be associated
with just one particular venue within the area. Therefore, the full picture of that
place cannot be captured if we only analyse check-in tags while ignoring text
content.
A significant proportion of GSM data is geotagged rather than being attached to
fixed venues via check-ins, and for those GSM data, the text content is used to
interpret the activities of people and the meaning of place. Jenkins et al. (2016)
generated thematic characteristics of places from both geotagged Tweets and
Wikipedia data. Adams & Janowicz (2015) evaluated platial content in travel blogs
with topic modelling and evaluated the spatiotemporal features to determine the
thematic similarity between different places. Steiger et al. (2014) detected
transportation hubs by extracting spatio-temporal and semantic features from
Twitter using a combination of topic modelling and spatial clustering techniques.
Many researchers have also assessed both check-in behaviours and text content
simultaneously. For example, Kling and Pozdnoukhov (2012) extracted text
messages from geotagged Tweets along with check-ins from Foursquare to
investigate the functional regions within a city. They grouped data from particular
time periods as one document, then fitted a topic model based on the cooccurrence of the Tweets and check-in activities. The meaning of places is
uncovered by distribution of these topics.
Unlike conventional institutional knowledge surrounding place that had been
aggregated at a consensus level, one important feature of GSM data is that it is
contributed at an individual level, which retains the micro-nature of the data
(Arribas-Bel, 2014). Therefore, apart from analysing the general functions of places
from a public perspective, GSM data can also be applied to garnering knowledge
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of urban places that are particularly interesting or meaningful to individuals and
communities. The geographical awareness of individual Twitter users has been
evaluated at different geographical scales by Xu et al. (2013). They estimated the
places of significant interest by Twitter users based on their profiles and Tweets
with place name recognition techniques. Malleson & Birkin (2014) developed
methods of identifying important places (termed as “anchor points”) for individual
Twitter users by mining their trajectory of geotagged Tweets, and interpreted the
meaning of the places from the Tweets’ text. Joseph et al. (2012) mined check-ins
to identify groups of people of different types (e.g., tourists), communities (e.g.,
users tightly clustered in space) and interests, as well as how they interacted with
urban places. However, these studies were mostly people-centred instead of
place-centred, and although the trajectory of people was evaluated, the dynamic
variance of the detected places was not well-explored.

2.4.4 Temporal analysis
The majority of research in the past has simply analysed urban places from a static
perspective, which could not fully capture the profile of places, especially in this
dynamic and evolving urban context (Zhang et al., 2013; Batty, 2016; Jenkins et
al., 2016). GSM data has changed the situation - it has a precise timestamp and
high frequency of updates by millions of active users, making it possible to analyse
places from a dynamic perspective. The temporal analysis of urban places can be
viewed as three types: long-term, short-term and real-time.
Long-term analysis, which uses month or year as the temporal unit, may exhibit
the expansion of the urban area and emergence of new places. In addition, owing
to the planning of the city, certain urban areas may substantially change in terms
of function, physical setting and names over a few months or years (Keßler,
Janowicz and Bishr, 2009; Sepe, 2013). For example, the London Olympic
Stadium is built on an area which was used to store discarded white goods (known
as “Fridge Mountain”) before the planning of the Olympic Games. Another example
is how Hyde Park becomes a Winter Wonderland every winter with a substantial
change in function the place serves. However, long-term analysis requires more
effort in terms of data collection and storage.
From a short-term perspective, urban areas can be clustered according to the
temporal pattern of GSM posts during the day or week (Frias-Martinez and FriasMartinez, 2014; Chen et al., 2017). The functions of a location may change during
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different time periods. For example, several museums in London may be employed
to hold themed parties in the evenings, which is not apparent in conventional place
databases. In addition, various places display different daily temporal patterns
even if they serve similar functions. For example, coffee shops, restaurants and
bars are concerned with food and drinks, in general, but coffee shops have a
greater proportion of visits in the morning, restaurants are more popular at lunch
and dinner times while bars are mostly visited at night. According to such temporal
characteristics, urban places can be further clustered and classified. Kling &
Pozdnoukhov (2012) aggregated Tweets by hour before applying topic modelling.
Each hour of the week was considered to be a document; the topics are, therefore,
time-relevant (such as the “morning” topic and “nightlife” topic). Next, the intensities
of various topics were analysed spatially to classify the Manhattan area into a
variety of functional regions. As the popularity of different places varies quite
pronouncedly, instead of tracking the number of GSM posts, other researchers
normalised the frequencies into probability distributions, dubbed temporal bands
(Ye, Yin, et al., 2011; Liu, Luo and Lee, 2012; Zheng, 2014).
Apart from the potential for analysing the historical change in urban places, the
real-time feature of GSM data makes it a valuable source for detecting events that
may influence one’s up-to-date understanding of the relevant place. For example,
Pozdnoukhov & Kaiser (2011) has real-time analysis of the temporal variance and
spatial influence of large-scale events (e.g., “Oxegen” music festival and Harry
Potter Movies weekend). Chae et al. (2012) developed an abnormality estimation
framework with the topic modelling technique and seasonal-trend decomposition
to discern and assess events in terms of georeferenced Tweets. Cheng and Wicks
(2014) applied space-time scan statistics (STSS) on geotagged Tweets and
successfully identified abnormal events, such as the 2013 helicopter crash in
London. This work illustrated how GSM data can detect real-time events, however,
integrating the identified event with other features and constructing a dynamic
profile of urban places has not been addressed in any great detail as of yet.

2.4.5 Summary
As described in the concept of place, only when the constitutive elements are
combined can the profile of a place be properly constructed as the elements do not
exist in isolation. Most current studies that have been reviewed in this section only
deal with a portion of the elements. For example, boundary detection analysis is
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primarily focused on name and location, functional region analysis on location and
activities, and event-based research on specific activity and its spatial and
temporal influence. However, to create a comprehensive profile of urban places,
all these elements should be described and integrated.

2.5 Chapter summary
In this chapter, the concept of place was reviewed in Section 2.1, including the
classic definitions of place, the special qualities of urban places and place identity.
Coherent with the conceptual definitions, section 2.2 further reviewed the major
aspects of place, especially in the context of formalising place information within
informational systems. The reviews in these two sections provide a basic
understanding of how place can be described or formalised. According to these,
we realised a robust description of place should feature elements such as place
name, location, activities and their variance through time, and we have noted that
formalising place information to fit in the modern digital systems is required.
In section 2.3, conventional data sources and emerging user-generated data were
reviewed in terms of their performance in constructing digital profiles of urban
places with respect to the place elements as specified in section 2.2. After
reviewing the characteristics of various data sources, it was established that GSM
data had greater potential and value in profiling urban places than others.
Section 2.4 provides more detailed reviews on how the core elements of place
have been described in the current research on GSM data and their limitations.
Many remaining challenges of place studies using GSM data were determined,
such as identifying place names (especially vernacular and temporal names) in
GSM text, estimating spatial extents of places on the intra-urban scale with a
sufficient handling of spatial overlaps of the places and extracting dynamic
characteristics of the place. Moreover, according to the literature review, although
many researchers have explored the profile of place from a number of viewpoints,
a place-centred research framework that integrates all these core elements of
place (name, location, activity and time) has not been established at the current
stage. Therefore, it is valuable to develop a framework with appropriate methods
to make full use of GSM data in terms of constructing detailed and dynamic profiles
of urban places, which is the purpose of this PhD research.
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Chapter 3
Theory and Methodology
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3 THEORY AND METHODOLOGY
As the literature review indicated, a formalised definition of urban places is
necessary in this digital era. Although GSM data has shown advantages in
revealing place-related information compared to conventional data sources, and
research has been carried out to extract and process part of the information, a
framework for consolidating the information and producing computable place
profiles is still missing. In addition, there is no extant work that compared the
differences of space-based approaches and place-based approaches in describing
and analysing urban places with GSM data.
Inspired by these gaps identified in the literature review, we introduced a new
definition of urban place profile and proposed a research framework for building
place profiles from the information extracted from GSM data. In the framework,
approaches to profiling places with spatial-thinking and platial-thinking are both
considered.
This chapter is composed of four sections. Section 3.1 introduces the definition of
urban place-profiling in our research, which is the theoretical basis of this research.
With such a place-profiling theory, section 3.2 proposes an integrated research
framework that extracts, models and utilises place profiles with GSM data as input;
five modules of the framework are described herein. According to the means of
aggregating GSM data into places, place profiles can be generated via two
different approaches introduced and compared in section 3.3. The last section
summarises this chapter and relates the research framework to our research aim
and objectives.

3.1 Theory of place-profiling
This section explains the details of the place-profiling theory that is proposed in
this thesis. The place profile is defined first, then the core elements of a place
profile are described followed by a discussion of integrating the elements to
construct a place profile. As indicated in the previous chapter, the description of
place may be very different in different scales and environment settings, and many
researches have been conducted to analyse place-related problems in the regional
and national level. In this research, we are particularly interested in places at the
intra-urban scale, as this can be used to assist urban planning and the emerging
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smart city constructions (Batty et al., 2012; Roche, 2014). In addition, analysing
places in the intra-urban scale requires higher spatial resolution and may be more
complex and dynamic.

3.1.1 Definition of the place profile
The definition of place was reviewed in Chapter 2 - a place can be conceptually
described as a named location with a certain spatial extent, where specific activities
occur at particular times. However, a formalised definition of place, which allows
these important features of a place to digitally described and integrated has not yet
been given in the existing literature. As discussed in the literature review, the
commonly used place information formalisation schemes, such as gazetteers,
present a place as a static object with attributes of place name, footprint and
category. Similarly, Roche (2015) attempted to formalise the place information with
a concise formula: P= f(N, E, L), where P is the place, N the name, E the event
and L the location. However, places in the urban context are more complex and
dynamic than such formalisations can describe. For example, a place can serve a
mixture of multiple functions, and this can vary over time.
After reviewing the concept of place discussed in geography, social science and
many other fields, and inspired by the concise place formula described by Roche
(2015), we put forth a new concept of describing place, namely the place profile,
formalised according to function,
= ( , , , )

Equation 3-1

where P is the place, N the name, L the location, A the activity and T the time. The
place profile is a collection of information surrounding “what is the place called”,
“where it is”, “what activities are occurring there” and “how these change over time”.
Although the information related to a place is far more than what these four
elements can describe, a place can be uniquely recognised and described if these
four elements are addressed. Describing places according to such a structural
definition integrates the spatial, temporal and semantic information, which can
provide relatively comprehensive insight into each individual place and form a
standardised basis of analysing, comparing and relating places.
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3.1.2 The elements of the place profile
The meanings of the four elements in the place profile (N, L, A, T), issues of
representing them, and how information in GSM data may be relevant to them are
explained respectively in this section.

Name (N)
The name of a place is an essential element of a place, which allows it to be
identified and referred to. In many databases, such as digital gazetteers, place
names are employed as indices to associate additional attributes and statistics
(e.g., population) with the places.
A place can have multiple names, including the names used in formal occasions
and those employed in daily communications. In most place-related studies, only
formal names are used. The formal names (toponyms) are normally collected in
gazetteers, which are developed by government agencies, commercial companies
and research communities for standardisation purposes. However, only certain
place-names are officially authorised, and many more are unofficially recognised
and adopted locally, termed vernacular names (Vasardani et al., 2013; Purves &
Derungs, 2015).
Vernacular names can be nick names (e.g., the home ground of Manchester United
Football club, the Old Trafford Stadium, is called “Theatre of Dreams” by their fans),
abbreviations (e.g., “UCL” for “University College London”), non-standard place
names (e.g., “King’s X” for “King’s Cross”) and others. Another reason for the
absence of these vernacular names in formal gazetteers is that these normally
refer to a local area with vague boundaries compared to officially recognised places
which can be accurately delineated. In addition, the name of a place can also be
temporally substituted by the name of the event or activities taking place there
(Chan et al. 2014). It is difficult to deal with vernacular names using conventional
data sources, as discussed in the literature review. However, these vernacular
place names are typically mentioned in GSM data when people describe their
locations, hence it is possible to extract them.
The name element can be treated as the id of the place profile, which is an ID code
or character string in most cases. However, a list of alternate names can be
attached if identified as additional information under the name element.
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Location (L)
Location, the other fundamental element of a place, addresses its physical position
in space in contrast to everywhere else (Agnew, 1987, 2011). In daily
communication, the location is usually vaguely described by simply referring to
place names with the spatial relation of one place to another. More formally, the
location of a place can be represented by a postal address or postcode. In the
digital world, the location of a place can be explicitly described using coordinates
in a spatial referencing system, e.g., longitudes and latitudes. Moreover, spatial
description of a place is not just about its position, but also its geometric form and
spatial extent (Lynch, 1960).
The location information in a place profile can be digitally represented as spatial
features, such as points, lines and polygons depending on the nature of the
investigating place and context of application. Generally, a point-based place is
much easier to be digitally described than a line and an area, but many real-world
applications relating to urban places rely on roads and areas. Point-based features
can be further aggregated into line-based and area-based information according
to different purposes.
GSM data is point-based, and the precise coordinates convey its position. Location
information (including position and spatial extent) of urban places can be derived
by aggregating point-based GSM data into line-based and polygon-based data
sets according to specific rules. However, this is challenging, especially
considering that the spatial extent of an area-type place may be vague unless it is
officially defined - most places in daily communication do not have a crisp boundary
in the minds of people who refer to them.

Activity (A)
As discussed in the concept of place, a place is not just a location with a name, but
a centre of action and intention, and it is “a focus where we experience the
meaningful events of our existence” (Norberg-Schulz, 1971). Places are
meaningful locations in space notable for the regular or specific activities taking
place at them, such as underground stations, shopping centres and libraries. The
meaning of place is essential to understanding a place, but it is hard for it be
represented in a concise and formalised description. Activities, on the other hand,
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can be recorded, measured and formalised. Therefore, it has been suggested by
many researchers that the meaning of place can be inferred from activities
(Cheshmehzangi and Heath, 2012; Zakariya and Harun, 2013). When constructing
the digital profile of a place, the activities that take place at it are captured and
analysed, informing the characteristics of the place from the semantic perspective.
In contrast to conventional place databases in which the sematic information of a
place is indicated by a single category tag, we allow each place to be related to
more than one activity, especially considering the complexity of urban places. The
activity element in a place profile can be represented as a distribution over multiple
activities.
One advantage of GSM data compared to conventional data sources is its rich
content information, and people usually describe their activities and sentiments in
GSM posts. The activities relevant to a place can be inferred by analysing the
content of GSM data associated with the place. How to efficiently extract activityrelated information from the massive number of informally written short documents
is a challenge in evaluating this element.

Time (T)
Temporal dimension is another important perspective for comprehensively
describing a place. Wagner (1972) indicated that “place, person, act and time form
an indivisible unity. To be oneself, one has to be somewhere definite, do certain
things at appropriate times”. From the perspective of describing a place, it should
be described as the context where certain people do certain things at certain times.
The activities and meanings of a place can change over time, which makes the
static description of place incomplete and inaccurate in many cases where up-todate information is required. The change of a place can happen over years, months
or even hours, depending on the interaction of people with it. Adding the temporal
dimension to the place profile makes it suitable to capture and reflect the dynamic
of urban places.
The time information attached to the GSM data enables us to analyse the temporal
variance of place. If the period the data covers is long enough, the appearing,
growing and vanishing of a place can be identified and described. Even with limited
sample data, by aggregating them in hourly, daily or weekly periods, repeated
patterns of activities can also be identified.
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3.1.3 Generate place profile
The unity of these four elements creates the profile of a place, however,
constructing the place profile is not simply placing all information relevant to these
elements into one large data set. This is because the elements are not independent
but are linked and influenced by each other.
Different approaches to organising the elements will lead to varying outcomes of
place profiles, thereby fitting into disparate applications. For example, if spatial
information is the key, each location or area represents a place, and urban space
can be partitioned into units and information is then allocated to the units. This
approach is commonly applied in census reports and land-use studies. If name
information is key, each place name can refer to a place, and such places can be
spatially overlapped, where one place can have multiple locations in certain cases,
which is normally the case in social science studies (Winter, Kuhn and Krüger,
2009).
Although extracting place-related information from GSM data has been
investigated by many researchers, integrating such information into place profiles
has not been dealt with extensively based on our review, especially the discussion
of different approaches to organising. Therefore, as a recap of our research aim,
we are going to develop a research framework for generating urban place profiles
from GSM data, according to the place-profiling theory.

3.2 A research framework for profiling places
Based on the theory and challenges of profiling urban places described in the
previous section, a research framework was designed to extract relevant
information from GSM data, integrating it into place profiles and analysing them.
This section introduces the general methodological framework. Details of the
methods employed in the framework will be covered and illustrated with case
studies in the succeeding chapters.

3.2.1 The general framework
In general, the framework consists of five modules and as depicted in Figure 3-1,
GSM data is the input; module I features pre-processing the data and labelling
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them with activity and time-period tags; module II comprises associating the
labelled GSM data with places according to two different approaches, namely one
that is location-led and another that is name-led; module III is where generating
place profiles occurs, including statistics of activity and temporal distributions;
module IV is based on analysing the places as a consequence of the generated
profiles; and module V constitutes visualising the information of place profiles.

Figure 3-1. The research framework for profiling urban places

A brief description of the five modules is found in the Table 3-1 including the input,
output and key methods applied in each module.
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Table 3-1. Module description
Module

Input

Output

Methods/Tools

I: Pre-processing and
labelling

Raw GSM data

Point-based GSM with
labels

II: Associating data to
places

Point-based GSM

Aggregated GSM data
sets (one set for each
place)

III: Generating place
profiles

A set of labelled GSM
data for each place

P= (N, L, A, T) place
profiles

 Spatial clustering
 Statistics

IV: Analysing places

Profiles of places

Places with ranking
scores; Clusters of
places; Relationship of
places

 Reweighting
 Clustering
 Graph analysis

V: Visualisation

Profiles of places

Maps, charts and
interactive dashboards

 Leaflet
 Shiny

 Text cleaning
 Topic modelling
 Temporal division
 Spatial join
 N-gram tokenisation
 Spatial point pattern
analysis

3.2.2 Module I: Pre-processing and labelling
This module is designed to pre-process the GSM data for ease of statistic
computation of the “Activity” and “Time” elements during later analysis.
One challenge of analysing GSM data is converting the disorganised textual
information into computable semantic features, and this difficulty is known as the
issue of crossing the “Semantic Gap” (Benz et al. 2004, Durand et al. 2007,
Tokarczyk et al. 2015). In simple terms, the text of the GSM data is the semantic
information that can be understood by humans but cannot be directly processed
by computers. Therefore, NLP techniques are applied to extract information from
the text and organise it into a format that can be statistically computed, for example,
the text-cleaning procedures applied to remove unimportant characters in raw
Tweet text, and a topic modelling approach is applied to establish the topics that
are most likely relevant to each Tweet.
The time information is represented as a date-time formatted string in the raw data,
which is processed in this step. The aggregated time-period information is
extracted and attached to the GSM data as time tags. For example, data point from
GSM data may be labelled as “Monday” at “10am”.
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As the output of this module, activity labels and time labels are generated and
attached to the GSM data. In this way, the data can be efficiently analysed as
groups according to the labels, for example, the “Entertainment”-related data on
“Weekday evenings”.

3.2.3 Module II: Associating data to places
This module is designed to associate the point-based GSM data to places,
addressing the “Name” and “Location” elements. As discussed in the preceding
section, two different approaches were examined in this study, namely location-led
and name-led approaches, and the differences between them are explained in
section 3.3.
The purpose of this module is to aggregate the discrete GSM data into collections,
and each collection of GSM data is related to a place. With a location-led approach,
the aggregation is based on the location of the data, therefore spatial-join
techniques are applied to join the point-based data to line-based or area-based
places. Through the name-led approach, the aggregation is based on the place
name, and all GSM data which contains the name of a place will be associated
with it no matter where the GSM data is spatially located. Before aggregation, a list
of place names is extracted from the text of GSM data itself. As the output of this
module, the GSM data is aggregated into several GSM data sets, and each set is
related to one place.
This module is key step of the framework as the results (place profiles) may be
very different if varying data aggregation methods are used. Many existing urban
place studies utilise the location-led approach, and most are rooted in area-based
representations of places. In this research, both polygon-based and road-based
representations of places are implemented and demonstrated, and the road-based
one has not been discussed to any major degree in the existing literature. The
strengths and limitations of different spatial units representing urban places are
discussed. Moreover, we present and compare the results of the conventional
location-led approach with our innovative name-led approach.

3.2.4 Module III: Generating place profiles
Pursuant to the previous modules, a place can be represented by a set of labelled
GSM data. By this stage, the profile of a place integrating the ( , , , ) elements
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can be generated. The profile includes the place name (and alternate names if
applied), location information (position and spatial extent), distribution of activities
and how these change over time.
For the location-led approach, the location information was pre-defined, and place
name information may be inferred by mining the text of GSM data. For the nameled approach, the spatial clustering method is applied to estimate the core location
and spatial extent of the place corresponding to the identified name. For both
approaches, the distribution of activities and variance over time can be statistically
computed for a place based on the labels of the GSM data associated to that place.

3.2.5 Module IV: Analysing places
With the profiles generated by the prior modules, the places can be further
examined. Places can be analysed in a number of ways based on the generated
profiles according to specific applications, three of them are explored and
presented in this thesis. (1) The first one is to rank places according to their
importance or popularity for a particular activity or in a specific time period.
Reweighting technique is applied in the calculation of ranking scores, as
demonstrated in Chapter 5. In addition, the place profiles can be integrated with
other data before ranking; for instance, integrating with footfall counts to estimate
the size of targeted audiences for marketing, as shown in Chapter 7. (2) The
second analysis is to group places according to their characteristics, for example,
categorizing places based on their prominent activities, or clustering places that
have similar activity distributions and temporal patterns. With the profiles, places
that are distant in space but close in semantics can be related. (3) For the results
from the name-led solution, relationships between places can be examined, which
is the third option of analysing the generated profiles. The hierarchical structure,
co-visiting pattern and other links between places can be intimated, as discussed
in Chapter 6. As such, the potential of GSM data for understanding urban places
and their relationships is realised. Only a few examples of analysing places are
demonstrated in this thesis, however the application of place-profiling in evaluating
urban places are much more numerous than this.
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3.2.6 Module V: Visualisation
As the information featured in a place profile is in several different formats, to better
illustrate them, a variety of visualisation toolkits and techniques are used and
implemented herein, apart from the basic plots. For textual information, the word
cloud technique is employed to present the words weighted by their frequencies.
To visualise the spatial information, interactive maps are produced with Leaflet1,
which is one of the most popular open-source JavaScript libraries for interactive
maps (it is also supported in R programming). The Leaflet map allows the user to
zoom within, move about and click on the maps, and the information of the selected
object can be displayed as pop-ups if it cannot be presented on the map. In addition,
base maps from OSM and other third-party providers can be easily added to the
map, which helps users to better interpret results.
As indicated in the definition of place profile, the elements of a place are linked,
thus a better presentation of place profile is an interactive dashboard where plots
of spatial, temporal and semantical information can be jointly displayed and linked.
The R shiny platform 2 was employed to build such a place profile interactive
dashboard, a showcase is presented in Chapter 5. The generated place profiles
can be better presented and analysed with the visualisation techniques utilised in
this module compared to the conventional combination of static maps, plots and
tables.

3.3 Location-led vs name-led approaches
As mentioned in 3.2.3, one critical challenge in generating a place profile using
GSM data is how to aggregate point-based GSM data to place-based feature
collections. The two approaches, specifically those that are location-led and those
that are name-led, are described and discussed in detail here.

3.3.1 Location-led (space-based)
With the location-led approach, the study area is partitioned into smaller units
initially, and then GSM data is associated with pre-defined units through spatial
joins. For example, the urban areas can be partitioned by administrative

1
2

https://rstudio.github.io/leaflet/
https://shiny.rstudio.com/
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tessellations, such as boroughs, wards and output areas. A tessellation is defined
as a partitioning of a large area into small sub-areas, and every spatial point lies in
exactly one of the sub-areas with there being no blank space between them. These
officially defined units are suitable for use as reporting zones for social statistics
from a general perspective because their boundaries can be clearly identified.
Apart from that, pre-defined spatial units can be grids, roads or user-defined
catchment areas. In this approach, each unit represents one place, and the
location information of it is defined first with other information further generated
from the GSM data spatially joined to the place. This type of approach that
connects GSM points to predefined spatial units based on location is known as
location-led in this study.
Most of the existing urban place studies are based on the location-led approach.
However, there are many limitations of it. Urban places in the daily communication
of individuals and communities are not always the same as their officially defined
units. The boundaries of urban places are vague and not fixed, and are likely to
vary between people and communities, possibly also changing throughout time
(Goodchild and Li, 2011). Many places are spatially overlapping, especially in city
centres; the location-led solution cannot differentiate data that is in the same
location but belonging to different places. For example, there is a railway station,
university, hospital, offices and restaurants in the Euston area, and different people
may have varying purposes for visiting the area, hence the activities and temporal
variances generated for the spatial unit that covers Euston are the mixture results
of all the places within it. Another example can be a shopping mall, which can be
a unit of places of very different activities, such as shops, restaurants, cinemas and
many others.

3.3.2 Name-led (place-based)
The name-led approach is constituted by aggregating the GSM data according to
place names. As individuals normally use the name to refer to a place, the data
shall be related to that place if the place name is detected. As places in human
recognition more depend on place names rather than spatial coordinates
(Goodchild, 2015), the name-led approach is closer to the concept of place in the
human mind than the location-led one.
A significant challenge of this approach is that a list of place names needs to be
known in advance. However, as the literature review indicates, the place names
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used in GSM data may be very different compared to those listed in gazetteers.
According to the definition of place, an assumption can be made: specific terms
that are frequently mentioned in GSM posts within a particular area may be the
names people use to refer to that area. Based on this assumption, a list of place
names can be extracted from GSM posts using NLP techniques and spatial-point
distribution pattern analysis. The GSM data can then be subset according to the
extracted place names.
Another challenge is that certain GSM posts may not be physically located in the
place while mentioning the name of it. These “off-sites” may cause trouble in
identifying the real location of the place. Therefore, the core location of a place can
be inferred from the spatial distribution of associated GSM data (spatial points) via
spatial-clustering methods. On the other hand, such “off-sites” can be of value
when analysing the relationships between places. It will be interesting to
investigate whether the GSM data of one place frequently appears in other areas.
As determined by many researchers, a shift from the spatial perspective (locationbased) to the platial perspective (place-based) is undertaken recently in research
fields that include Geographical Informational Science (GIS) (Goodchild, 2015;
Purves and Derungs, 2015; Roche, 2015). Conceptually, the location-led approach
is manifest of the “spatial perspective” and “location-based thinking”, and, in
contrast, the name-led approach is coherent with “platial perspective” and “placebased thinking”. Thus, the comparison and discussion of the location-led and
name-led approaches presented in this thesis is relevant and may contribute to the
development in this context.

3.4 Chapter summary
In this chapter, we first defined the concept of place profile, which integrates the
four core elements (name, location, activity and time). The general research
framework for generating and analysing place profiles based on GSM data was
also introduced and five modules were described. Additionally, the difference
between location-led and name-led solutions in generating place profiles was
explained.
This chapter formulated a theoretic and methodological base of this PhD research,
which addressed objective 2 and objective 3 in the Introduction. Based on the
theory and methodology described in this chapter, geotagged Twitter data in
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London was investigated to demonstrate the application of the proposed
framework in the following chapters.
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Chapter 4
Data and Pre-processing
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4 DATA AND PRE-PROCESSING
This chapter introduces the input data of our research and the pre-processing of it.
In the first section, the Twitter data is introduced including the data collection and
description of the attributes. The second and third sections cover the preprocessing and labelling module in our proposed framework, which describes the
pre-processing of semantic and temporal information, respectively. The collection
and description of the POI data is outlined in the fourth section.

4.1 Twitter data
GSM data includes a variety of data sources, such as Twitter, Flickr, Weibo, Yelp,
etc. In this research, we focused on the geotagged Twitter data, which served as
the input of the analysis and case studies presented in this thesis.
Among these GSM data sources, we chose to use Twitter data for this research
after evaluating multiple factors including data accessibility, data volume and
representativeness. Overall, Twitter data can be accessed through their official
portal, there is a good volume of data for analysis and the user population has a
broader coverage (Omnicore, 2019). In contrast, other GSM data sources may
have some limitations to be currently used in this research. For example, the
access to Facebook data is restricted, and Flickr is more biased towards tourist
groups. Even though only Twitter data is used for this research, the research
framework and methods can be applied to other GSM data because most of them
can be treated as the same data format - georeferenced point data with attached
information (content, time-stamp, etc.).
Twitter 1 is an online microblogging platform that allows users to transmit short
posts up to 140 characters long (which has been increased to 280 characters now
since 2017), known as Tweets. Being one of the most popular social media and
networking apps, Twitter has over 326 million monthly active users all over the
world, and 80% of them access the service via mobile devices (Omnicore, 2019).
A small proportion of these users also volunteer their location when they post
messages through the geotagging function provided by Twitter. If the user enables
the app to access the GPS module of the mobile phone, a pair of spatial

1

https://about.Twitter.com
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coordinates of the user’s current location can be retrieved and attached to the
Tweet. In some cases, the user can also associate the Tweet to a specific POI
from a list that suggested by the app according to the user’s current location. In
this situation, the geotags of the Tweet will be overwritten by the coordinates of the
POI, and the name of the POI will be included in the post as a string start with the
“@” symbol. In addition, each Tweet has a timestamp recording the precise time
information when the Tweet is posted online. Owing to its spatial, temporal and
textual features along with its ready availability, Twitter data has been widely
explored as a means of understanding urban places and human activities (Java et
al., 2007; Zhao et al., 2011).

4.1.1 Data collection
Twitter data can be acquired from the Twitter streaming Application Programming
Interface (API) service1. It is a free, real-time streaming API through which a 1%
sample of Twitter data can be retrieved according to user’s specifications, including
filters like a geographic bounding box that can be applied. The Twitter data herein
was collected since 2013, and a bounding box which covers the Greater London
area (latitude, longitude: 51.80, -0.65; 51.20, 0.40) was defined for it. An opensource Java library, “Twitter4J”2, was used to collect data from the Twitter API. The
collected data were stored in the SpaceTimeLab server in the format of an Oracle
SQL table.
As a result of Twitter API changes and unstable internet and server status, the data
collection was not consistent and stable. In addition, it is noted that the number of
geotagged Tweets decreased since May 2015 because of the policy change of the
Twitter app. Before then, users could opt to have all their Tweets geotagged with
exact coordinates. However, owing to a change in the app user interface
functionality in May 2015, users needed to request the use of exact coordinates for
each individual Tweet, which significantly reduced the number of geotagged
Tweets. As a consequence of these issues, among our collected Twitter data, year
2013 had the most valid days and greatest number of geotagged Tweets, resulting
in higher quality data. Therefore, geotagged Twitter data from 2013 January 1st to
2013 December 31st was selected as the input of the case studies presented in
this thesis to demonstrate the application of the framework and approaches

1
2

https://dev.Twitter.com/docs/streaming-apis
http://Twitter4j.org/
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proposed. If required in future applications, better quality data or data in other cities
can be bought from official sources, or data suppliers (e.g. Gnip1).

4.1.2 Data description
The original retrieved Twitter data has attributes including Twitter ID, user ID, user
name, Tweet content, timestamp, location and others. It is notable that the “location”
attribute is the name of the region, such as “London”, which is the information
inferred by the service provider instead users themselves. Additionally, information
of such general spatial scales may be helpful in analysing national or international
spatial problems, while it is not very useful during the intra-urban analysis.
Therefore, the “location” attribute was not employed in our study. Among the
collected Twitter data, a small proportion of them are geotagged Tweets, and each
of them has a pair of geospatial coordinates, respectively latitude and longitude,
which indicate a precise and specific location on the earth. Such fine spatial
resolution enables the study of the places at relatively small scales within urban
areas.
Several limitations of Twitter data should be noted. The Twitter user population is
only a small subset of the entire population. The Twitter user group is expected to
be oriented towards young people who are familiar with the internet and mobile
applications, and a digital divide has been noted where the usage of Twitter is
concentrated in North America and Europe (Roick & Heuser 2013). Longley et al.
(2015) investigated the demographics of Twitter users in the UK using forenamesurname pairs and suggested that there is an overrepresentation of white British
young males. Moreover, geotagged Tweets are only a small proportion (roughly
1%) of the entire Twitter data set, and those who geotag their Tweets are not
representative of the wider Twitter population. The division between geotagged
and non-geotagged users is influenced by factors such as age, education,
occupation, language and socioeconomic status (Sloan & Morgan 2015; Sloan et
al., 2015). Despite these limitations, Twitter data is still the most suitable data
source currently for this research. However, all sources of data would carry its own
bias, in future, data fusion can be used to mitigate this limitation.
Regarding the privacy issue, Twitter ID and user ID were anonymised. The ID in
the original collected data were replaced by a randomly generated unique number.

1

http://support.gnip.com/apis/firehose/
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Raw data that carries the risk of revealing the identities of individual users will not
uncover them as all the analysis and results presented in this thesis are based on
aggregated information.
The Twitter data was pre-processed in the R environment, which is a programming
language and free software environment for statistical computing and data mining.
The attributes of the Twitter data were converted into corresponding feature types
in R for ease of later analysis, as described in the Table 4-1.
Table 4-1. Attributes of the Twitter data
Feature

Example

Type

Description

Tw_ID

00000001

Character

Anonymous Tweet id uniquely assigned to
each Tweet in our dataset

Userid

100001

Character

anonymous user id

Tweet_text

Hello world !!

Character

The original text content of a Tweet limited
to 140 characters.

lat

51.53891

Numeric

Latitude coordinate value

lon

0.30403

Numeric

Longitude coordinate value

Time

2013-01-01
14:02:28

POSIXlt
format)

(time

Time information for when Tweet was
posted online; known as a timestamp

A total of 8,048,975 geotagged Tweets in 2013 located inside Greater London was
selected as the input of our research, just as seen in Figure 4-1. According to the
map, the Twitter data has robust spatial coverage of London, especially the central
areas, which shows its potential in reflecting information of the places in London.
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Figure 4-1. Spatial distribution of Geotagged Twitter data in Greater London in 2013

The daily count of the Twitter data is plotted in Figure 4-2. Some gaps can be
observed in our dataset, which are because of the unstable status of the internet
and server during collection. Nevertheless, Tweets throughout a total of 302 days
in 2013 were successfully collected and most days featured roughly 15k to 30k
Tweets.
As shown in Figure 4-3, the distribution of the number of Tweets per user follows
a power law. There were 385,447 unique users in total, and almost 120k of those
users only had 1 Tweet; 99k users had more than 10 Tweets and 614 users had
more than 1k Tweets. This suggests that a very large sample of people was
employed. Moreover, a considerable number of users contributed multiple data,
which offers the chance to analyse places from individual perspectives and
investigate the links between places based on individual visits.
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Figure 4-2. The daily count of the geotagged Twitter data

Figure 4-3. Histogram of the number of Tweets per user
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4.2 Pre-processing semantic information
In order to efficiently and statistically analyse the semantic information, Tweets
were cleaned and processed with a series of text-mining techniques during the preprocessing step. The raw Tweet text was first cleaned and formatted before being
tokenised. A probabilistic topic model Latent Dirichlet Allocation (LDA) was applied
to generate topics from the text collections, and a few activity-related topics were
manually interpreted and selected. As the output of this step, Tweets were given
activity labels if they were associated with the selected activity-related topics
according to the probabilistic-based results generated by LDA.
In this section, the background and theory of the LDA topic model first introduced.
Then the detailed procedure of extracting topics from Tweet text using LDA was
explained followed by a demonstration of how the activity labels were extracted
and assigned to the Tweets based on the LDA results.

4.2.1 Latent Dirichlet Allocation (LDA)
Topic modelling was utilised to extract activity-related topics from the raw text of
the GSM data in the pre-processing module of our framework. Topic modelling is
an automated data-mining technique that can effectively discover latent topics in a
large collection of text documents.
As unsupervised machine-learning methods, topic-modelling approaches are more
efficient and objective than conventional arbitrary keyword filtering approaches,
word-frequency driven approaches (Zheng and Xie, 2011; Aggarwal and Zhai,
2012) and supervised classification approaches that require subjectively labelled
training samples (Sriram et al., 2010; Ye et al., 2011). Therefore, topic modelling
has been applied widely for news and text analysis, and its application in analysing
short and informal documents, like Tweets, has been implemented to investigate
latent topics (Chew and Eysenbach, 2010; Caragea et al., 2011; Chae et al., 2012;
Ghosh and Guha, 2013; Cheng and Wicks, 2014).
There are many unsupervised topic-modelling methods to infer the latent topics
from a collection of texts. In our research, a popular probability-based topic
modelling method - LDA (Blei, Andrew and Jordan, 2003) - was used. Unlike
conventional models such as latent semantic index (LSI) and latent semantic
analysis (LSA) (Deerwester et al., 1990) which can only assign one term to one
topic, LDA allows one term to have different meanings with different probabilities.
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LDA also improves on probabilistic latent semantic analysis (pLSA) (Hofmann,
1999), because it uses Dirichlet priors for the document-topic and word-topic
distributions, prevents over-fitting and presents better generative process.
As an unsupervised generative model, LDA classifies words into topics and
represents documents as mixtures of topics with various probabilities. LDA is a
bag-of-words model, ignoring sentence structure and the exact order of word
occurrence, with each text document being depicted as a vector of split words. The
main premise of LDA is that co-occurring words in the same documents are
assumed to be related or present similar meaning and are therefore more likely to
be assigned to the same topic. Detailed mathematical explanation is beyond the
scope of this research, which can be found in the corresponding references; the
underlying principles of topic modelling are explained in a simplified way here.
In essence, topic modelling investigates the interlinks of words, documents and
topics. A document is a set of words that may belong to multiple different topics,
and each topic is a group of words that have coherent semantic meanings (e.g.,
food, burger, meat). Statistically, a document can be represented as a multinomial
distribution over multiple topics, and each topic can be treated as a probability
distribution over words. Writing a new document can be envisaged as selecting
words from several word lists (topics), with the probability of picking a word
potentially denoted as:
( )=∑

( | ) ( | )

Equation 4-1

where ( | ) is the probability of the word, w, under the topic, z, and ( | ) is the
probability of topic z in the document, d. ( | ) describes how important word w
is in topic z, and ( | ) informs how significant topic z is in document d. Topic
modelling inference is to intimate the latent variables deciding ( | ) and ( | ),
which most likely generate the observed distribution of words in the given
documents.
To improve the efficiency of the latent variable inference, the LDA model assumes
the topic and word distributions follow the Dirichlet distribution (Blei, Andrew and
Jordan, 2003). Two Dirichlet hyper parameters, α and β, are introduced to be the
priors on ( | ) and ( | ), respectively. With this, let
distribution for document d in M,
in K,

,

be the multinomial topic

be the multinomial word distribution for topic k

be the topic for the ith word in document d and
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,

be the word. The LDA

model assumes the generative process for each document proceeds via following
steps:
1. Choose

~ Dirichlet (α).

2. Choose

~ Dirichlet (β).

3. For each of the N word,
a. Choose a topic

,

~ Multinomial (

,

b. Choose a word

,

~ Multinomial (

)
,

)

Figure 4-4. The Latent Dirichlet Allocation (LDA) model (Blei et al., 2003)

The graphical model representation of LDA is illustrated in Figure 4-4. There are
three levels within the LDA model: the corpus-level, document-level and word-level.
The hyper parameters, α and β, are the corpus-level parameters that apply to the
global environment of all documents of the corpus. The variables,

, are the

document-level ones that are different for each document. The word-level variables,
,

and

,

, are sampled once for each word in each document. While α and β

are specified as inputs and

,

is the observed word, the key problem of LDA is

computing the posterior distribution of the hidden variables,

and

,

. In our

research, a Gibbs sampling Markov Chain Monte-Carlo (MCMC) method was
employed to approximate this posterior distribution inference in the LDA model, it
was chosen because it requires little computer memory and is competitive in speed
(Griffiths and Steyvers, 2004).
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Practically speaking, the LDA model is conditioned upon three input parameters:
the Dirichlet hyper parameters, α and β, and the number of topics, K. α and β
control the distributions for topic per document and word per topic, respectively.
Assuming symmetric Dirichlet distributions, a low alpha (α) value leads to each
document composed of only a few dominant topics, and a low beta (β) value means
each topic is likely to contain a mixture of just a few words (Griffiths and Steyvers,
2004; Blei, Carin and Dunson, 2010). Increasing the number of topics could also
mean each topic contains less dominant words.
To assist the selection of the appropriate number of topics (k), the perplexity scores
for each model with a different number of topics can be computed. Perplexity is
commonly used in language modelling, which is the reciprocal geometric mean of
the per-word likelihoods in the test corpus (Blei, Andrew and Jordan, 2003).
(

)=

−

∑

(
∑

)

Equation 4-2

A lower value of perplexity may indicate a lower misrepresentation of the words in
the trained model, whilst a higher number of groups will reduce perplexity across
the whole of the data, with the extent to which it decreases varying between
different numbers. The estimation of optimal values of the parameters is still an
active research challenge, and there is no perfect solution to be applied to all cases.

4.2.2 Text cleaning
The raw Twitter posts were cleaned and formatted by a series of commonly used
NLP approaches to achieve a better accuracy of topic modelling (Hong and
Davison, 2010; Lansley and Longley, 2016; Wang, Ye and Tsou, 2016; Lai, Cheng
and Lansley, 2017). The texts of the Tweets were first imported as a “corpus”,
which is a data structure to manage a collection of documents (Wallach, Mimno
and Mccallum, 2009). The texts were then passed through text-mining steps, which
include removing whitespaces, numbers, punctuation and URLs. Stop words (i.e.,
common words which we wish to ignore, such as “I”, “and” and “the”) were removed
according to the English stop word list from the SMART information retrieval
system (Lewis et al., 2004). Words less than or equal to two characters were
deemed to be too short for analysis, hence also being removed. By doing these,
such common characters and stop words are removed and the remaining words
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are more likely to be meaningful, which increases the chance of generating good
quality and distinctive topics in the following topic modelling process.
Furthermore, all upper-case characters were converted to lower case. The process
of “stemming” was also applied, which seeks to diminish inflected words to their
stem form by removing suffixes of the words (e.g., “ing”, “ed”, “er”, etc.). These two
steps are conducted to ensure different forms of words that have same meaning
will be treated as one input.

4.2.3 Extracting topics from Tweets using LDA
After text cleaning, the process of tokenisation was applied, which is splitting the
cleaned Tweets into individual words, where each unique word will be represented
as a token and can be treated as an ID of the word. Tokenisation is the basic step
of transforming text documents into the bag-of-word format as required for LDA
input. A vocabulary of tokens was created for all the words in the corpus, and
documents were represented as a set of tokens instead of the actual words. During
tokenisation, frequencies of tokens and their distribution across the documents
were also calculated. In so doing, statistical analysis could be applied to analyse
the Twitter documents by investigating the distribution of the tokens.
Vocabularies of 2.4 million tokens were generated from our input Twitter data set.
Owing to the informal expressions in Tweets, a great number of irregular words
were made up by various users and were rarely used by others, leading to a very
sparse vocabulary. Removing the sparse words, which were present in a very
limited number of documents within the corpus, will not influence the results but
could save computational efforts considerably. A popular method of removing
sparse terms is creating a document-term matrix first and removing terms that exist
in fewer than a minor percentage of the documents (e.g., 0.1%). This method works
well for long articles that have a large proportion of overlapping words, however it
does not fit well to our data, which is a collection of a massive number of short
documents (Tweets). Besides, creating the document-term matrix with such a big
and redundant vocabulary is very time-consuming and computationally intensive.
Therefore, we opted to trim the vocabulary simply by the term frequencies, the
tokens that occur less than 30 times were removed. There is no fixed threshold of
trimming the vocabulary, as long as it is within a reasonable range that does not
change the results significantly. After this stage, while the size of the vocabulary
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was cut sharply from 2.4 million to 66,671, the remaining tokens still covered 90%
of the words employed throughout the whole corpus.
By matching words with the token vocabulary, Tweets in the corpus were converted
into documents consisting of tokens. A collapsed Gibbs sampler (Resnik et al.,
2009) was used to fit the LDA model and point estimates of the latent parameters
were returned using the state of the last iteration. A perplexity test was run on a
sample (10%) of the documents with a range of topic numbers from 10 to 50, and
the results are presented in Figure 4-5. According to the plot, the perplexity score
decreases smoothly when the topic number increases, which suggests there is no
significant ideal topic number that outperform others. In topic modelling, it is also
preferable to consider the subjective distinctiveness and interpretability of the
topics on top of statistical optimisation tests (Chang et al., 2009). Theoretically, a
topic model with a greater number of topics will produce more specific topics as
well as many overlapping topics, which will require more human judgement in
subsequent analysis. After manual inspection of the topics generated by models of
different topic numbers, we found that the topic number of 30 was appropriate for
our research as the topics are well-separated without too much overlap. As
suggested by Griffiths and Steyvers (2004), to result in a fine-grained
decomposition of the corpus into topics that address specific activities, after
empirical results of different parameter settings and manual inspection, we chose
“alpha” as 0.1 and “eta” as 0.1. 1000 iterations were applied to ensure the
convergence of the model.
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Figure 4-5. Perplexity test with different topic numbers

As stipulated, following topic modelling, 30 topics were generated, and each topic
consisted of words with a certain probability of belonging to the topic. Word clouds
of four example topics are portrayed in Figure 4-6, where the font size is based on
the frequency of the word being assigned to the topic. As the plot shows, the LDA
model successfully divided the words into groups based on their meanings, and
words in each group were semantically closer to each other rather than words in
different groups. We could inspect each topic by checking the words with the
highest probabilities, for example, it can be observed that four topics displayed in
Figure 4-6 are related to “Sports”, “Work & life”, “Food & drink” and “Online slangs”
respectively.
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Figure 4-6. Word clouds of the topic examples

4.2.4 Assign activity labels to the Tweets
Among the 30 generated topics, many were not relevant to activities and places,
like, for example, online slang and profanity as the topic in Figure 4-6(d). In addition,
several topics were very similar, and therefore should be merged to yield more
distinctive topic groups. As we were expecting to analyse activity or place-relevant
Tweets, we extracted topics from the 30 generated topics and 10 activity-relevant
topic groups were the result through referring to the topic classification schemes of
online advertising categories1 and POI categories2. The selected 10 topic groups,
represented by their top 20 words ranked by their probabilities of belonging to the

1
2

https://business.Twitter.com/en/targeting/interest.html
https://developer.foursquare.com/docs/resources/categories
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topic, are found in Table 4-2, and a label was assigned to each topic for ease of
interpretation in later analysis.
Table 4-2. The selected 10 topics with labels

Based on the topic modelling results, each Tweet document has a probability
distribution indicative of belonging to multiple topics. However, as most Tweets are
very short, an assumption was made that one Tweet had only one dominant topic,
that with the highest probability. Tweets assigned to topics of the selected 10
groups were given the corresponding labels, while the rest of the Tweets were
labelled as belonging to other topics. Afterwards, each Tweet was tagged with one
label indicating the activity that may be relevant to it, and such labels were termed
as the activity labels in this research.
The counts for Tweets and unique users of the 10 activity labels and others are
summarised in Table 4-3. It is worth noting that Tweets with the 10 selected labels
only account for half of the entire data set, which reflects the fact that not all Tweets
are useful for analysing places. Compared to studies that take all Tweets into
consideration when generating semantic insights into places, we emphasised the
impact of Tweets that are relevant to activities or places (the selected 10 topics),
and this can prevent the results from being overwhelmed by non-sense Tweets
when analysing outcomes. Many users have more than one Tweet, therefore one
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user can contribute to multiple topics. According to Table 4-3, although the
proportions of Tweets for the selected topics are relatively low, the numbers of
users they signify are quite robust. A total of 3,982,468 (50.6%) Tweets produced
by 323,429 (85.0%) users were assigned to the 10 selected activity labels. This
indicated that even the Tweets we focused on in later analyses were only half of
the original Tweets, and they still provided a strong representation of the majority
of Twitter users.
Table 4-3. Summary of the activity labels

4.3 Pre-processing temporal information
As another important attribute, each Tweet has a precise timestamp indicating the
time it was posted. To efficiently conduct the temporal analysis in later modules,
the timestamp of Tweets can be pre-processed. Time labels were assigned to the
Tweets during this step. The timestamp information is detailed to the seconds level,
which allows the Tweets to be aggregated into hours, days or any user-defined
time periods. In this research, the “hour of day” and “day of week” labels were
extracted from timestamp and attached to each Tweet for the ease of analysing
daily and weekly temporal patterns later on.
The temporal distribution of the data is illustrated as a heatmap in Figure 4-7 - there
are 7*24 cells in the plot, and the value in each cell reflects the number of Tweets
in that hour slot. Therein, 7 means 7 days of a week, and 24 refers to 24 hours of
a day. According to the plot, various superficial facts can be gleaned from the
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temporal pattern, for example, more Tweets were produced in the evening on
Weekdays and people tended to stay up late on Weekends.

Figure 4-7. Heatmap of Tweet numbers in hourly time slots (7*24)

Figure 4-8. Temporal pattern of different activities
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When considering both activity and time labels, Tweets can be statistically
analysed to estimate the temporal variance of a variety of activities. The hourly
number of Tweets for the 10 different activities on Weekdays and Weekends is
displayed in Figure 4-8. It can be seen, for example, that “entertainment” activities
mostly take place in evenings, while “work and life” activities peak in the morning.
It is also interesting to notice that “sports and games” activities have different
patterns on Weekdays and Weekends, with a peak on Weekdays in the evening,
while on Weekends, the peak is in the afternoon.

4.4 Point of Interest Data
4.4.1 Point of Interest (POI)
POI is a common expression for the point-based object that have exceptional
meaning for users employing maps and navigation systems, constituted by a
restaurant, a hotel or a tourist attraction, for instance. POI data has been widely
utilised to suggest land uses and functions of urban regions (Yuan, Zheng and Xie,
2012; Liu et al., 2015; McKenzie et al., 2015; Yao et al., 2017).
There are multiple sources of POI data. The POI data provided by Ordnance
Survey (OS) is a location-based directory of business, education and leisure
services in the UK that can be downloaded through Digimap1. The data is sourced
and quality-checked from over 100 suppliers, and it is updated four times a year.
The POIs have been organised in a three-tier hierarchical classification scheme:
nine groups, 52 categories and 600+ classes. The top-level classification (nine
groups) is Accommodation, eating and drinking; Commercial services; Attractions;
Sport

and

entertainment;

Education

and

health;

Public

infrastructure;

Manufacturing and production; Retail; Transport. OpenStreetMap (OSM) 2 is
another available source for obtaining POI data, which is VGI-based. It has a
different classification structure for the POIs compared to Ordnance Survey. The
physical features in OSM have attached tags created by public users, which relate
the features to particular topics or interests, for example, amenities used by visitors
and residents, such as bars, hotels and schools. The location and classification
information of the POI data from these two sources are accurate and reliable as
they have been verified by professionals. However, one common limit of these two

1
2

https://digimap.edina.ac.uk/
https://www.openstreetmap.org/
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forms of POI data is the lack of a weighting factor, such as popularity. Without such
information, the influence on the neighbouring area of important places, such as
train stations, will be treated equal as the less important POIs, like public phones,
thereby causing a major bias when analysing place profiles.

4.4.2 Foursquare POI data
The POI data in this research was retrieved from Foursquare. Foursquare is a
LBSN platform, which is popular because of its check-in service. Check-ins are an
action where people share his/her location by selecting a particular venue (e.g., a
restaurant) from a list of nearby places suggested by the Foursquare application.
The users can add a new venue to the list by specifying its name, location and tag,
and other people will be able to check-in at the venue once it has been approved.
People can post their activities, sentiments and comments surrounding the venue
along with the check-ins, and such posts are called tips in Foursquare. Like other
POI data, Foursquare venues possess attached category labels. Foursquare has
a three-level hierarchical category structure, and a detailed list of the venue
categories can be found on their website1.
The Foursquare POI data has been used by many researchers to examine the
urban places as indicated in the literature review, however, it is not appropriate for
urban places profiling in our research, because of the following limitations: (1) the
name of a POI is the formal version while informal names of a place cannot be
retrieved from POI data; (2) POIs represent a place as a spatial point, however,
places in real situations are normally areas; (3) one POI has one fixed category,
yet many urban places have multiple functions, and (4) although certain POIs have
opening hours attached, the popularity over time is not revealed in the data,
therefore it is still difficult to analyse places from the temporal aspect.
Despite these limitations, the information of the Foursquare POIs was verified by
the company as well as its users, thus it could be treated as a reliable reference or
ground truth. Another advantage of Foursquare POI data is that the venues list
check-in counts and the number of check-in users, so that the influences of POIs
can be differentiated according to their popularities. Therefore, the available
information from Foursquare data such as place name, position, category and user
counts were used as a reference to evaluate the results in our case studies.

1

https://developer.foursquare.com/docs/resources/categories
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Foursquare has made part of their data available through the Foursquare
Application Programming Interface (API) service 1 . The Foursquare API offers
different endpoints for a variety of purpose, ranging from venues, users, check-ins
and so on, and the POI data used in our research were acquired from the “Search
for Venues” and “Get Details of Venue” endpoint. The data collection included two
stages, where the first was acquire a list of venue ids within the Greater London
area, with the same bounding box as the Twitter collection specified in the search
query. As limited by the Foursquare API, only 50 venues were returned for each
query, therefore the searching area was partitioned into grids. If the returned result
for a grid exceeded the limit, grid was split into smaller grids until the number of
venues in each grid was less than 50. After venue searching, the list of venue ids
was used to query the details of each venue one by one, and a daily rate limit of
the query was applied based on Foursquare’s API policy. Basic information,
including venue name, category and check-in numbers can be retrieved, however
more detailed information, such as the content of check-ins (tips), requires higherlevel authorisation. A total of 147,041 POIs in London were collected and an
example of the formatted data is found in Table 4-4.
Table 4-4. An example of Foursquare POI data

4.5 Chapter Summary
This chapter introduced the Twitter and POI data used for the case studies. In the
first section, the data collection process was explained, then the features of the
collected geotagged Twitter data were described. The second section outlined the
pre-processing of semantic information. The background and theory of LDA topic
model was next covered, and how it was applied to help extract topics from Tweet
1

https://developer.foursquare.com/docs/api/
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text was explained. The third section addressed the pre-processing of temporal
information. The second and third sections together, illustrate the pre-processing
and labelling module in our proposed framework as the output, Twitter data have
attachments in the form of activity and time labels, which can be statistically
computed during subsequent analysis. The fourth section encompassed the
collection and description of the Foursquare POI data, employing in evaluations
during later analysis.
Regarding the objective 3, section 4.2 addressed the question of how semantic
information in GSM data can be processed efficiently with the assistance of the
topic modelling approach. Twitter data after pre-processing showed its value in
reflecting activity- and time-related information, however more specific analysis of
individual places could not be derived yet. Therefore, methods need to be designed
to relate these labelled Twitter data to urban places, which is the focus of the
following two chapters.
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Chapter 5
Location-led Place-profiling
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5 LOCATION-LED PLACE-PROFILING
5.1 Introduction
After the data pre-processing described in the chapter before this, all the input
Twitter data were connected to activity and time labels, ready to be statistically
computed. As indicated in Chapter 3, the key step for generating place profiles
from GSM data is aggregating the point-based data into places, and the profile of
a place can thus be inferred from the associated data. In other words, there must
be specification of which data accounts for the profile of a place. As introduced in
Chapter 3, such an aggregation step can be conducted via two different
approaches, namely those that are location-led and those that are name-led. In
this chapter, the process of generating place profiles using the location-led
approach is covered.
This chapter consists of six sections. Section 5.2 first presents several commonly
used spatial units and the issues surrounding them followed by the descriptions of
two types of spatial joins, the point-to-polygon join and point-to line join. Next,
section 5.3 outlines the procedures and calculations for generating place profiles
dealing with the ( , , , ) elements from Twitter data associated with spatial units.
Section 5.4 demonstrates how the generated place profiles can be further analysed
to cluster similar places and identify places of specific interests. Section 5.5
presents a case study in the Camden borough of London, in particular exhibiting
the generated place profiles in different spatial units. The last section, Section 5.6,
summaries the chapter and discusses the advantages and limitations of the
location-led urban place profiles.

5.2 Associating Tweets with places
With the location-led approach, aggregating Tweets into places consists of two
steps, where the first step is to define the spatial units and the second step is to
aggregate Tweets into units with spatial-join methods.

5.2.1 Different types of spatial units
Different types of spatial units have been used to analyse urban places, such as
officially defined units and grids as well as user-defined catchment areas and roads.
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Officially defined units
For administrative purposes, areas within a city are partitioned into smaller units
defined by clear spatial boundaries. For example, in the UK, one popular and
officially defined area-dividing scheme is Output Areas (OA), which were created
specifically for statistical purposes of the census survey (ONS, 2011). They were
first introduced and applied in the UK in the 2001 Census. Based on OAs, the
Super Output Areas (SOA) were also introduced to deal with statistics for larger
areas. The 2001 Census OAs were formulated from postcode units, and some
adjacent postcode units were clustered to make an OA better reflect the
characteristics of the actual census data.
OAs have the following features:
(1) OAs were designed to have similar populations and be socially
homogenous;
(2) OAs have a specified minimum size of population to ensure the
confidentiality of data, which was 40 resident households and 100 resident
people. The size thresholds cause some wards with relatively low
population densities to be incorporated as large OAs; and
(3) The spatial boundaries of OAs tend to be constrained by obvious physical
features, such as major roads.
However, there are concerns when using such spatial units to analyse urban
places. OAs are designed specifically for census statistics that are concentrated
on reflecting the residential population (night-time population), while the footfall of
a place may vary during day-time. Some urban places that attract huge attention
may have a very small number of residents, like, for example, central business
districts, tourist attractions and parks. Thus, the OAs that cover these areas will be
larger than residentially dense areas, which leads to a major imbalance in the
observations between the units.
Grids
Another widely used approach is defining equally sized grids that cover the
investigated area so that spatial points can be aggregated, and information can
thereby be statistically summarised. The size of a grid can be adjusted according
to the scale of the investigated places. Small grids can provide better resolution,
while the data will become sparse for other grids, and the results generated for
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those grids will lack support, becoming unreliable. To tackle this, methods like
quad-tree grids can be applied, i.e., one grid may be split into four grids if the
volume of the data exceeds a threshold so that more details of a place can be
captured while maintaining a certain level of representativeness.
One common limitation for both officially defined units and grid-based units is the
MAUP. When the unit area changes, the generated results will be influenced.
Moreover, the data close to the unit borders are associated with the unit, though
they may be not that relevant to such a place as the data in the centre is.
Catchment areas
In various cases, users may have specific areas of to investigate, hence the spatial
unit can be the user-defined catchment areas according to specific needs. Creating
buffers around the investigated objects is one popular approach when defining
catchment areas. For example, retail business studies normally focus on the
neighbouring area of the assessed retail sites (Dolega, Pavlis and Singleton, 2015;
Lloyd and Cheshire, 2017). In Chapter 7, we present a case study that investigates
the profiles of 10-minutes walking distance areas around London Underground
stations (Lai, Cheng and Lansley, 2017).
Roads
Apart from polygon-based representation, places in the urban environment may be
indicated by road networks. As the movement of people in a city relies on roads,
most places are within a reachable distance of the urban road network. Compared
to those that are polygon-based, many place-related problems can be better
resolved in a road-based representation because of the following advantages.
(1) It avoids the MAUP issue;
(2) The density of the road network corresponds to the population and footfall
density;
(3) The road network is reflective of the physical structure of the urban
environment; and
(4) The roads are naturally connected.
These benefits will be illustrated through the comparison of results according to
different spatial units in section 5.5.2.
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5.2.2 Joining data to spatial units
According to the feature type of the spatial units being joined to, there are two
means of performing spatial joins, in general - point-to-polygon joins and point-toline joins.
Point-to-Polygon Join
Aggregating Tweets into polygon-based units, such as administrative units, grids
and catchment areas, is a point-to-polygon join problem. The Tweet is joined to the
unit if it is spatially located within that unit.
Point-to-Line Join
Joining Tweets to roads is a point-to-line join problem. The easiest way to carry
this out calculating the Euclidian distance of the point to its nearby roads, then
joining it to the closest one. In this case, one point only contributes to one road
segment. However, considering the density of the urban road network, a place
should have influences on all roads around it. Therefore, a one-to-many join can
be implemented by joining the points to all the road segments within a certain
distance, just as depicted in Figure 5-1. Moreover, a weight factor can be added to
the join according to the distance to reflect the spatial decay effect.

Figure 5-1. Joining a point to roads.

5.3 Generating place profiles
5.3.1 Location and name
With the location-led approach to profiling urban places, location is the key element
that defines a place. In the most rudimentary manner, each spatial unit represents
a place and its position, and the spatial extent of a place is fixed as the pre-defined
spatial unit.
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The name of each unit is given in some spatial unit schemes, for example,
boroughs and roads. Meanwhile, with other schemes, like grids, a place will be
uniquely referred to by the unit ID or code, instead of a name. In this case, the unit
ID can be treated as the place name element when generating its profile. It is also
possible to infer the real place name of a unit by investigating the frequently
mentioned terms in the Tweets associated with that unit, which are typically rarely
mentioned in other units. However, this may include much noise and require
subjective judgement.

5.3.2 Activity
The activity information of a place can be determined by investigating the text of
the associated Tweets after the spatial join. As one of the commonly used
approaches, term frequency can be assessed to indicate the semantics of a
collection of documents. The activities and characters of a place may be reflected
by the terms that are repeatedly employed in the Tweets associated with it. With
this, the word cloud technique can be applied to visualise term frequencies.
However, manual work is necessary to interpret the meaning behind the word cloud,
and it is impossible to statistically compare places if their activity elements are
represented as term frequencies. Therefore, the activity labels attached to the
Tweets in the pre-processing module were used instead. The insight into the
activity element of a place can be derived from the activity labels of the associated
Tweets making use of statistical computing.
At first, for each spatial unit (location), , the count of Tweets for each activity label,
, can be counted, represented as

,

. The importance of an activity to the unit

can be calculated, which is the proportion of Tweets labelled as activity, , among
all the Tweets assigned to the unit as illustrated in Equation 5.1. The activity
distribution of each spatial unit can thus be represented as a vector of
= , , ,…,

for the n labelled activity groups. The sum of

,

,

where

is equal to 1 for

each .
,

=∑

,

Equation 5-1
,

After inspecting the data, it is noted that many users have repeated Tweets at the
same location within a short time period, such as weather forecasting, advertising
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accounts, and some excited football fans. The activity distribution will be affected
as such repeated Tweets account for a considerable proportion of the data for the
unit. To avoid the bias caused by this, we modified

,

to

count of unique users in spatial unit, , that have activity label,

,

,which is the
, so that the

contribution of one individual to the influence of one activity to the place is limited
as one. One user may have multiple Tweets surrounding different activities in one
place, thus the value of ∑

,

is greater than the total count of users in

(see Equation 5-2).
,

,

=∑

Equation 5-2
,

5.3.3 Time
Similar to the calculation of activity distributions, the temporal variances of the
popularity of a place can be inferred by statistically evaluating the distribution of
the associated Tweets according to the attached time labels. As the Twitter data
has precise a timestamp detailed to seconds, they can be aggregated over any
time periods based on real application. In this research, we processed the temporal
information based on “hour of day” and “day of week”, equating to 24 hours in a
day and 7 days in a week.
With this, let represent the time period in a temporal scheme of
total, as in, for example,

= 24 in daily analysis,

time periods in

= 7 in the weekly analysis and

= 168 (24 × 7) in the hourly analysis of the whole week. The popularity of a place,
, in the

time period can be estimated as the number of corresponding users,

which is

,

.

In addition to analysing the activity and temporal distributions separately, the two
elements can be combined to evaluate the characteristics of the investigated place.
In tandem with the previously introduced definitions, the number of users
discussing activity,
, ,

vector of

, in time period,

, at location,

, can be represented as

. The temporal activity distribution of a place can be normalised as a
, ,

, which sums to 1 according to Equation 5-3.

, ,

=∑

, ,

∑

Equation 5-3
, ,

As per the nature of user-generated social media data, there is much noise in
Twitter data, where some users produce a plethora of Tweets featuring similar
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content. This might include, as an example, the Tweets of weather forecasting and
news produced by public service accounts. Several approaches to remove such
data noise were used in previous studies, like assuming the accounts that produce
too many Tweets are fake accounts and removing all data connected with them.
Yet, a number of real accounts may be removed by mistake. Another approach is
removing identical Tweets of the same user. However, the noise is not always
identical (e.g., weather forecasting posts) and not all identical Tweets are noise
(e.g., check-in type of Tweets). Regarding these issues, we introduced the
approach of limiting the influence of one user in one ( , , ) observation as 1, while
allowed the user to contribute to multiple ( , , ) observations. For example, a user
that is a football fan and posts 100 Tweets when watching the football match at
home may contribute as 100 to the statistical count for sports topic in that area if
simply counting the number of Tweets. Where that user lives may not necessarily
be relevant to sports, but the results will be biased to sports owing to their
overcontributing. With the constraint of ( , , ), the contribution of this user to this
area, activity and time period is only 1. If this user visits another place, posts about
another activity or does so at another time, their data will be still valid. With this
concept in mind, the bias from such noise is prevented while, at the same time,
other useful information is not lost because there is no need to remove Tweets in
advance.

5.4 Analysing places with place profiles
The generated place profiles can provide insights into each individual place, and
with such profiles, further analysis of the places at an aggregated level can be
conducted. Various interesting problems can be explored, such as identifying
prominent places of specific activity or time period, and grouping places that have
similar characteristics.

5.4.1 Ranking places
One interesting way of analysing place profiles is identifying the most important
places for specific activities, which can be applied in marketing analysis.
Prominent places of an activity can be identified by ranking the profiles according
to an index value, such as the number of relevant Tweets within the place. However,
because of the unbalanced spatial distribution of Twitter data, the results of any
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activity will be titled towards those places that attract the greatest number of footfall
in general. Places that are popular for this specific activity, but with a relatively
smaller number of visitors will be ignored under such circumstances. For example,
a place X has 1000 Tweets and 10% of them (100) are related to “education”, while
another place Y only have 100 Tweets but 80% of them (80) are related to
“education”, X will be ranked higher, however Y should be the one that attracts
more attention. On the other hand, ranking based on the proportion of the activity
is also not entirely appropriate, where the results will be influenced quite
significantly by places with limited observations. For example, if place Z only has
3 Tweets and 100% (3) of them are happened to be “education” related, it will be
ranked higher than Y which has 80% but the dataset is not large enough to be
representative.
This issue is similar to the problem in text-mining studies, where many stop words
in the articles occur much more frequently than those that are meaningful. To tackle
this, a commonly used weighting technique is the term frequency-inverse
document frequency (TF-IDF), which was first applied in the information retrieval
field (Salton and Buckley, 1988). “TF” refers to the frequency of a word in the
document, while “IDF” indicates whether the term is common or rare across all the
documents. The premise of TF-IDF weighting is, the influence of a term on the
document rises via the frequency with which it appears in the document, and is
offset by the frequency of the term in the global context. Many researchers also
applied TF-IDF to reweight the POI distributions of urban regions to highlight the
significance of certain important POIs (Yuan, Zheng and Xie, 2012; Hu, Gao, et al.,
2015; Cheng and Shen, 2018).
Inspired by the TF-IDF theory, to consider both the absolute number and relative
proportion, the weighted score,

,

, of place, , regarding the activity, , can be

calculated through Equation 5-4, where

,

is the number of users and

,

is the proportion as calculated by Equation 5-2.
,

=

(

,

)×

,

Equation 5-4

It avoids the dominance of places that have great number of Tweets overall and
emphasises the place where the investigated activity has relatively more
discussions. Consequently, the place that achieve a high score is the one that has
a big number of users and a high proportion of the users are interested in the
selected activity.
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Similarly, if investigating popular places in specific time period, a weighted score
,

can be calculated by Equation 5-5, where

place, , in the time period, and

,

,

=

,

is the number of users of a

is the corresponding proportion,
(

,

)×

Equation 5-5

,

5.4.2 Grouping places
Places that have similar characteristics can be analysed as groups for better
management in certain applications, such as urban planning and marketing. One
approach is to group places by their predominant activity. The predominant activity,
, of a place, , is defined as the activity that has the biggest number of
discussions which is represented by

,

.

However, some places, especially in the complex urban environment, can be multifunctional, hence may have multiple prominent activities. The activities may even
vary across different time. To identify the generic type of places, clustering
techniques can be applied on their activity distributions and even temporal-activity
profiles. Each place, , is treated as one input, the proportions of each activity in
each time-period,

, ,

, are treated as features, yielding a total of

×

variables

in each case. The classic K-means clustering method (MacQueen, 1967) can be
used in this process, which has been employed by many researchers to identify
urban functional regions (Frias-Martinez et al., 2012).

5.5 Case study: Location-led place-profiling in Camden
5.5.1 Introduction
This case study is designed to demonstrate how place profiles can be generated
from labelled data via a location-led approach, using a variety of spatial units to
represent places is implemented and discussed in this section. This case study
also demonstrates how the generated place profiles can be analysed and
visualised, to obtain insights into urban places.
Twitter data from the entire London area were collected and pre-processed as per
Chapter 4, but to simplify the presentation and interpretation of the results, the
London Borough of Camden was chosen as our case study area. Camden is one
of the administrative boroughs located in the centre of London (see map on the left
in Figure 5-2). A total of 361,388 Tweets originating from Camden were selected
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as the input in this case study (see right side plot in Figure 5-2). From the spatial
distribution of the Tweets, we can observe that most of the Tweets are
concentrated in the middle and south of Camden, implying the complexity of places
in such areas.

Figure 5-2. Area of and data underlying the case study

The activity labels were attached to the Twitter data through the pre-processing
procedure (Chapter 4); a distribution of the data allocated to the activity groups is
shown in Table 5-1. The spatial distribution of the Twitter points in different activity
groups, as displayed in Figure 5-3, shows that the distribution of Twitter data itself
is clustered because of population density, therefore it is difficult to extract useful
insights for urban places with only the point-based representation. This is because
they generally feature the same distribution pattern, only indicating the overall
popularity of the area. Therefore, it is necessary to aggregate these informative
points in some means to garner more insights into complex urban places.
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Table 5-1. Distribution of Tweets across various activity groups

Figure 5-3. Spatial distribution of Twitter points across different activity groups

5.5.2 Comparing different spatial units
In the location-led approach, places are represented by pre-defined spatial units.
Different spatial units may lead to different aggregations of GSM data, and
consequently the results can be very different. As discussed in section 5.2, there
are strengths and limitations of different types of spatial unit in representing urban
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places. Two commonly-used spatial units, namely OAs and grids, were applied in
this case study. Furthermore, a novel approach of using road segments as spatial
units to represent urban places was implemented and presented, and a
comparison among these three types was conducted.

Output Areas (OAs)
The OA data was obtained from the Office of National Statistics (ONS)1, there are
749 OAs in total in the borough of Camden. The 2011 Census data was also
attached in the derived OA data (see Figure 5-4), and the OAs are coloured
according to their typical resident populations. The population distribution also
exemplifies a feature of the definition of the OAs, being the basic unit for census
statistics, and they were designed to have similar population sizes, although the
area sizes vary quite extensively.
Figure 5-5 portrays the number of Twitter users in each OA unit, and a very
different distribution pattern can be observed compared to the residential
population. For visualisation purposes, to the two plots were applied the same
colour scheme, however attention should be paid to the legends as the range of
volume differences vary. As shown in the population plot, typical resident counts
are more evenly distributed across the OA units. Meanwhile, regarding the Twitter
user plot, the number of Twitter users in each unit ranges from dozens to
thousands, certain prominent units have a markedly higher number than anywhere
else.

1

https://www.ons.gov.uk/methodology/geography/ukgeographies/censusgeography
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Figure 5-4. The Output Areas (OAs) with population

Figure 5-5. The number of users in each Output Area (OA)
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Such a difference indicates two facts. First, the spatial distributions of night-time
residential populations and the actual visiting footfalls are very different. Areas like
King’s Cross station, St. Pancreas station and Euston station (highlighted in Figure
5-5), being major commuting hubs, have very high footfall, contributing to the large
amount of Twitter data generated compared to other areas. However, these areas
have very low residential population densities. Comparatively, in the north central
area of the region where not much Twitter data were generated, OA units are
relatively small, indicating high residential density.
The second revealed fact is that there is risk using OA as units to aggregate Twitter
data will enlarge the imbalance of data volume between units. The OA units were
designed for census statistics, the sizes of which are adjusted according to
residential density. The OAs that cover railway stations are relatively large owing
to the low density of residential inhabitants, while Twitter data is concentrated in
these OA units. Segregating the area with OAs exemplifies the difference between
the volume of data, which can cause bias of representativeness, resulting in the
larger units being overrepresented and smaller units having insufficient data for
representation.
To resolve this issue, Workplace Zones (WZs)1 are designed to implement OAs,
which were initially produced using workplace data from the 2011 Census. In
contrast to OAs, which are designed to contain consistent numbers of residential
population, WZs are designed to contain consistent numbers of working population.
Although WZs and OAs have some differences, they are both spatial units defined
by official institutions, hence they are discussed together, and results represented
by WZs are not displayed.
To better understand the issues of using different spatial units in representing place
profiles, apart from the user numbers, we also produced some maps to display the
activity information of the places. It is noted that the place profile is more complex
and cannot be presented with only a static figure. In section 5.5.5, we introduced
a new visualisation format to better present the place profile: interactive web-based
dashboard. However, in this section, to compare between spatial units in a simple

1

https://www.ons.gov.uk/methodology/geography/geographicalproducts/areaclassifications
/2011workplacebasedareaclassification/
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manner, we only present figures that spatial units are coloured based on their most
popular activity.
Figure 5-6 displays the most frequently mentioned activity in each OA. The units
are coloured according to the 10 activity groups in these figures. It can be observed
that most OA units reflect activities such as “Food”, “Entertainments” and “Work &
Life”, while only a few places are based on “Art & Show” and “Education” as these
activities are more locally distributed compared to the former.
The uncertainty issue should be noted when displaying the spatial unit only by its
predominant activity, therefore opacity can be applied to indicate uncertaintyrelated information. Figure 5-7, Figure 5-8 and Figure 5-9 presents different ways
of deciding opacity values. The opacity in Figure 5-7 is reflecting the number of
users that agreed on the displayed activity. The units that have sufficient data
(more users) have lower levels of transparency, indicating higher levels of
confidence in the results. The opacity in Figure 5-8 is applied according to the
proportion of users that agreed on the displayed activity,

,

, calculated by

Equation 5-2. Higher proportion results in less transparent. The opacity in Figure
5-9 is based on the weighted popularity score of the activity

,

, which considers

both the user number and percentage of the activity, as equation 5-4 in section
5.4.1 explains.
From these figures, the strength of the OA units can be observed. When designing
the OAs, obvious boundaries, such as major roads, were considered to constrain
their spatial extents, which is coherent with human thinking surrounding place
boundaries. In the north of the study area, the big pink areas are Hampstead Heath,
which is a major green oasis area for recreation; the density of both the residential
population and Twitter users is sparse here, and the OA unit in this case is
appropriate for represent this area where the natural boundary was successfully
captured.
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Figure 5-6 The predominant activity in each OA.

Figure 5-7. The predominant activity in each OA. Opacity applied based on user numbers.
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Figure 5-8 The predominant activity in each OA. Opacity applied based on user proportions.

Figure 5-9 The predominant activity in each OA. Opacity applied based on weighted scores.
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Grid
A square-grid fishnet of 200 metres * 200 metres was created, and a total of 1,534
grids covered the study area. When grid size is big, spatial resolution is
compromised, and it is difficult to compare the differences between dense areas.
But when grid size is small, there may be considerable number of grids with
insufficient data for analysis. To display a better spatial resolution than OAs while
keeping a certain level of data in most of the units, the grid size of 200 metres *
200 metres was chosen to demonstrate the results of grid-based spatial units. The
density of Twitter users is illustrated in Figure 5-10, and the distribution of activities
is displayed in Figure 5-11.
Grid units offer a better spatial resolution compared to OAs, especially in central
areas with dense Twitter data. However, the data within the grid units of the
Hampstead Heath area are obviously insufficient. Some researchers have
employed an adaptive approach in defining the grids where multiple grids that have
insufficient data are merged into a large grid that can aid in reducing the
imbalanced distribution of the data. As it is still a grid-based solution in essence,
the discussion of it will not be expanded upon here.
From the activity distribution map in Figure 5-11, it is apparent that grids in certain
areas are homogenous, and a rough boundary of a larger area can be sketched,
like, for example, railway stations in the central business districts in the south. On
the other hand, it also reflects the complexity of urban places, where many areas
feature a mixture of multiple activities.
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Figure 5-10. The number of users in each grid

Figure 5-11. The predominant activity in each grid
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There are a number of common limitations of OA-based and grid-based analyses:
(1) The Modifiable Area Unit Problem (MAUP). When the size of the spatial
unit is altered, the results are based on associated data changes. It is a
subjective task to define the unit size, which may have a significant
influence on the findings and conclusions.
(2) The issue of the data located around the boundary of the unit. Polygonbased solutions divide areas into independent segments, and the data near
to or sitting on the boundary line will be allocated to one unit. However, in
certain cases, the data may have a major influence on other nearby units,
which are ignored with these solutions. Furthermore, the boundary line may
be inappropriately drawn when defining the units, which split coherent
areas apart.

Roads
Road data was derived from the OSM1. The raw data within the Camden area
contained over 8,000 road segments, including many small trunks. To reduce the
computational complexity brought about by these unimportant segments, only the
major road segments that had road names were selected. A total of 3,343 road
segments in Camden were analysed and presented in this case study. It was found
that in the road data retrieved from OSM, some major roads were split into smaller
segments by junctions, which enables us to present more specific results for each
road segment instead of aggregating them to one big unit that spans over a very
large area.
Two different point-to-road joins were applied and compared here. As explained in
section 5.2.2, one-to-one joins limit the contribution of one Twitter point to its
closest road, while one-to-many joins permit the point being joined to multiple roads
within a certain search area. Figure 5-12 and Figure 5-13 are the results of the user
numbers of one-to-one join and one-to-many join, and Figure 5-14 and Figure 5-15
are the results of the predominant activities of the roads in the two different join
approaches.

1

https://www.openstreetmap.org
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When comparing the results of one-to-one and one-to-many joins, it is found that
units with one-to-many joins have more sufficient data and can better demonstrate
spatial homogeneity. The opacity in each figure is designed to reflect the number
of users. The units that have sufficient data (more users) have lower levels of
transparency. In one-to-one joins, as Figure 5-14 displays, some small road
segments only have very limited amount of data, which leads to higher level of
uncertainty of the results they represent. According to Tobler’s first law (Tobler,
1970), neighbouring objects shall be more similar than distant ones, therefore
connected roads are more likely to exhibit similar characteristics. In one-to-many
joins, the influence of the point to all of its nearby roads are considered, hence the
differences between adjacent roads were smoothed, which better reflects the fact
indicated by the first law. As shown in Figure 5-15, certain clusters of connected
roads that have the same activity label can be identified.
When comparing the road-based with the OA-based and grid-based results, many
advantages are readily apparent:
(1) The density of road segments matches well with the population and Twitter
user density, and they tend to focus on the coverage of important urban
areas instead of areas with sparse footfalls. For example, a few major roads
surround the Hampstead Heath area instead of intersecting it, thus data in
this area will be joined to these roads, avoiding the insufficient data issue
in the grid-based solution. On the other hand, in the central areas, the
dense road segments provide a better resolution, so that differences in
smaller scales can be represented and observed.
(2) The spatial structure of road networks reflects the physical boundaries of
urban places. The natural boundaries of certain places, such as
Hampstead Heath and Regent’s Park are well known, as highlighted in
Figure 5-13.
(3) The spatial relationship between places is clearer as people move between
places along the road network. With polygon-based solutions, places are
only linked to their adjacent neighbours, while with the road-based solution,
places are connected through the roads, and places distant from each other
may be connected by a long major road. Moreover, the information of a
road unit signifies a mixture of all places alongside it.
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Figure 5-12. Number of users of roads after one-to-one joins

Figure 5-13. Number of users of roads after one-to-many joins
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Figure 5-14. Activity distribution on roads after one-to-one joins

Figure 5-15. Activity distribution on roads after one-to-many joins
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5.5.3 Place profiles
After the spatial-join step, information on point-based Twitter data that is
associated with each spatial unit can be aggregated. Following the procedures that
are explained in section 5.3, profiles including the ( , , , ) elements can be
generated for each spatial unit. Regardless of whether they are polygon-based or
road-based, the place profiles featuring the information follow the same template.
To illustrate the generated profiles, two OA-based examples are presented in this
subsection.
As seen in Figure 5-16, the locations of the two selected examples are highlighted
on the map. These two places can be uniquely referred to by their OA ids, which
can be treated as the “name” of them. However, to get closer to the place concept
in terms of human recognition, word-based place names can also be inferred from
the frequently mentioned terms, as the word clouds in Figure 5-16 displayed. The
terms found in the word clouds are derived from the Tweet text after text cleaning,
where text stemming was applied. For example, “roundhous” is actually
“roundhouse” in its original form. Many people will mention the name of place in
their Tweets along with the activities, such as “great show in roundhouse” or
“waiting for my train at Euston station”. Within the spatial unit, the most frequently
mentioned terms may very likely contain the term for that place, for example,
“roundhouse” for unit “E00004213” and “Euston station” for unit “E00004694”. A
number of alternate place names can also be identified from the word cloud, such
as “eus”, the abbreviation of “Euston”. However, it is noted many commonly
mentioned terms are not actually place names, such as “train” and “nationalrailenq”.
Therefore, extracting place names with this approach requires subjective
judgement, and local knowledge is necessary sometimes.
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Figure 5-16. Location and name elements of the OA-based examples

Although the characteristics of the place were also partly reflected in the word cloud,
as stated, interpreting the word cloud requires manual work, which is timeconsuming and labour intensive. As a more efficient way, as illustrated in section
5.3, the activity distribution and temporal variance can be calculated for each place
based on the activity and time labels of the Tweets. Figure 5-17 and Figure 5-18
depict the activity and temporal insights of the two selected OA examples.
Regarding activity information, the number of users of each activity group
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(including the “others” group) and its proportion are displayed. Regarding temporal
information, the numbers of unique users in each aggregated hourly time slot are
present. As such, certain characteristics of these two places can be reflected, for
example the prominent activity combined with the time when the activities occur,
which can indicate the nature of a place at that point in time.
In addition to analysing the activity and temporal distribution separately, they can
be analysed as combined information. For example, the popularity of different
activities throughout a week is displayed in Figure 5-19 and the variance
throughout a day in Figure 5-20. As in Figure 5-19, “Arts and Show” is the
predominant activity throughout the week for the OA unit, E00004213, but has a
peak on Friday nights, possibly because that is a common time for people to attend
art and show activities. In contrast, the OA unit, E00004694, has as its predominant
topic “Travel and Transport”, though the number of users interested in the topic
tapers off on Sundays when less people are travelling. As portrayed in Figure 5-20,
the popularity of different activities within a day can be calculated by aggregating
the data into 24 hourly groups. The OA unit, E00004213, has low levels of users
during work hours, but there is a massive increase after work hours, especially the
activities “Art & Show” and “Entertainments”, suggestive of the nature of this place
being one for leisure and recreation, mostly frequented outside work hours. The
OA unit, E00004694, on the other hand, features “Travel and Transport” as the
most popular topic with two distinct peaks in the morning (8-10am) and early
evening (5-8pm), justifying its nature as a transport hub with higher volumes of
people during the morning and evening rush hours.
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Figure 5-17. Activity and temporal information of OA E00004213
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Figure 5-18. Activity and temporal information of OA E00004694
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Figure 5-19. Temporal variance of the activities in the two OAs aggregated weekly
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Figure 5-20. Temporal variance of the activities in the two OAs aggregated daily
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5.5.4 Identifying prominent places
With the generated place profiles, apart from analysing the characteristics of each
individual place, we can also quantitively analyse and compare places in the study
area. As explained in Section 5.4.1, places can be ranked according to their activity
information, to identify prominent places of specific interests.

Figure 5-21. Three ways of ranking OAs for specific activities

Figure 5-21 presents the examples of OAs ranked for the two activities: “Education”
and “Arts & Show”. To help interpret and evaluate the results, annotations based
on our local knowledge about the area are displayed on the maps. As background
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knowledge, there are two railway stations in the King’s Cross area, several
universities and colleges in Bloomsbury, and music avenues and bars in Camden
Town. Ideally, OAs that have strong associations to the activity should be given
high scores and being identified.
The ranking results displayed in Figure 5-21 are based on three different
normalised scores. Figure (a) and (d) are based on count of users discussing the
activity in each unit (

,

). It can be observed that despite some places of

interests being correctly identified, the influence of the general footfall causes the
results of two different activities to be very similar. The significant places are the
ones that attracts big footfalls in general, disregarding whether the place is strongly
associated to the activity, for example, King’s Cross area has the highest
normalised ranking score based on user count in figure (a). In contrast, figure (b)
and (e) are based on proportion of the relevant discussions (

,

). Many places that

achieve high scores are the ones with limited data samples, from this a big bias
can be observed. By combining these two, a weighted score (

,

) can be

calculated as illustrated in Equation 5-5, results are shown in figure (c) and (f).
According to the local knowledge, the last group (c and f) achieves the best results,
from which, places that highly relevant to the activities were clearly identified.
Such analysis of identifying prominent places of specific interests can be applied
in many real-world applications, such as site selections for business and marketing.

5.5.5 A web-based dashboard
As the place profile contains information in various formats, and the elements of a
place profile are linked, hence a good presentation of the place profile should be
able to reflect such links. To fulfil these needs, a web-based dashboard is designed
using R shiny platform. A screenshot of the dashboard is shown in Figure 5-22.
The map can be zoomed and moved, and once the spatial unit on the map (a place)
is clicked, other information related to this place can be queried and displayed
spontaneously, including a pop-up box containing information such as place name
and user numbers, and a bar chart plot of activity distribution or temporal variance.
One advantage of this interactive visualisation is to reduce the uncertainty caused
by static figures. In the figures presented in previous sections, spatial units were
coloured based on their prominent activities, although opacity was adopted to
indicate the data volume of each unit, proportions of users that agreed on the
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activity cannot be displayed. If the opacity was designed according to how many
users agreed on the displayed topic, the total number of associated tweets cannot
be shown. However, in this interactive mapping, we can display both information
via an additional bar chart that corresponds to the selected unit, therefore, more
aspects of the relevant information can be displayed. Besides, some additional
functions, like a search box, can also be added in the shiny project, to efficiently
query the data features. Moreover, the projects are web-based, which can be
deployed online for public access. This enables people to explore the place profiles
via the user-friendly visualisations, without the need for professional skills.

Figure 5-22. Screenshot of the web-based dashboard of place profiles

5.5.6 Summary of the case study
In this case study, we demonstrated the results from location-led place-profiling in
the Camden Borough area. A comparison of three different spatial units, OAs, grids
and roads was seen in section 5.5.2 with the effects of spatial units in interpreting
the results discussed. Additionally, limitations and advantages of each type of
spatial unit were indicated. To illustrate the generated place profiles, two OA-based
examples were shown in section 5.5.3. It has been found that place name can
potentially be inferred from Tweet text, and characteristics of a place can be
inferred through activity and temporal distribution. The background knowledge of
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the selected two examples validates such information inferred from their place
profiles, which proves the validity of the research to a certain extent. Based on the
generated profiles, places in the study area can be quantitively analysed and
compared, section 5.5.4 demonstrated the process of identifying prominent places
for specific interests. Finally, section 5.5.5 presents the interactive web-based
dashboard developed for the visualising of multi-dimensional information of place
profiles.

5.6 Chapter summary
This chapter demonstrated the detailed methods and procedures for generating
place profiles via a location-led approach. Sections 5.2, 5.3 and 5.4 described the
modules 2, 3 and 4 of our proposed research framework, respectively. A case
study was presented in section 5.5, wherein the results of different spatial units
were compared, and their strengths and limitations discussed. The examples of
place profiles were depicted through the case study, where the characteristics of
places can be inferred from their profiles.
As presented in this chapter, the location-led approach of profiling places was
efficient and useful in various cases. For example, officially defined units were
suitable for use as reporting zones for social statistics from a general perspective
because their boundaries can be clearly identified. Apart from that, the place
profiles emanating from the location-led approach can be directly linked with other
information sources as they use standard spatial units, such as OAs and roads.
However, there are many limitations with such an approach. Urban places in the
daily communication of individuals and communities are not always same with
such pre-defined units. Moreover, the boundaries of urban places are vague and
not fixed, which are likely to vary between people and communities, and may also
change throughout time (Goodchild and Li, 2011). Furthermore, many places are
spatially overlapped, especially in city centres. The location-led solution cannot
differentiate data that is in the same location but belongs to different places, and
the activities and temporal variances generated for the spatial unit are the mixture
of results of all the places in it. To deal with these limitations, a name-led approach
is introduced in the next chapter.
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Chapter 6
Name-led Place-profiling
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6 NAME-LED PLACE-PROFILING
6.1 Introduction
6.1.1 Challenges with the name-led approach
As discussed in section 3.3, the name-led approach has many advantages for
representing urban places versus the location-led approach, however there are still
many challenges needing to be addressed to utilise it.
To apply the name-led approach, a list of place names must be known in advance
for the data association. Normally, an official naming system (toponym) exists in
every country, instituted by governing authorities for standardisation purposes.
However, only certain place names are officially authorised, while many more are
unofficially recognised and adopted locally, especially in casual communications,
which are termed vernacular names (Vasardani, Winter and Richter, 2013; Purves
and Derungs, 2015). Therefore, compared to using an existing place name
gazetteer as a reference, it is better to derive place names from social media data
itself. Among the myriad of terms used in social media, only a small proportion may
be relevant to places. Many NLP experts have developed methods such as Name
Entity Recognition (NER) to determine specific type of words, including place
names (Vasardani, Winter and Richter, 2013; Gritta et al., 2017). However, these
NLP methods are primarily based on formal word spellings, and it is still a difficult
task to extract place-related terms in online short texts because of informal
expressions. When referring to places, many people prefer to use abbreviations
and nicknames in online communications instead of formal names listed in the
existing gazetteers. Traditional NER models would not achieve robust results in
this case, so retraining NER models may help the situation but require a large
amount of human-annotated training samples, which to produce is time-consuming
and labour intensive (Hu, Mao and McKenzie, 2018). Therefore, methods need to
be developed to efficiently identify place names among many other terms in social
media data without reliance on existing gazetteers.
One place may have multiple alternate names, which will lead to duplicated results,
and this is especially challenging in terms of social media data that consists of a
huge number of informal expressions. Methods need to be developed to identify
the terms that may indicate the same place and reduce such redundancy.
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Another issue is that certain GSM posts may not be physically located in the place
while mentioning the place name. Although such data can be interesting and could
be useful for investigating the relationship between different places, keeping such
data will distort the profile of the place to some degree. Methods must be
developed to establish the core locations of a place and filter out the data noise
from locations outside so that the profile generated for the place can be more
precise.
This chapter’s intention is to demonstrate how profiles of urban places can be
generated from Twitter data according to a name-led approach, and the challenges
mentioned earlier will be addressed within the framework.

6.1.2 Profiling places in a name-led approach
Taking labelled Twitter data as input, the name-led approach of urban placeprofiling can be portrayed with the flowchart in Figure 6-1. The first step is to extract
place names from Tweets. After a list of place names has been obtained, the
Tweets can be aggregated, and the collection of Tweets that contain the same
place name is treated as the data for that place. Based on the spatial distribution
of the associated Twitter points, the core locations of a place can be estimated.
The activity and temporal distributions of the place can also be generated from the
corresponding data. At the end of the process, the relationship of the places can
be analysed.
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Figure 6-1. Flowchart outline of name-led approach

6.2 Identifying place names from Twitter text
At this step, an assumption was made - if one term is mentioned by many users
within a certain area, it may be place relevant, and possibly be a place name. A
high spatial density and popularity of the term indicates there to be a greater
chance of it being a place name. Based on this assumption, we combined n-gram
tokenisation and spatial-point distribution pattern analysis to identify place names
from Twitter text. The methods we employed are purely data-driven, not relying on
any gazetteers and only very limited manual tasks during the analysis.

6.2.1 N-gram based tokenization
The Tweets after text cleaning (see section 4.2.2), were split into terms through
tokenisation. Tokenisation is a function in NLP that splits a string into separated
terms based on the space among them, and each unique term is converted into
one token. One parameter of tokenisation is the length of the term, which is the
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number of words in that term. Normally, tokenisation is uni-gram based, which
means every individual word is one token. However, place names are normally
more than one word, and uni-gram-based approach is not suitable in this case. For
example, “British Museum” is the name of one place, however, any of the split
words, i.e., “British” and “Museum”, no longer refer to that place in particular.
Therefore, a n-gram-based tokeniser was adopted, which allows one token to
represent a term of multiple (n) words. In our case study, n=1, 2 and 3, where a
token can be a term of one, two or three words (e.g., Euston, Euston station,
Euston railway station). It is worth being aware of the fact the that n-gram-based
tokeniser will generate a much greater vocabulary and tokens will have many
overlapping terms. Such redundancy leads to the problem that multiple terms
represent the same place, and a solution to deal with such redundancy was
invented, which will be explained in section 6.2.4.

6.2.2 Spatial distribution patterns of the terms
After tokenisation, the rarely used terms can be removed. Each term in the
remaining term list can be spatially represented by a set of Twitter points. As
described in our assumption, the spatial distribution of a place-related term (or
place name) must be relatively more clustered than other non-place-related ones.
Therefore, examining the geospatial distribution pattern of each individual term
may suggest how likely the term is place-related. A spatially descriptive statistical
method, Ripley’s K-function (Ripley, 1977), was applied to investigate such a
pattern.
Ripley’s K-function is typically used to compare distribution patterns of a given point
set with a random distribution, which has also been used by researchers to quantify
the spatial distributions of the point-based features in urban studies (Ripley, 1977;
Han et al., 2014; McKenzie et al., 2015). The point distribution is tested against the
null hypothesis that the points are distributed randomly and independently. The
results describe whether the distribution of points has a random, dispersed or
clustered pattern. For a set of spatial points, the first moment property is the
number of points, and the second moment property is the expected number of
points per unit area (Kiskowski, Hancock and Kenworthy, 2009). Ripley’s Kfunction is determined by the second moment property. The estimation of

( ) is

described by Equation -6-1, where

is the total area of the spatial points set X, n

is the total number of points. (

≤ ) is the indicator that equals to 1 if the
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distance,

, of a pair of points, and , is no greater than distance . If an edge-

correction method is defined,
the expected value

is the edge-correction weight. As a comparison,

( ) for a random Poisson distribution is
( )=

(

)

∑ ∑ (

.

≤ )

Equation 6-1

The original Ripley’s K-function is hard to interpret, and a number of variations
have been suggested, such as a normalised K-function to area (L function) or area
and radius (H function) (Kiskowski, Hancock and Kenworthy, 2009). The L-function,
( ) (Besag, 1977) is a transformed
, instead of

( ), so its expected value is a linear value,

. The ( ) can be further normalised, so that expected value is 0,

which is the H-function,

( ) . Interpreting the results of

straightforward, and a positive

( ) is much more

( ) indicates clustering over that spatial scale,

whereas a negative value indicates dispersion. Plots of K-function, L-function and
H-function of a random Twitter sample are presented in Figure 6-2, where black
lines represent the observed values and red dashed lines the expected value of a
random distribution. The plots demonstrate the differences of these three functions,
which also indicate that even random Tweets reflect a clustering pattern.
( )=

( )/

Equation 6-2

( )= ( )−

Equation 6-3

Figure 6-2. Examples of K-function, L-function and H-function

Although Tweets in general are spatially clustered because of population
distribution, the level of clustering still varies extensively for different terms. Tweets
of the three terms were selected and examined - there are 3,016 Tweets of “nice”,
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3,520 Tweets of “Euston” and 1,707 Tweets of “euston railway station”. In Figure
6-3, the map on the left portrays their spatial distributions, while the plot on the
right displays the H-function values of the three groups of Tweets. From the map,
it can be observed that Tweets of the term, “nice”, have a relatively disperse pattern,
spreading over the study area, while Tweets with “Euston” are clustered in a
relatively smaller area. Tweets of “Euston railway station” are concentrated at a
few specific points because many of them are the check-in type of Tweets that are
geotagged by coordinates of the POI. It is noteworthy that even though the number
of Tweets of these three terms are different, the results of

( ) are comparable.

This is because the Ripley’s K-function is based on point density instead of point
counts. As the plot shows, the point set, which is spatially clustered, has a higher
( ) value, and the maximum score of

( ) can be extracted as a simpler index

of the level of clustering of a spatial points pattern. It can also be observed that the
value of

that maximizes

( ) indicates the radius of maximal aggregation: the

radius of an area in which a centred test point on average contains the most points
per area. In other words, the smaller

is when

( ) reaches its maximum, the

smaller the area of the clustered points is.

Figure 6-3. H-function results of three different point distributions

In addition to the H-function score, we also took user number into consideration,
thus we introduced an index score to rank terms according to their spatial point
distribution pattern and popularity among users; such a score was termed the
platial score. As in Equation 6-4, for each term, , of the term list we generated, its
platial-score

( ) is calculated by multiplying its maximum H-function value,
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( ). The platial scores of all terms

( ), and log value of its user number,

can be further normalised to the range between 0 to 1 as
( )=

( )∗

( ).

( ))

(

Equation 6-4

6.2.3 Evaluation and threshold selection
Terms can be ranked according to the normalised platial scores, and we can set a
threshold to choose the terms that are more likely to be place names. To assist in
the selection of the threshold, an evaluation test was formulated. A random sample
of terms (e.g., 10%) can be selected and manually annotated. Among the sample,
those related to place were marked “true”, while the others were marked “false”.
With a threshold of the

( ), those above the threshold were tagged as “positive”,

while the rest were tagged “negative”. Terms that are marked both “true” and
“positive” are the “correct” terms. The performance of this threshold can be
evaluated through three indices - precision, recall and F-score. Precision measures
the percentage of “correct” terms across all “positive” terms (see Equation 6-5).
Recall measures the percentage of “correct” terms across all “true” terms (see
Equation 6-6). F-score is the harmonic mean of precision and recall (see Equation
6-7), where a high F-score indicates both high precision and recall. The
performance of the different thresholds can be evaluated, and those that achieve
the highest F-score is set as the final threshold.
(

=

(
(

=
−

=

)

,

)
)

,

(

×

Equation 6-5

)
×

Equation 6-6

Equation 6-7

6.2.4 Detecting repeated terms
Following the previous process, terms that are possibly related to places can be
identified. However, many identified terms refer to exactly the same place, which
caused redundancy of the identified place term list. There are different situations
of such redundancy: (1) Various names people used for one same place, like, for
example, where “eus” is the abbreviation of “Euston”. This situation is more
complex as such redundancy cannot be easily detected, and may have a higher
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risk of merging the names of places that are similar but different; and (2) Different
tokens generated from one string during n-gram tokenisation, as in, for example,
“euston railway”, “railway station eus” and “station eus” that are tokens split from
the string “euston railway station eus”.
If the terms were extracted from the same string, then the Tweets that have the
original string will be associated with all these tokens. Thus, this issue can be
resolved by examining the overlaps of their associated Tweets.
In practical terms, each place term has a list of IDs of Twitter associated with it,
and the Jaccard index (Hamers, 1989),

( , ), was calculated for each pair of

Twitter ID lists. The higher ( , ) indicates more overlaps between two lists,
and , and it is more likely these two terms originate from the same string. A
Jaccard distance matrix,

( , ), was created from the pairwise ( , ) of all terms.
( , )=
( , )=

∩
∪

− ( , )

Equation 6-8
Equation 6-9

To efficiently identify the groups of similar place terms, hierarchical clustering was
applied based on the Jaccard distance matrix. This approach can merge place
terms into groups in a bottom-up fashion, and place terms close to each other
based on their co-occurrences in the same Tweets are clustered. Each cluster can
be labelled by the term with highest platial score, and a cleaned list of place names
can be created by these label terms.

6.3 Associating Tweets with the identified places
Once a cleaned list of place names has been derived, the Tweets in which the
name within the list being mentioned can be extracted by matching the place
names with Twitter text. This association process is purely based on string
matching. To supply a more complete data set, the alternate names of the place
are also used in matching. For example, “euston railway station”, “railway station
eus” and “station eus” are alternate names for “London Euston railway station”,
and Tweets that include any of these terms will be extracted and associated with
the place.
It is notable that one Tweet can be associated with multiple places in the list, and
there are different scenarios: (1) A place name is contained in another, for example,
“Euston” is a neighbourhood-level place, while “Euston railway station” and
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“Euston underground station” are two different places located in the “Euston”. Any
Tweets associated with “Euston railway station” or “Euston underground station”
will also be associated with “Euston”. Thus, such a hierarchical structure of places
is maintained during this name-led data association; (2) Two different places are
mentioned in one Tweet. In this case, the relationship between the places cannot
be revealed easily, and the co-occurrence may stem from the spatial relationship
with or link to an activity. For example, for “I am at Roundhouse in Camden”,
“Roundhouse” is a music avenue in “Camden”; (3) “I am waiting for my train to
Manchester at Euston station”, where the two mentioned places are the origin and
destination of a trip. This indicates another advantage of the name-led approach,
specifically the relationship between places that can be explored based on their
co-occurrence pattern whether they are spatially close to each other or not. Speech
recognition techniques may be of value for inferring the relationship between
places according to text expressions, which can be one of the directions for future
studies.
As an output of this step, each identified place name in the list can be associated
to a set of Twitter points. However, not all the points being associated with that
place are located in it - people may mention the name of one place without
physically being there. Therefore, to negate the influence of noise and determine
the core locations of the identified places, spatial clustering techniques were
applied.

6.4 Estimating the location of the identified places
Once we have the list of place names, the Tweets can be associated with a place
if its name is detected in the Tweet text. It is worth paying attention to the fact that
one Tweet may contribute to the profile of multiple places if it has multiple place
terms simultaneously. This also provides the potential for examining the
relationship between places in future studies. At this stage, each place can be
spatially represented as a set of associated Twitter data points.
The core locations and spatial extents of a place can be estimated with associated
Twitter points. In conventional gazetteer and POI data, the location of a place is
normally represented by a point with a pair of coordinates. The point-based
representation is convenient in spatial analysis, such as calculating distances and
spatial joins. In a simple manner, the places we identified can be represented as
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points using the mean value of coordinates of the associated Twitter points.
However, places in real life are not points but areas, and different places may have
different levels of spatial influences on their neighbourhood areas, leading to
varying spatial extents. The area-based representation may be more appropriate
to represent the spatial extent of places.

6.4.1 DBSCAN clustering
Given a set of spatial points that are identified as related to a place, the spatial
extent of that place can be approximated according to spatial analysis techniques,
such as kernel density estimation (KDE) (Cheng and Shen, 2018) and spatial
clustering. The goal of this approach is to identify the area where the most relevant
points concentrated and eliminate the noise points.
Point-based clustering methods have been explored by many researchers, and the
Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm
(Ester et al., 1996), was chosen for our research because of its following strengths:
(a) The shape of the identified clusters can be arbitrary, including linear, concave,
oval, etc. (Zhou et al., 2007; Gomide et al., 2011); (b) in contrast to certain
clustering algorithms, such as K-means and hierarchical algorithms, it does not
require the predetermination of the number of clusters; (c) the algorithm has strong
handling with noise, and the sparse distributed data points will not be assigned to
any cluster (Sacco et al., 2013). These features make DBSCAN suitable for use in
extracting urban places as the actual urban places do not have regular shapes,
and the number of places is hard to specify while noise within GSM data can be
handled well.
As a density-based algorithm, DBSCAN organises data points to obtain dense
groups (clusters) that are separated from sparse data points. The algorithm
requires two parameters as input: (i) The distance (

) which defines the radius

of the circle around a data point; and (ii) The minimum number of points (

)

that should be in the circle to be considered part of the group of related points. The
concept behind DBSCAN is outlined Figure 6-4, where

is set to 3 as the

example. With DBSCAN, the points are classified as core points, reachable points
and outliers as follows:


A point, , is a core point if the number of points within the
(including ) is no less than

;
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radius of



A point, , is directly reachable from
and



is a core point;

A point, , is reachable from
= , where each
the path except



if its distance is smaller than

if there is a path

is directly reachable from

,…,

with

=

and

, and all the points on

are core points; and

All points that are not reachable from any other point are outliers.

The procedure for DBSCAN is as follows:
1. Pick an unlabelled point. Count the number of points within
a. If the number is less than

of this point.

, label the point as a non-core

point, and then pick another unlabelled point and start over.
b. If the number is no less than

, label this point as a core point;

2. Repeat step 1 for all points;
3. The non-core points that are directly reachable from the core points are
labelled as reachable points. A cluster is formed by at least one core point
and corresponding reachable points, and the edge of the cluster is formed
by the reachable points; and
4. the points that are neither core points nor reachable points (not in any
cluster) are labelled as outliers.

Figure 6-4. The Concept of DBSCAN

6.4.2 Parameter selection
The results of DBSCAN are sensitive to two parameters, however there is no
definitive method to resolve the selection of parameters. Generally,
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value

should be determined according to the geographic scale of the place, and a larger
Eps should be applied to detect boundary of place at a larger scale, which tends
to produce a large cluster that covers a greater area instead of several small
fragmented areas. Yet, the shortcoming of a large

is the shape of a place

cannot be accurately captured, more noise around the edge will be included in the
cluster and the identified boundary will potentially be bigger than it is supposed to
be. Various researchers have explored approaches to identify
example setting

adaptively, for

as the arithmetic mean of the nearest neighbour distances of

the points (Zhou, Wang and Li, 2012; Khalifa et al., 2016). However, applying such
an approach to Twitter data will tend to generate very small

values, which will

split the place into many small fragments. Although it is realistic that a place term
may indicate more than one location (cluster), we are expecting each place to be
represented as a major cluster that is spatially continuous.
The other parameter,
cluster. A larger

, defines the minimum number of points to form a
fosters stricter conditions for arriving at clusters, which

leads to fewer clusters and ensures a higher significance of the identified cluster.
A smaller

will tolerate more noise in clusters. As the popularity of places

varies, the number of Tweets of places, ranging from dozens to thousands,
suggests a fixed

may not be flexible enough to adjust to such variance.

Hence, we modified the parameter to minimum percent of points (

), where

multiplying by the total number of points in the investigated data set is the

.

Moreover, to restrict the influence of individual users to the place, a filter of
minimum number of users (

) can be applied to qualify a cluster.

6.4.3 Convex hull
After the clustering, convex hull for each identified point cluster can be drawn to
represent the spatial boundary of the place (Zhang et al., 2013). A convex hull
approach is a computationally efficient method that has been used to represent the
minimum bounding shape for a set of points. To delineate more details of the shape
of the cluster rather than a simple convex polygon, methods including Chi scoring
and concave hull can be considered (Duckham et al., 2008; Hu, Gao, et al., 2015;
Gao, Janowicz, et al., 2017).
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6.5 Generating place profiles
Following the steps previously described in Section 6.2, each term in the final list
represents a place. For each place, its core location can be estimated through the
DBSCAN clustering as explained in section 6.4, and spatially represented by the
convex hull of the clustered points. As the spatial influence of a place may vary
through time, the boundary of it can be different according to the clustering results
of data in different time periods.
One place is represented as a set of Twitter data associated to it, the format of
which is same as in the location-led approach. Therefore, the calculation of activity
distribution and temporal variation are the same as with the location-led approach
(see section 5.3).

6.6 Analysing places with their profiles
In addition to analysing places according to the ways described in section 5.4, such
as ranking places and grouping places, the relationship between places in the
name-led approach can be explored from additional perspectives.

6.6.1 Hierarchical structure of places
The name-led approach allows spatial overlaps between places, which cannot be
observed with the location-led approach, and provides the possibility of analysing
the hierarchical structure of urban places. Two types of hierarchical structures can
be analysed: (1) the name of place A is contained in another name B, under such
circumstance, the associated data of place A is a subset of place B. For example,
“Euston railway station” and “Euston underground station” are two different places
located in the neighbourhood area “Euston”. This type of structure can be identified
through string matching; (2) There is no overlapping term in the place names, but
places of small scale (e.g., shops, bars) may spatially be contained in places of
greater scale (e.g., shopping centres, neighbourhood areas). Such hierarchical
structure can be identified by examining the spatial relationship between the
convex hulls of the identified places.
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6.6.2 Interactions between places
Apart from direct links, such as similar characteristics or hierarchical structures,
indirect links between places can be examined by exploring the visiting behaviours
of users. Similar to the social network analysis, which investigates the relationship
between people, the relationship between places are investigated here. Each place
can be represented as a node on the graph, where the nodes are linked by an
edge. The strength of an edge can be weighted based on the interaction between
two nodes. In many social network user analyses, the edges are normally weighted
according to their subsequent relationship or number of common friends. Similarly,
in our case, the edge between two places can be weighted based on the common
number of users who visit both places. In other words, if two places are frequently
visited by the same group of users, these two places have stronger connections
than other pairs.

6.7 Case study: Name-led place-profiling in Camden
6.7.1 Introduction
This case study was planned to demonstrate how profiles of urban places being
generated from the labelled Twitter data use a name-led approach. This includes
identifying place names from Twitter text with n-gram-based tokenisation and
Ripley’s K-function. The Tweets are associated with places via the identified place
names, and the spatial extents of these places are estimated using DBSCAN and
convex hull. The identified places are evaluated and assessed by comparison with
POI data and manual judgements based on local knowledge. Employing the
generated place profiles to analyse relationships between places is demonstrated
at the end.
The case study in this chapter uses the same input data and study area as that
presented in the previous chapter so that results can be compared, i.e., the
Camden borough in London. With this, the place profiles in this case study can be
compared to those in section 5.5.

6.7.2 Identifying place names
Over 2.7 million tokens were generated using a n-gram (n=1,2,3) tokenizer from
the text-cleaned Tweets. The tokenizer is adopted from the opensource R package,
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“text2Vec” 1 . During tokenisation, the document frequencies of tokens were
counted, i.e., number of Tweets that contain the token. As social media posts
feature a large amount of informal expressions, many words are made up by users
and only used a few times by several individuals. Removing such terms would not
have much influence on the general results but instead would reduce the size of
the token vocabulary and speed up the following computing process. There is no
ideal threshold of trimming the vocabulary, the value is normally within a range
from a single digit to hundreds, depending on the size of investigating corpus. To
ensure sufficient data for each term in later point distribution analysis and clustering,
while reducing the computational efforts, the threshold was set as 100 after
manually inspecting empirical results of different cut-offs. The vocabulary was
pruned by removing terms that occur in less than 100 documents, a total of 2,847
tokens remained in the pruned vocabulary.
For each token, a set of corresponding Tweets was extracted. The user number
was summed by counting the unique user IDs in the set of Tweets for each token.
Ripley’s L-function, as described in Section 6.2.2, was then applied to each set of
Twitter points to estimate its spatial-point distribution pattern. The border method
(Ripley, 1988) was employed for edge correction in L-function estimation. This is
the fastest edge-correction method computationally and can take place for a
window of arbitrary shape. The Camden borough boundary was utilised as the
window. As an output, the platial score of each token,

( ) , in the pruned

vocabulary was calculated according to Equation 6-4. The histogram of the
normalised platial scores,
To identify the threshold of

( ), is found in Figure 6-5 (left).
( ), we conducted an evaluation. A random 20%

sample of the tokens (568) were selected and manually annotated. We iterated the
threshold from 0 to 1 with a step of 0.01 for each threshold, and the F-score was
calculated. The results are available in Figure 6-5 (right), where at threshold

( )

= 0.33, the F-score reaches its maximum (0.86). With this threshold, which is
indicated by the blue dashed line, we identified a total of 252 terms that are likely
to be place names.

1

http://text2vec.org/
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Figure 6-5. Identify the threshold of the normalised platial score

To identify overlapping terms, the pairwise Jaccard index of the selected terms was
initially calculated. After, hierarchical clustering was applied to the terms based on
the Jaccard distance matrix, where the resultant dendrogram is presented in Figure
6-6. The height of the hierarchical tree corresponds to the Jaccard distance, which
ranges from 1 to 0, and users can cut the tree to produce any number of clusters
from 1 to 252. After inspecting the clustering tree at different heights, we specified
the height to be 0.5 to generate 138 clusters, which successfully merged many
overlapping terms while not producing clusters that merged different places. The
Jaccard distance of 0.5 means there is over 50% overlapping Tweets identified in
the Twitter data sets for this pair of investigated terms. The term that had the
highest platial score within each cluster was opted for as the label of the cluster,
labelled as the place name, and the rest of the terms in the same cluster were
labelled as alternate place names.
After these steps, the majority of the noise terms irrelevant to place were removed,
and only a relatively small number of terms that were very likely to be place names
remained. The parameters for this filtering process can be tuned by user according
to their needs in order to obtain a larger group of place name candidates that may
contain more noise or vice versa. By this stage, it was feasible to go through the
filtered term list and determine terms that referring to the same place, which could
not be performed in the previous step, based on local knowledge. A summary of
the steps for identifying place names are illustrated in Table 6-1. A full list of 111
identified places can be found in Appendix A and Appendix B.
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Figure 6-6. Dendrogram of repeating terms
Table 6-1. Procedures for extracting place-terms

6.7.3 Estimating the spatial boundary of the identified place
Each term in the final list was treated as one place name, and unique Tweets that
contained the place name and its alternate names were associated with the place.
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The number of Twitter points associated with the 111 identified places adhered to
a power law fit, ranging from 100 to 8,274 with a mean value of 685.
For each Twitter point set, we applied DBSCAN clustering to identify the dense
clusters, the core locations of that place. In this case, based on the results of
empirical testing of different combinations of the parameters, to have a reasonable
constraint for the size of the major cluster without splitting the data into too many
small clusters, the searching radius (

) was set at 200 metres and the

was set as 10% in this case study.
Most of the places only had one cluster, while a few places may have had more
than one cluster. The extracted clusters indicated the core locations of the place,
whereby a convex hull could then be used to approximate the spatial boundary of
that place. The examples of are shown in Figure 6-7(b) and Figure 6-8(b).

6.7.4 Place profile
Two examples of the generated name-led place profiles are observed in Figure 6-7
and Figure 6-8, namely the British Museum and Euston railway station. The
information of each profile consists of the four elements, name, location, activities
and time.
(a) Name: the place name is the one after manual annotation, corresponding
to the official name of the identified place, e.g., “Euston railway station”.
Terms extracted from GSM data that are identified as associated to the
place are listed here, one place may have multiple terms (alternate names),
such as “euston station”, “station eus” and others.
(b) Location: all the associated Tweets are plotted on the map, where the major
cluster detected by DBSCAN is highlighted with a convex hull. The location
and a rough spatial extent can be observed from the map.
(c) Activities: proportions of the 11 activity groups (

,

) are displayed as a bar

chart here, the x-axis also indicates the number of users (

,

).

(d) Time: the Tweet counts of 24-hours over 7 days of the week are visualised
here, each cell represents one hourly slot.
From the profiles presented, we can obtain basic information and some insights of
these two places, and they match our local knowledge. The place-terms, location
and prominent activities are correctly identified. Moreover, when comparing such
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place profile with conventional place data bases such as gazetteers, or the widely
used POI data, many advantages can be observed.
(1) Some irregular expressions of place names are identified using the nameled approach. This is helpful in detecting more associated data in
researches using online documents. If the query is made using the exact
place name recorded in conventional data bases, for example “Euston
railway station”, only part of the relevant data can be retrieved, the data that
use other alternate terms such as “station eus” will be missed.
(2) The location information stored in either gazetteers or POI data bases are
mostly a pair of coordinates, while not only the location, but also the areas
influenced by the place can be identified with place profiles.
(3) Normally only one category-tag is attached to the place in conventional
data bases, while the activity information in the profile reflects the values
relating to multiple activities.
(4) A detailed temporal variance can be observed form the profile, which helps
to better understand the dynamic nature of the place. For example, as
Figure 6-7(d) indicates, people tend to visit the museum during day time,
while it is interesting to note that a certain number of discussions are
occurred in the evenings on Friday. The Figure 6-8(d) reflects the morning
peaks and evening peaks at the Euston railway station, while evening peak
on Fridays and morning peak on Saturdays seem to appear later than other
days.
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Figure 6-7. Place profile of "the British Museum"
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Figure 6-8. Place profile of “Euston Railway Station”

6.7.5 Evaluating the identified places
There are two steps in the evaluation. We first compare the identified place names
with one of the most popular and widely used social media place databases,
Foursquare POIs. Information from the Foursquare POIs are verified by the
company as well as their user communities and thus may be treated as a reliable
reference for a ground truth exercise. The advantages of POIs over the
conventional gazetteers has also been proved by researchers via empirical tests
(Hu, Mao and McKenzie, 2018). If a place name can be matched with a Foursquare
POI, it is marked as a correctly identified result. The rest of the terms in the place
names list are then manually inspected according to local knowledge and online
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searching, the terms will be annotated and grouped depends on their types and
actual meanings, for example, whether they are real places.
We went through our place name list and found 75 of the 111 identified places can
be directly linked to the Foursquare POI by matching names. Detailed information
of these matched places can be found in Appendix A, including the place names,
alternate place-terms, numbers of the associated Tweets and users, predominant
activities, and information of the corresponding POIs.
Grouped according to the top-level category of POI, the counts and cases of the
matched places are presented in Table 6-2. It is found from the summary that most
of the identified places are in “Art & Entertainment”, “Outdoor & Recreation” and
“Travel & Transport” categories. In contrast, no place in the “residences” category
is identified in this case study.
Table 6-2. Summary of the identified places matched with POIs

The rest of the places in the list that do not match the POI data were also
investigated by searching online and determining whether it is indeed a place. A
detailed list of these 36 terms together with the notes after manual inspection can
be found in Appendix B. These places can be grouped based on their types, the
descriptions and examples of them are listed in Table 6-3.
The 2 places, “Covent Garden” and “University of Arts London”, are located near
the boundary of the study area, and the corresponding POIs are located outside of
the area, thus listed as the unmatched ones here. Apart from that, there are 4 terms
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referring to events, which may be used as temporary names when people refer to
the places they visit. A total of 7 places that do not exist in the Foursquare POI
data were identified with our approach, which suggests the potential of this
research in enriching the existing place data bases.
The 14 terms mentioned in the first 3 groups can be treated as the correctly
identified places, while the remaining 22 terms are not actually places in Camden
but identified through our approach. The terms “Paris” and “Brussels” were found
because of the discussions of the international trips in the St Pancras international
railway station. There are 9 terms that are the types of place instead of specific
places, which normally refer to multiple place objects. In addition, 11 other terms
were identified, such as the name of train company and hashtags in twitter.
The finding of terms that are not real places indicates an issue of our proposed
name-led approach: even if the name of a place is mentioned frequently in a
relatively small area, it does not necessarily mean that the place is actually located
there. This is one problem of the assumption that we made at the beginning of
name-led approach. However, in future studies, the speech recognition techniques
can be applied to add the context of the terms in a document into consideration.
For example, in a Tweet like “I am going to Paris”, the “Paris” should be classified
as destinations because of the word “to” before it.
Table 6-3. Summary of places that do not match with POIs

Although a few terms were mistakenly included in the place name list, the overall
accuracy of our identified place name list is quite satisfying, which is around 80%
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(89 out of 111). Moreover, some information of the places can be observed from
our results, which are not covered in the POI data.
For example, among the matched places, one category is “Neighbourhood” under
the category, “Outdoor & Recreation”, which is supposed to be represented as
areas, but are instead recorded as points within the Foursquare data. We
successfully identified 12 out of 15 neighbourhoods, and their spatial extents were
estimated as displayed in Figure 6-9, the red points are the corresponding POIs. It
can be observed that even these places are of the same category and spatial scale,
the size of their influential areas varies significantly, and many overlaps between
places are found. Moreover, for the case of “St Pancras”, the location of the POI is
the centroid position of the neighbourhood area in the official databases. however,
this name is mentioned most frequently around the St Pancras international railway
station, instead of its officially recorded location. This suggests a potential
mismatch when relating place in human recognition to an officially defined place
location.

Figure 6-9. The identified neighbourhood-level places and Places of Interest (POIs)
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6.7.6 Analysing places
With the name-led place profiles, places can be analysed from multiple
perspectives. For example, Figure 6-10 presents the results of top 10 places in
different time of the day. The places are ranked according to its weighted score
,

which considers both the number of users in that time and proportion, as

illustrated in Equation 5-5. The top ranked places are the ones that are especially
active in that time period. As the map shows, the top ranked places at night time
periods (18:00 – 24:00 and 00:00 – 06:00) are mostly bars and clubs and
concentrated in the Camden Town area, while the transportation and business
related places are prominent in the mornings (06:00 – 12:00), and places such as
museums and markets are the most active ones in the afternoons (12:00 – 18:00).
In addition, the spatial extents (convex hulls) are estimated using the data in that
time, thus even a same place may have different boundaries (the influenced area)
in different time. Moreover, even in the same area (such as the Camden Town
area), different places may appear in different time, because of the differences of
their functions. With the name-led approach, even if places are located in the same
area, their unique characteristics and dynamics can be captured and distinguished,
which is almost impossible in the conventional location-led approach.
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Figure 6-10. Top 10 places in each time period

Similarly, the places in the study area can be ranked according to their weighted
score in specific activity,

,

. As seen in Figure 6-11, the results of place ranking

with name-led profiles (a and b) and the ones with location-led profiles (c and d)
are presented. It can be found that although the spatial representations may differ,
the most prominent areas of the two topics are captured in both approaches.
However, in the location-led one, it is unclear what places contribute to the
popularity of the activity, while in the name-led one, it is well indicated. For example,
in the Figure 6-11(b), there are 3 places (University College London, Birkbeck
College and SOAS) in that area, and the spatial extents (influences) of them differs
a lot, which can not be revealed in the Figure 6-11(d).
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Figure 6-11. Important places identified for specific activities

6.7.7 Exploring relationship between places
As discussed in Section 6.6.1, there are two types of hierarchical relationships
between places generated with the name-led approach.
The first situation is shown in Figure 6-12, where a hierarchical structure can be
observed among these five places. The place “Euston” is a neighbourhood-level
place while the four other places are within it. It is also noted that even if common
words exist in the names, they may be totally different places. The names of these
five places all featured the word “Euston”, while they are actually different places
serving different functions. The associated Tweets of them are also plotted on the
map, the complex intersections can be observed. If processing such information
using the conventional location-led approach, the data belonging to different places
will be mixed, while in the name-led approach, they can be distinguished.
Another intriguing point is that even if there are no common words in the place
names, the hierarchical structure of places could still be captured, for example, the
“Eurostar Business Premier Lounge” is within the “St. Pancras international railway
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station”, and both places are within the “King’s Cross” area (see Figure 6-13). The
three dots are the corresponding POIs, such hierarchical structure of these three
places is impossible to tell without the presented name-led profiles.

Figure 6-12. Identified places that contain “Euston” in their names
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Figure 6-13. Example of hierarchical places

As described in 6.6.2, another manner for exploring the relationship between
places was through the co-visiting pattern of the users. As seen in Figure 6-14, the
identified places are represented as nodes, and the sizes of the nodes indicate the
number of users and the colours represent the most popular activity of the
associated Tweets. The link between places is according to the number of common
users. Various patterns can be observed, like, for example, the places in the centre
of the graph suggest the importance of them in the study area, which are normally
the most visited places, such as transportation hubs and major attractions. It is also
found that places have similar characteristics (activities) and tend to form
communities (clusters) within this place-relation graph, indicating that places of
similar types are more likely to be visited by the same groups of users.
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Figure 6-14. Graph analysis of relationship between the identified places

6.8 Chapter summary
This chapter demonstrated the detailed methods and procedures for generating
place profiles via a name-led approach. Section 6.1 first introduced the challenges
with this approach, and the general design of the approach to tackle the challenges.
Following that, Sections 6.2 presented the detailed 4-step analysis of identifying
place names from the Tweets. Section 6.3 explained the process of associating
Tweets to the identified places. Section 6.4 described the DBSCAN clustering
method and how it can be used to estimate the location of place from a set of
spatial points. Section 6.5 and 6.6 then illustrated the generation of place profiles
and how they can be analysed to examine the relationship between places.
A case study is presented in Section 6.7, which used the same study area and
data as the case study in Section 5.5. The process of identifying place names,
estimating spatial boundary and generating profiles were illustrated in the case
study. The identified places were evaluated by comparing with the Foursquare POI
data. After that, the identified places were analysed to demonstrate the strengths
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and potentials of the name-led approach, in comparison with the POI data and the
location-led approach.
As presented and discussed in the case study, the results generated of the placeprofiling can provide more insights into urban places than the POI data, including
vernacular place names used in online communication, flexible area-based
boundary estimation, distributions over multiple activities and their dynamic
variances.
Furthermore, the name-led approach of profiling places was better than the
location-led approach in various aspects, such as better handling with the spatially
overlapped places, ability to capture and represent the dynamic spatial influences
of the places, and ability to reveal the hierarchical structures and connections
between places.
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Chapter 7
Case Study: Targeted
Advertising Around London
Underground Stations
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7 CASE STUDY: TARGETED ADVERTISING
AROUND LONDON UNDERGROUND STATIONS1
7.1 Introduction
7.1.1 Chapter introduction
This chapter presents a case study constituted by generating profiles for London
Underground stations using GSM data. In this case study, the underground station
profiles will be used in association with the underground station footfall data to aid
targeted advertising, demonstrating the potential and value of our research for
business applications.
This case study addresses parts of the objectives listed in the Introduction Chapter,
including the extraction of temporal and semantic information from Twitter,
associating them to places and constructing place profiles, analysing relationships
between places and demonstrating the value of place profiles.
The place-profiling results presented in this case study are conducted using the
location-led approach (see Chapter 5), based on user-defined catchment areas. In
future study, our innovative name-led approach (see Chapter 6) can be applied to
extend this research of targeted advertising application.

7.1.2 Case study background
London Underground stations were chosen as our case study due to many factors.
Firstly, the service area of London Underground stations has a very good coverage
of the urban areas in London, therefore the stations can be treated as observation
points of the city. There were 269 Underground stations operating in London in
2013 and these serve a large proportion of the city’s neighbourhoods, with a
particular concentration in the centre of the city. Therefore, the catchment areas

1

Part of this chapter was presented in: Lai, J., Cheng, T., & Lansley, G. (2017).
Improved targeted outdoor advertising based on geotagged social media data.
Annals of GIS, 1–14. https://doi.org/10.1080/19475683.2017.1382571
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around the stations can be defined as the spatial units to reflect the characteristics
of places in London to certain extent.
Secondly, the areas around stations are typically very vibrant. Even suburban
stations are typically situated within local clusters of activity due to the footfall
generated by the stations and also the density of services which are often proximal
too. It is reasonable to expect that at an aggregate level, the characteristics of
station users can be identified and interpreted, and such characteristics may vary
across time and space.
Thirdly, from the application perspective, London Underground stations are good
case study areas for outdoor advertising. The London Underground system is
dedicated to serve London’s population of 8.5 million persons, in addition to those
who visit the city for work or leisure purposes. More than 4 million passenger
journeys are handled by London Underground system every day1, consequently
advertising spaces in the stations are very profitable. In addition, advertising is
provided through digital screens in many of the more popular stations, so
practitioners already have the capacity to distribute their adverts across time and
space.

7.2 From Tweets to station profiles
The station profiles were generated by following the proposed research framework
with a location-led solution. Generally, the catchment areas of the Underground
stations were defined first to filter the Twitter data, topics were extracted from the
Tweets and time periods were defined for the temporal analysis.

7.2.1 Defining catchment areas
Before we filter Tweets within the vicinity of London Underground stations, there
are many ways to define the area, and the straightforward way is to use a buffer
area around the station. The distance should be large enough to encompass a
large number of Tweets for each station, and small enough for the area to retain
the character of the immediate environment for each station. For this research we
will utilise an 800-metre buffer, the rough equivalent of a 10 minutes walking
distance. To prevent catchment areas from overlapping and variances in trends
blurring, Thiessen Polygons (also known as Voronoi Polygons) (Aurenhammer

1

https://tfl.gov.uk/corporate/about-tfl
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1991) were created to define a unique coverage for each Underground station. The
final catchment areas for the stations were created by clipping the buffers with the
Thiessen Polygons, shown as Figure 7-1.

Figure 7-1. Creating unique catchment areas for the stations by clipping 800-meter buffers
with Thiessen Polygons. (A) 800-meter buffers around the stations; (B) Thiessen Polygons of the
stations; (C) the unique catchment areas for the stations. (Lai, Cheng and Lansley, 2017)

7.2.2 Assigning Tweets to the stations
The Twitter data located within the catchment areas of the stations were filtered
from our 2013 dataset and assigned to the corresponding station. A total of
3,451,377 Tweets from 296,019 users were used in this case study. As presented
in the Figure 7-1, many stations’ 800-metre buffers had to be clipped to prevent
overlap, resulting the difference of the size of the catchment areas. The catchment
areas of many stations in central London are smaller than others. However, as the
density of Underground stations has an association with the day-time population
density, the smaller catchment areas still contained a good size sample of Tweets.
An 800-metre buffer ensures that each station in London is assigned at least 1,000
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unique Tweets from our data. The catchments assigned an average of 13,544
Tweets to each Underground station. However, the number of Tweets per station
varied considerably as central stations in busier parts of the city attracted very large
numbers of Tweets. A histogram of Tweet counts is shown in Figure 7-2, the least
popular catchment contains 1,161 Tweets and the most popular one contains
68,754 Tweets.

Figure 7-2. Histogram of stations based on Tweet counts for each station’s catchment area.

7.2.3 Topic labels
The LDA model was applied in the Tweets to extract topics, models using different
sets of parameters were fitted, and after manually inspecting the generated topics,
the model of α = 0.1, β = 0.1 and K = 20 was chosen in this case study. Small
values of α and β were chosen because they could generate topics that address
specific interests from a fine-grained decomposition of the corpus, as suggested
by Griffiths and Steyvers (2004). Models with topic numbers ranging from 5 to 50
were tested, and the model of K = 20 was selected as the topics are well-separated
and no overlapping topics. Of the 20 topics, 12 were deemed meaningful of
activities and common interests based on their key words. Figure 7-3 presents the
top 10 most frequent words from the selected 12 topics. Words from left to right
are sorted by the probability of it being assigned to this topic. To ease the
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representation of the topics in later section of the paper, labels were subjectively
devised for each of them. The labels were also chosen to match the categories of
services and goods in advertising as described in Google’s personalised
advertising scheme 1 . As the output of LDA, each Tweet has probabilities of it
belonging to the topics. Tweets are the short documents, it is assumed that one
Tweet only has one predominant topic. The topic that has the biggest probability is
selected as the topic of that Tweet, and the corresponding label was tagged to the
Tweet.

Figure 7-3. The selected 12 topics and their inferred labels. Words in each row are top 10 most
frequent words in this topic; the term at the right end is the label given to this topic inferred from the
top words. (Lai, Cheng and Lansley, 2017)

7.2.4 Time labels
One of the aims of the study is to demonstrate temporal variations in topic
popularity across the station areas. For instance, we consider that different
audiences may be in a single area on working days and weekends, and possibly
also within different times of the day too. To generalise such trends, our data has
been allocated into 4 six-hours periods (00:00–06:00, 06:00-12:00, 12:00-18:00,
and 18:00-24:00). In addition, the Tweets in all day from Monday to Thursday and
the Tweets posted before 18:00 on Friday are allocated into “weekdays” group,
while the Tweets posted after 18:00 on Friday and all Tweets on Saturday and
Sunday are allocated into “weekends” group. At the time of the data collection,
night services were not run on the London Underground (00:00-06:00). However,
as a night-tube service has recently been introduced for weekends, Tweets during
this time period are also considered in this research.

1

https://support.google.com/ads/answer/2842480?hl=en-GB
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7.2.5 Temporal-topic profiles
As the Tweets are tagged with topic and time labels, spatial and temporal
distributions of the topics can be statistically computed. Moreover, the topic
distribution of each place could be computed by aggregating the topics for all of
Tweets for that place and also across each of the eight time periods. To avoid a
sample bias, data from users with multiple Tweets within the same place-temporal
sample were reduced. The users who have several Tweets at a particular place
and time period will be overrepresented in the models. To normalise the
contribution of each Twitter user, the topic probabilities distribution of all the Tweets
belonging to a single user within a space-time sample unit were averaged and
considered as a single entry.

7.3 Results
The results including two parts. For the first part, the general distribution of the
topics can be presented in three ways, temporal, spatial and spatial-temporal. The
second part is more specifically, the temporal-topic distribution of each station can
be generated, reflecting the characteristics of the area around that station.

7.3.1 General distribution of topics
The temporal patterns of Tweets in different topics across the average day for
weekdays and weekends are presented in Figure 7-4. The distributions of each of
the topics have been standardised to allow us to observe their relative popularity,
given that the sample sizes of each topic vary. It can be observed that behaviour
on Twitter is noticeably different on weekends compared to weekdays. On
weekend days, more activity is concentrated around mid-day, whilst most topics
tend to peak in the evenings of weekdays. The temporal fluctuations of Tweets
from each topic seem logical. For example, the “Transport & Travel” topic is most
abundant during the evening and morning rush-hours of weekdays. Whilst “Sports”
are a more popular topic on weekday evenings and weekend afternoons, the times
when most televised football games are played.
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Figure 7-4. The standardised frequencies of Tweets for each topic by hour of the day from
our Weekend and Weekday samples. (Lai, Cheng and Lansley, 2017)

We also considered the most abundant topic around each of the stations to
demonstrate key spatial trends. Figure 7-5 displays the predominant topics of the
stations. Most stations located in suburban areas are most represented by the
“Work & Home” topic, while the most popular topics across central London are very
diverse. When comparing the results with some ground truths, it is revealed that
the predominant topic around the station is often affiliated with place and local
activities. Figure 7-5 also maps some key points of interest to demonstrate this.
For example, it is observable that Underground Stations that serve major rail
stations have the highest counts of “Transport & Travel” Tweets. The predominant
topics of the stations, which are close to large museums and art galleries, are
“Museums & Galleries”. Similarly, users most commonly talk about “Music & Show”
at stations where iconic music venues are located nearby. Figure 7-5 also reveals
that “Sports” Tweets are most overrepresented around stations that are proximal
to football stadiums. Several areas of central London were assigned to the “Tourist
Attractions” topic. The well-known landmarks of London (such as Tower Bridge,
Big Ben, London Eye, Hyde Park and St. Paul’s Cathedral) were discussed in these
Tweets.

162

Figure 7-5. Predominant topics on Tweets around the stations. The map was zoomed to
central London. Stations were labelled by its most frequent mentioned topic; some iconic places of
corresponding topics were displayed. (Lai, Cheng and Lansley, 2017)

Figure 7-6 shows eight maps of the predominant topics around each Underground
station in each of the time periods. It is shown that the predominant topics vary
greatly through time and space. As most stations have different predominant topics
across different time periods, it can be inferred that key daily interests of Twitter
users differ through time in these stations at an aggregate level. For those stations
whose predominant topics remain constant, they might be somewhere with strong
and specific characteristics. Such as the many stations in central London whose
predominant topic is “Tourist Attractions”, and the far western stations near
Heathrow airport, which are assigned to the “Transport & Travel” group. It can also
be observed that there is a distinctive temporal pattern of the topics across the
whole city. The topic “Work & Home” dominates the suburban areas in the
mornings. “Sports” are much more popular on weekend afternoons presumably
because of the occurrence of league football matches. Topics on entertainment
such as “Entertainments” and “Music and Show” are more popular in evenings than
in daytimes.
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Figure 7-6. Predominant topics on Tweets around each station in different time periods. (Lai,
Cheng and Lansley, 2017)
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7.3.2 Temporal-topic profile of a station
When we look into the complete topic distributions of each station, which includes
the proportions of all 12 topics across the eight time periods, more specific
characteristic can be revealed. Figure 7-7 shows the temporal topic profiles of two
sample stations, namely, “Heathrow Terminals 123” and “Chalk Farm”. The value
is the normalised proportion of each topic in each time period of the station, the
sum of all values of one station is one. The unique characteristic of the two stations
can be revealed from the topic distributions across time periods. For example,
Heathrow Terminals 123 (Figure 7-7A) has the highest proportion (profile) of
“Transport & Travel” in all the time periods, because it is a transport hub (airport).
Around Chalk Farm (Figure 7-7B), the “Drink & Pub” topic is higher than others on
weekend afternoons; however, in the evenings, “Music & Show” are predominant
because of the Roundhouse (a performing arts and concert venue) nearby.
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Figure 7-7. Temporal-topic profiles of two sample stations. The value is the proportion of each
topic in each time period of the station; the sum of all values of one station is one; (A) Heathrow
Terminals 123 station (B) Chalk Farm station.

7.4 Clustering the station profiles
The results demonstrated in the previous section can provide answers to questions
such as “What is the proportion of tourism topics around Victoria station on a
weekday morning?” However, they cannot provide answers to questions such as
“What category of station does Victoria station belong to?” or “Do any other stations
have similar characteristics (temporal-topic profiles) as Victoria station?” Finding
answers to these questions is important for the more efficient management of
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places, such as selecting advertising strategies. Hence, to identify the generic type
of places, the places (here the Underground station areas) needed to be clustered
by their temporal topic profiles. To achieve this, we needed to consider three
dimensions in terms of profiling the stations as groups: spatial (269 stations),
temporal (8 time periods), and topics (proportions of 12 topics). As the input of the
clustering, each station was treated as one case. The proportions of each topic in
each time period were treated as features, giving a total of 96 variables in each
case.
The clustering was carried out using the K-means clustering method. K-means has
been used by many researchers in classifying urban areas. For example, FriasMartinez et al. (2012) used K-means to analyse groups with common Tweeting
behaviours across different land segments. K-means clustering enables the data
to be clustered into a pre-specified number of groups (MacQueen 1967). The
number of clusters was determined by a variation of the Elbow test. This test
calculates the merge distance of a range of a number of clusters, where the merge
distance is the increase in the “error sum of squares” after combining two clusters
into one (Ward Jr 1963). In our case, the elbow point could not be identified clearly;
hence, the second derivative of the curve was calculated to determine the rate of
change between points (Yuan and Raubal 2014). The elbow point was chosen as
the point that had the largest value for the second derivative, which was 6.
Therefore, the result of a 6-cluster solution was presented in this case.
The Underground stations were clustered into 6 groups according to the
composition of the multiple topics in different time periods. Each clustered group
represents a unique profile of several Underground stations, which has been
validated with the ground truth. Details of each cluster and some ground truths are
shown in the figures. Each table in the figures presents the attributes of the average
value for each variable within each of the clusters, which is the average temporal
topic profile of the stations in each cluster.
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Figure 7-8 Station profiles in cluster 1

Figure 7-9 Station profiles in cluster 2
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Figure 7-10 Station profiles in cluster 3

Figure 7-11 Station profiles in cluster 4
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Figure 7-12 Station profiles in cluster 5

Figure 7-13 Station profiles in cluster 6
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Cluster C1 (Figure 7-8) is the biggest cluster, with 208 stations. As can be seen
from the map, the stations are mostly located outside central London. There is no
obvious predominant topic, but many people talk about “Work & Home” throughout
the time, while the topic “Sports” tends to be discussed more on weekday evenings
and weekend afternoons, “Entertainments” is more frequently mentioned in
evenings; these results indicate that they are very likely to be residential places.
Cluster C2 (Figure 7-9), which consists of six stations (Heathrow Terminal 123,
Heathrow Terminal 4, Heathrow Terminal 5, Euston, King’s Cross St. Pancras and
Paddington), is dominated by the topic “Transport & Travel”, especially in the
mornings. This indicates that the stations in Cluster C2 are probably near
transportation hubs or airports. Three of them are indeed the Underground stations
for London Heathrow Airport and Airport Express. In addition, Paddington, Euston,
and King’s Cross St. Pancras are three major national rail train stations in London.
Cluster C3 (Figure 7-10) has seven stations (Baker Street, Blackfriars, Notting Hill
Gate, Pimlico, South Kensington, Tottenham Court Road and Victoria), which have
high values in the topic “Museums & Galleries”, especially in the afternoons. This
implies that these seven stations might be close to art galleries and museums,
which is validated as displayed on the map. The Science Museum, the Natural
History Museum, and the Victoria and Albert Museum are located in the area close
to South Kensington station. The British Museum is located in the catchment area
of Tottenham Court Road station. Black Friars is close to Tate Modern, and Pimlico
is the closest station to Tate Britain, both of which are famous art galleries. Similarly,
the Sherlock Holmes Museum and Madame Tussauds attract many people around
Baker Street station. Victoria station has been clustered in this group because it is
close to Buckingham Palace. Although, there are no major museums near Notting
Hill Gate station, the art-related topics are still mentioned frequently there because
of the annual event, the Notting Hill Carnival.
Cluster C4 (Figure 7-11) has six cases (Arsenal, Fulham Broadway, Holloway
Road, Upton Park, Wembley Park and Wood Lane), which are dispersed on the
map. These eight stations seem to be very quiet in other topics at other times but
“Sports” is particularly high on weekday evenings and weekend afternoons when
football matches are normally played. As shown on the map, the stations in this
cluster were proven to be located close to stadia like Wembley or those of football
clubs. Of the six Premier League football clubs in London in the season 2013/2014
(Arsenal, Chelsea, Crystal Palace, Fulham, Tottenham Hotspur and West Ham
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United), four were identified in our results. Crystal Palace F.C. is located in the
south of London where people use the Overground rather than the Underground,
and Tottenham Hotspur F.C. is 2.1 km (25 mins walk) away from the closest
Underground station (Tottenham Hale). These two football clubs are not located in
our Underground station catchment areas; therefore, they are not detected here.
Apart from that, Queens Park Rangers F.C., another professional football club, has
been found in this cluster as well.
Cluster C5 (Figure 7-12) has 37 stations (Hyde Park Corner, Westminster,
Waterloo, Tower Hill, etc.). The most obvious topic in this cluster is “Tourist
Attractions”; other topics, such as “Fashion & Shopping” and “Food & Drink”, are
also popular compared to other clusters. This indicates that the stations in this
cluster are probably near tourist attractions or shopping malls. Indeed, these
stations are close to places tourists visit frequently, for instance, Hyde Park
(surrounded by stations such as Hyde Park Corner, Marble Arch, and Lancaster
Gate), Big Ben (Westminster), the London Eye (Waterloo), Tower Bridge (Tower
Hill), and St. Paul’s Cathedral (St. Paul’s). Several major shopping centres in
central London have also been identified in this cluster, such as Bond Street,
Oxford Circus, Covent Garden, Knightsbridge, and Kensington High Street.
Cluster C6 (Figure 7-13) has five stations (Brixton, Chalk Farm, Goldhawk Road,
Hammersmith (District line), North Greenwich). The map shows their dispersion,
and the topic distribution shows that the people around these stations mostly talk
about “Music and Shows”, especially in the evenings. Moreover, topics such as
“Drink & Pub” and “Transport & Travel” in this cluster have higher values in the
evening. This indicates that the areas in this cluster could be where there is a
vibrant nightlife, which is indeed, true as shown in the map. For example, Chalk
Farm station is next to Round House, which is famous for live music and shows,
while North Greenwich is close to the O2 Arena, where major concerts are normally
held. Similarly, Brixton is near the O2 Academy Brixton, Goldhawk Road is close
to the O2 Shepherd’s Bush Empire, and Hammersmith is close to the Eventim
Apollo. All are well-known music and performance venues in London, which hold
concerts and shows that attract thousands of people.
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7.5 Targeted advertising based on station profiles
The generated station profiles can be used to assist targeted advertising inside or
around the stations, by estimating the size of potential users in different topics,
time-periods and stations.

7.5.1 Evaluating the representativeness of Twitter users
It is noted that Twitter data is by no means representative of the whole population
(Longley, Adnan, and Lansley 2015). Therefore, we cannot assume that an influx
in Tweets at a particular place matches a proportional increase in footfall. Twitter
users have been found to be overrepresented by the younger adult population,
particularly of White British ethnicity (Longley, Adnan, and Lansley 2015).
Moreover, users may be more likely to Tweet at certain times of the day or during
particular activities.
In this case we compare the Twitter user numbers and the Underground station
footfall counts to estimate variances in representation across our sample area. We
obtained a sample of London Underground stations passenger counts data from
October 11th to 24th in 2015, which has been made publicly available by TfL1. Of
course, these counts will not quite correspond with footfall outside the station, but
they give a very good indication of how busy the immediate vicinity to the station
is. The passenger counts data was aggregated to the same 6-hour time-period
groups used in the social media analysis but did not include the time periods of
00:00-06:00 on both weekdays and weekends when stations were closed. A strong
linear association between the number of underground users and Twitter users for
each station catchment area is observed, as the two data share a Pearson’s
correlation coefficient of 0.817. Therefore, it is believed that the representation is
relatively evenly distributed across the sample areas.

7.5.2 Targeted audience size estimation
Whilst footfall within stations varies considerably across the Underground network,
the interests on Twitter are not uniformly distributed between users as
demonstrated by this research. Therefore, to efficiently plan an effective targeted
advertising strategy within Underground Stations, it is important to identify the

1

http://tap.data.tfl.gov.uk
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locations (and times) where the size of the target audiences is greatest. The target
audiences are defined as individuals whose interests in that specific place and time,
are matching the advertising product. If the cost of advertising spaces is driven by
the expected footfall of each station, it is important to understand the ratio of the
target audience in order to achieve better effect while lower the costs.
We compared station footfall to the ratio of each key social media topic across the
London Underground Network. Under the assumption that variations in topic
popularity between Twitter users are broadly reflective of the variations of such
interests amongst non-users at each setting, we estimated the total target
audience size by multiplying the topic ratios by footfall counts. As expected, the
busier stations have larger target audiences for most topics purely because of the
larger number of passengers passing through them. However, there are variances
in the proportions of topics. In Figure 7-14, we have compared these values for two
topics – “Sports” and “Music and Shows”. Advertisers may be interested in stations
which have a high potential audience but also have a high proportion of Tweeters
within a particular topic so that their advertisement is targeted efficiently. It can be
observed that the Sports stations which meet these criteria are Wembley Park,
Fulham Broadway and Holloway Road- all three are near to large football stadiums.
Whilst the Brixton and North Greenwich are the best situated stations for adverts
aimed at music lovers. Both stations are near to large music venues such as the
Brixton Academy and the O2 Arena in Greenwich.

Figure 7-14. Identifying stations for advertising in different topics. (Lai, Cheng and Lansley,
2017)
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It is also worth considering how the suitability of advertisements at different stations
may change between time periods. Figure 7-15 compares the same results for the
Music topic for weekday nights and weekend nights separately. A notable
difference is that Wembley Park has both a larger target audience and higher
proportion of Tweets about music on weekend evenings as it does during the week.
This is most likely because music events only occur at Wembley stadium on
Weekend evenings. The rest of the time it is primarily a sporting venue. From
grouping ranking the data by these two metrics, it is possible to select the “optimum”
number of time-station sample units to locate a particular type of advertisement.

Figure 7-15. Identifying stations for advertising in topic “Music” at different time periods.
(Lai, Cheng and Lansley, 2017)

7.6 Discussions
Overall, this case study has demonstrated that it is possible to convert geotagged
Twitter data into useful information based on the popularity of general topics across
space and time. Focusing on a case study in London, we generated 12 unique
topics which could be useful to marketers. The data confirmed that common
themes on social media change throughout the day, although the variances and
degree of temporal fluctuation vary from place to place. From the observed
patterns it is assumed that daily activities influence the popularity of topics on
Twitter. This data could therefore be very useful for areas where local activities are
not well understood or where no single activity is predominant. From a marketing
perspective, the methodology can be used to generate insight that can help
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advertisers distribute advertising to the right audiences across space and time
where the technology enables this.
There are multiple approaches to generating useful information from the station
profiles for advertising. (1) It can be inferred what types of advertisements may be
most appropriate for each station over time periods. This can be useful for TfL to
estimate the value of their advert billboards for different types of products and
adjust the pricing of them. (2) It is also possible to consider the entire network and
identify the locations which contain the most receptive audiences for particular
topics. This enables the clients to distribute their advertisements more efficiently
across a number of different sites at different times.
Although we have developed detailed data on passers-by at a scale which was not
previously available, there are still some limitations. As previously stated, Twitter
users are not representative of the wider population. Although we considered
alternative footfall data to extrapolate audience sizes, the interests of non-Twitter
users remain an unknown. We also assume that Tweets and their content are
reflective of the interests and activities of those who pass the advertisement spaces,
in this case, spaces within stations exists and entrances. Our aim was to create a
method to generalise the topics of interests for persons within the immediate
neighbourhoods of the stations. Those entering and exiting the station would have
to pass through the same environment and would therefore be exposed to the
same activities. Another limitation is that we only consider historical data, due to
data availability and size. There is scope for future research to improve insight
where better data are available. Real-time data and modelling techniques will also
empower planners to adapt to fluctuations which do not follow daily trends. In
addition, larger datasets will enable analysts to provide a larger classification of
more intricate groups. However, as a concept, this work has demonstrated that it
is indeed feasible to devise useful information on audiences across space and time.
This case study was conducted via the location-led approach, the station profiles
were generated from the data in the surrounding catchment areas. In future studies,
our innovative name-led approach (see Chapter 6) can be applied to further
enhance this research. For example, data can be associated with stations through
the name-led approach, and the influential area of each station can be identified to
replace the rigid buffer-based catchment area. Another possible improvement is
identifying the specific places (or events) within the catchment areas that have
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greater influences towards the interests of Underground passengers and their
variances across space and time.
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Chapter 8
Conclusions and Future Work
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8 CONCLUSIONS AND FUTURE WORK
This thesis has sought to introduce a theory of place-profiling that can be used to
structurally describe the information and characteristics of urban places, and to
propose a framework for extracting relevant information from GSM data and
integrating it with place profiles in a data-driven manner. Although the urban place
studies using GSM data have been explored by many researchers previously, the
theory, framework and innovative approaches we put forth in this thesis still makes
considerable contributions to this field of study. Guided by the place-profiling theory
and assisted by the combination of techniques in various research fields, a more
efficient means of describing complex and dynamic urban places was achieved.
In this final chapter, we revisit the research objectives and challenges previously
discussed with explanations for how this thesis overcame these challenges and
met its intended objectives. It also summarises the findings of this research as well
as their implications. Next, the contributions of this thesis from both theoretical and
technical perspectives are posited. After that, the limitations of this research,
including aspects of data and methodology are discussed. Regarding these
limitations, future improvements and extensions of the research are then described,
followed by the potential applications of this study. The chapter is finalised by
concluding with the achievements and contributions based on the efforts of this
thesis to research and applications.

8.1 Reviewing the objectives and findings
The stated overall aim of this research, as highlighted in the Introduction chapter,
was to develop a framework to extract relevant information from GSM data and
integrate them into structural place profiles. Accomplishing this required
completion of the objectives. In this section, the findings of this research are
described and extended to the broader implications associated with each objective.



Objective 1: Review the concept of place and the existing research of
profiling urban places, identifying gaps and challenges.

This objective was achieved through the literature review in Chapter 2. Specifically,
the review first explored the conceptual definitions of place; several key features
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of describing a place were identified, forming the basis of place profiles - the
concept ultimately proposed in this thesis. Thereafter, the formalisation of place
within information systems in this digital era was reviewed with the key features of
places and issues surrounding representing them in information systems described
and discussed. The reviews indicated a robust profile of a place should contain
information involving place name, location, activities and their variance over time.
Based on these criteria, the existing approaches and data sources for profiling
urban places were reviewed and evaluated. After comparing them, it was found
that GSM data, user-generated content, which emerged through the recent decade,
has great value and potential for providing high-resolution and dynamic insights
into urban places. However, as the review suggested, the existing urban place
studies using GSM data mostly investigate specific aspects of place which only
employed parts of the information, and research to formulate structural place
profiles has been rarely discussed as of yet. Moreover, challenges with extracting
the specific place elements from GSM data and representing them were identified
through the review. Although these challenges were touched upon in a few lines of
earlier research, they have not been related to one another within an integrated
framework.
During the process of accomplishing objective 1, the literature review was outlined,
which highlighted the obstacles to conventional approaches of profiling urban
places and opportunities GSM data has opened up to address the problem, as well
as the need for a framework to make use of extracting and integrating the spatial,
temporal and semantic information with GSM data with respect to structural place
profiles, along with inspirations from the existing research. The place-profiling
theory and the research framework, which were described in Chapter 3, were
motivated by and developed based on this thorough review of the literature. The
rest of this thesis is organised according to the research problem and limitations
summarised in the review.



Objective 2: Propose a formalised definition of place profile, which can be
used to organise and represent the multi-dimensional information of urban
places. The definition should consider both the concept of place and
capability of GSM data, and it is expected to reveal the potential of GSM
data and generate further insights into urban places with such place profiles.
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Objective 2 was accomplished as explained in section 3.1 - a novel definition of
place profile was introduced that formalised place information as a structural
function, P=f(N, L, A, T). According to such a definition, a place can be formalised
as an information unit which consists of four major elements, namely place name,
location, activities and time. The proposed concept of place profile not only covers
the key features of a place and its identity, as indicated in previous
conceptualisations of place as reviewed in sections 2.1 and 2.2, but also
considered the additional dimension, time, to address the dynamics of urban
places, just as discussed in sections 2.2 and 3.1. This sort of place profile is
designed to organise the place-related information that can be extracted from the
GSM data, as explained in sections 2.4 and 3.1.2. According to such a definition,
future studies of urban places using GSM data or other similar data sources can
be conducted in a more structural way, and the potential of GSM data can thereby
be better understood.
Further, as indicated in section 3.1.3, constructing the place profile is not simply
placing all information relevant to these elements in one large data set because
the elements are not independent but linked and influenced by one another. Taking
this into account, in section 3.3, we compared different techniques for linking place
elements to a profile and introduced the location-led and name-led approaches,
corresponding to the space-based and place-based perspectives that have
become popular over the last decade. Chapters 5 and 6 provided a more thorough
explanation and comparison of the two approaches, and case studies were
presented to support this.



Objective 3: Develop a framework that compiles methods to extract
information from GSM data and incorporate them to generate the place
profiles as defined in objective 2. The methods compiled within the
framework should be able to address the challenges specified in objective
1.

Objective 3 was achieved as section 3.2 introduced the framework, in general, and
Chapters 4-8 illustrated the details surrounding the methods implemented along
with case studies to demonstrate their validity. Based on the definition of place
profile, this framework that integrates spatial, temporal and semantic analysis was
developed to extract, organise and present place-related information from GSM
data relevant to structural and computable place profiles. Regarding the
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summarised challenges using GSM data to analyse places and encouraged by
research in multiple fields, a variety of techniques were incorporated.
Our framework consists of five modules. Module I is for pre-processing the raw
GSM data into labelled spatial points (see section 3.2 and Chapter 4). The topicmodelling procedure was employed in this module to convert textual input to
probabilities of belonging to different topics, and activity labels were assigned to
each input according to the topic with the highest probability. Through such a
labelling process, the semantic information can thus be effectively computed.
Module II comprised associating the labelled GSM data with places, and the
essences of both the location-led and name-led approaches aggregating GSM
data into data sets was covered, with each data set representing a place. Chapters
5 and 7 are based on the location-led approach where spatial-join methods were
applied. Chapter 6 presents an innovative name-led approach - the place names
were extracted from the data initially, then the data was aggregated according to
the extracted place names. With the name-led approach, challenges including
identifying unofficial place names and estimating place boundaries were tackled.
Module III carries out the generation of place profiles based on the associated GSM
data, and all four elements of a place profile should be addressed in such an
exercise. Regarding activities and temporal information, which are difficult to
formalise, we proposed representing them as statistical measures based on
activity and time labels, as explained in section 5.3. The characteristics of a place
can thus be quantified and compared. This module deals with the challenges of
analysing and representing the semantic and temporal information of a place that
existed in previous studies. Module IV is intended for analysing the places based
on the generated profiles, including identifying similar places and ranking them
based on specific needs, as put forth in the case studies in Section 5.5, Section
6.7 and Chapter 7. Finally, Module V is for visualisation, interactive maps, charts
and word clouds were applied to display the spatial, temporal and semantic
information in the place profiles, an interactive web-based dashboard was
developed and implemented to present the place profiles as demonstrated in
Section 5.5.5. This module also provides an option for displaying the multidimensional and interlinked place information, which is more useful than the
conventional static map-based or table-based place data presentations.
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Objective 4: Demonstrate the application of the framework and compare
the place profiles generated using our approach with the existing
knowledge.

Objective 4 was fulfilled via the case studies from Chapters 5, 6 and 7. Section 5.5
features a case study depicting the profiling of places in the Camden borough of
London with the location-led approach. Place profiles based on different spatial
units, including OAs, grids and roads, were yielded and compared, and the
advantages and limitations of each spatial unit were discussed. A few examples of
the generated place profiles were described, where it was observed that place
profiles can successfully reflect the basic information and dynamic characteristics
of the investigated spatial units. Section 6.7 presents a case study of profiling
places with our innovative name-led approach. The results were compared with
the Foursquare POI data, and it was found that most of our identified places were
validated to be matching with the POI venues, and, moreover, we identified many
places that were real but not recorded in the POI data. This finding indicates the
validity of our approach and suggests the potential of our research for identifying
local places and enriching the existing data bases.
In addition, several advantages to our approach in presenting places can be
identified through comparison: (1) Places in the POI data or most digital gazetteers
only have the official names, while with our name-led approach, vernacular names
can be extracted from GSM data; (2) Places in the POI and gazetteers are normally
point-based, while those places in our approach can be represented as points,
polygons and roads, which are flexible and adjustable according to varying needs
and applications; (3) Places in conventional place databases only have one tag for
each that indicates its category or function, while the place profiles in our approach
may be associated with multiple activities (functions) and the significances of the
activities can be calculated, thereby offer greater insights into the characteristics
of the places; (4) Places with conventional approaches are mostly static, while our
generated place profiles are dynamic, and the temporal variances of activities or
even place names and spatial extents can be captured and established.
Chapter 7 also presents a case study applying our research, specifically
advertising around London Underground stations. It was demonstrated that by
profiling the stations using geotagged Tweets, distributions of a variety of topics at
different times could be obtained, and such knowledge can be employed to adjust
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advertising or marketing plans to approach more targeted costumers in a dynamic
and cost-efficient way.

8.2 Theoretical contributions and technical innovations
As illustrated in this chapter, to accomplish the research aim and objectives, we
proposed a novel theory of place-profiling and developed an integrated research
framework that extracts and organises place-related information from GSM data.
The theoretical contributions of this research have been summarised and listed
already in this section. In addition, we also were technically innovative by
enhancing existing methodologies or implementing methods used in other
research fields in our framework. For each contribution, the positions of
corresponding work in this thesis were indicated.

8.2.1 Theoretical contributions
We proposed a novel theory for organising and representing place information,
namely the place-profiling (section 3.1). The profile of place is formalised according
to a function P=f(N, L, A, T), where P is the place, N the name, L the location, A
the activity and T the time. Describing places according to such a function
integrates the spatial, temporal and semantic information, which can provide
comprehensive insight of each individual place and form a standardised basis for
analysing and comparing places. We incorporated the semantic and temporal
information of place as temporal-activity distributions (section 3.2, Chapter 4,
section 5.3) so that place profiles can be statistically computed and compared.
Herein, we proposed a research framework for profiling urban places using GSM
data (section 3.2). The proposed framework integrated methods and techniques
from a wide range of research fields, such as text mining, topic modelling, spatial
join, clustering, information retrievals, temporal analysis, graph theory, social
network analysis, interactive visualisations and many others. This framework can
efficiently extract and process place-related information from GSM data with limited
human labour involved. Information in different formats, such as text, spatial
coordinates and time information, can be handled robustly, processed and
organised into structured place profiles.

184

Moreover, we put forth a novel name-led approach for profiling urban places from
GSM data (section 3.3, Chapter 6). The place names can be extracted from the
data itself in a data-driven manner without reliance on any pre-defined place name
list. With very limited subjective work, a list of place names with high precision
scoring can be extracted from millions of terms used. Informal names, such as
vernacular names, abbreviations and event names, can also be identified with this
approach. By associating the data to place names instead of locations, the nameled approach fits the concept of “place-based thinking”, information related to
places in the complex urban context can be better captured, formalised and
presented. Data and information of places that are spatially overlapped can be
distinguished, which is hard to achieve previously. Such name-led approach of
analysing user-generated contents can help to advance the development of
processing place-based data, and thereby assist the transformation from
conventional space-based analysis to place-based analysis.
In addition, we described an innovative road-based representation of place profiles,
especially those featuring one-to-many spatial joins when aggregating GSM data
with that of roads. The results were examined and compared with other spatial unit
schemes, including officially defined and grid-based units (sections 5.2 and 5.5.2).
The strengths and limitations of each spatial unit scheme were discussed, with the
evidences identified in the case study. Many advantages of road-based
representations were observed, which suggests the value and potential of roadbased place studies in the future.

8.2.2 Technical innovations
We implemented topic modelling to pre-process the semantic information from
GSM content and based on the topic modelling results, assign activity labels for
each data input. In this way, the semantic information of place (which is
represented by a collection of GSM data) can be efficiently computed.
We further invented a one-to-many join to spatially join GSM data to roads, which
demonstrably performed better than conventional one-to-one joins, better
reflecting the spatial homogeneity of road networks regarding the activities.
In addition, we proposed limiting the contribution of one user in one ( , , ) (location,
activity, time) unit as 1 to avoid the bias caused by the repeating of Tweets from
specific users (section 5.3). One user can contribute to multiple ( , , )
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observations. This method prevents the bias caused by such noise without losing
useful information because there is no need to remove Tweets in advance.
We also developed reweighting techniques inspired by TF-IDF to rank places
according to their popularities regarding specific activity or time, which has been
proved to achieve better results than simply counting the number of users or
proportion of it (section 5.4.1, 5.4.4, and 6.7.6). As such, the prominent places that
have strong associations to such activity or time period can be highlighted.
Moreover, we developed methods to automatically identify terms that are likely to
be place-related or place names from GSM posts. The method combines the NLP
technique and spatial-join pattern measurements to identify terms that are more
likely to be spatially clustered (section 6.2). To rank the terms, we created an index,
termed the platial score, which considers both the spatial concentration level of the
spatial points and the popularity of the term. The approach for selecting the
threshold of the platial score was also suggested.
To identify similar terms that may represent the same place, we introduced a
method that can effectively group similar terms based on the Jaccard distance of
the list of Tweet IDs of the terms (section 6.2).
We implemented DBSCAN clustering to estimate the core locations of the
identified places and used convex hull to approximate the relevant boundaries
(section 6.4). The conventional parameter minPts was replaced by minPcts, which
makes the algorithm flexible in dealing with the varying number of data of different
places.
We also investigated the links between urban places via the co-visiting patterns of
Twitter users, whereby places that are spatially distant can thus be related. Graph
theory and social network analysis techniques and tools were applied to establish
the links between places (section 6.6.2 and section 6.7.7).
Finally, we designed and implemented an interactive web-based dashboard to
present the multi-dimensional information of place profiles (section 5.5.5).

8.3 Limitations and future work
The contributions of this research are presented in the previous section, however
there are still several limitations worth addressing. Regarding the limitations from
the preceding section and considering the progress made so far, there are several
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aspects related to extending and improving the research in future studies meriting
discussing. The limitations and future work can be summarised in three groups data, theory and methodology.

8.3.1 Data
Although GSM data (the geotagged Twitter data in the case studies presented in
this thesis) is easily accessible and has the potential to be used to understand
urban places, it is important to note the critical issues surrounding the data itself.
Firstly, the Twitter user population is only a small subset of the entire population
and is expected to be oriented towards young people who are familiar with the
internet and mobile applications. A digital divide has been noted where the usage
of Twitter is concentrated in North America and Europe (Roick & Heuser 2013).
Moreover, geotagged Tweets are only a small proportion (roughly 1%) of the entire
Twitter data set, and those who geotag their Tweets are not representative of the
wider Twitter population (Malleson and Birkin, 2014; Sloan et al., 2015).
Secondly, like other volunteer-generated data, the contributions of Tweets from
different users are not even. The distribution of geotagged Tweets per user exhibits
a long-tail effect (as in Figure 4-3), and most contributions are made by a small
percentage of users, while a large number of users only post a few Tweets (Li et
al., 2013; Crampton et al., 2013). Therefore, these facts have to be noted, and we
must be aware that the results carried out with geotagged Twitter data has
limitations in terms of its representativeness.
Thirdly, we have not explicitly taken into account varying accuracies of the
geolocations associated with the Tweets. Depending on the device and location
settings, the geolocations may be determined by GPS, mobile phone masts or both.
Therefore, the accuracy may vary from a few metres to hundreds of metres,
especially in dense urban canyons where satellite visibility and multipath have an
effect.
Fourthly, an assumption was made that topics discussed in Tweets are reflecting
the interests or activities of the Twitter user in that place. This may not always be
true for each Tweet, but some characteristics of a place can be revealed by the
Tweets within it at an aggregated level.
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Lastly, on social media platforms, certain types of places, such as museums and
train stations, have much more discussions than other places, such as residential
places. Therefore, the results generated from GSM data have the risk of
overrepresenting such places.
To overcome these limitations of Twitter data, one possible solution in future
studies is taking multiple data sources as input. Such as travel blogs, place ratings,
image-based social media data, property advertisement posts etc. These diverse
types of user-generated data are all related to place, and have extractable
semantic information, meaning that they can be fitted into our analysis framework.
In addition to data that has precise coordinates, non-geotagged data can be added
to profiling places if place names are detected from them. All the above mentioned
can help to enrich place profiles, thus producing a more all rounded picture as
compared to using solely Twitter data.

8.3.2 Theory
Formalising place within information systems is comprised of much subject matter
that cannot be resolved in a single dissertation. In this research, we proposed an
innovative theory for profiling urban places as a concise function

= ( , , , ),

which proved to be effective for reflecting certain aspects of places, however it
should be noted that places can be much more complicated than this function can
indicate. As described in the literature review of place concepts, one important
feature of place is the meaning or sense of place, which is a subjective and abstract
concept that cannot be properly formalised as of yet. During the place-profiling, we
inferred the semantics of a place by its associated activities, while sometimes these
cannot reflect the true meaning of the place. To further enhance place-profiling
theory, other important aspects to consider when describing place should be taken
into account, formalised and added to the place-profiling function.
Another limitation was that the place profiles generated in our research are from
the public perspective, while individual or community perspectives were not
addressed. As the literature review indicated, one place may be interpreted very
differently based on perspective, and a strong understanding of a place should not
only consider its characteristics in general, but also the differences of it among
different individuals and communities. For example, the meaning of Euston may
be very different for commuters, students and other visitors.
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One advantage of GSM data is that it is individual-level data, thus it should be able
to provide the understanding of place from individual and community perspectives.
In future studies, place-profiling should be conducted from different perspectives
according to the application. For example, if one seeks to study urban places for
specific groups of people, such as tourists, we should be able to generate the
profile of places from the perspective of tourists instead of in general to supply
more accurate insights and targeted services.

8.3.3 Method
As presented in this research, a variety of methods from different disciplines were
implemented and integrated in the framework. They are effective but not ideal. As
one general methodological limitation, for each module in the framework, more
efficient and advanced techniques may exist but were not adopted here. The
overarching goal of our research was to demonstrate how place-related
information in GSM data can be extracted and organised into structural place
profiles, and chasing the most efficient methods for achieving this aim was beyond
the scope of this thesis. We are aware of the limitations of the methods applied
within our framework and better alternatives can be explored in future work.
To process the semantic information, the classic LDA topic model was applied in
our framework, however there are several issues with it. At the outset, it is difficult
to find the appropriate number of topics. Next, fitting data into LDA is a timeconsuming process; more efficient techniques can be considered, such as light
LDA (Yuan et al., 2015). Last, as an unsupervised model, the accuracy of LDA
may not be as reliable as semi-supervised (such as labelled LDA) and supervised
text-classification models (such as naïve Bayes models) (Ramage et al., 2009; Ye,
Yin, et al., 2011; Ji, Chun and Geller, 2013; Fuchs et al., 2015).
During the process of identifying place names from the Tweet text, we treated all
n-gram tokens as place name candidates and did not consider the sentence
structure or the parts of speech. In future studies, more advanced NLP techniques
can be considered to enhance the accuracy of extracting place names, such as
portions of speech-tagging techniques and name-entity recognition models (Ritter
et al., 2011; Gritta et al., 2017; Hu, Mao and McKenzie, 2018).
When estimating the spatial extent of place, DBSCAN clustering was applied and
this was followed by convex hulls. The first issue is the parameter selection in
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DBSCAN, such as how, for example, a fixed Eps value was used in our case study,
though a better solution may be adaptive Eps as the spatial scale of urban places
vary. Other clustering methods, such as OPTICS (Ordering Points to Identify the
Clustering Structure), which does not require predefined parameters, can also be
considered (Ankerst et al., 1999; Zhang et al., 2013; Cheng and Shen, 2018). The
second issue is convex hulls tend to be round shaped, and details of the edge of
the place may be lost, so other techniques, like Chi-square or concave hulls, can
be used instead (Hu, Gao, et al., 2015; Gao, Janowicz, et al., 2017).
In addition, the framework presented in our research is based on historical data.
Seeing that urban places may change over time, as indicated in the literature
review, the place profiles should therefore be kept updated. In future work, one
exciting idea can be implementing online techniques that take real-time streaming
data as input and update the place profile accordingly.

8.3.4 Other issues
It is noted that as a natural consequence of some methods, uncertainty is
introduced at some stages in this framework. In future studies, these can be better
tracked or managed. For instance, as addressed in section 4.2.4, LDA model
returns for each Tweet probabilities of it belonging to all the topics, however, for
simplicity consideration, we only assigned the Tweet to the topic of highest
probability. In future studies, all the probabilities can be kept with the Tweet, and
carried on to the analysis of aggregations of Tweets. Uncertainty may also be
produced in the process of identifying the spatial extents of identified places using
DBSCAN clustering (see section 6.7). Currently, only a portion of Tweets that are
being clustered were used to produce the place profile. However, when the
parameters of DBSCAN are altered, the clustered Tweets may be different. In
future studies, the proportion of Tweets that account for the place profile (the
Tweets that being clustered) should be stated in the profile.
It is difficult to find a well-established data source as ground truth to validate our
results. Currently, the identified place name list can be evaluated using a
combination of Foursquare POI data and manual inspections, while the generated
place profiles can only be interpreted and validated based on domain knowledge.
In the future, if expanding the study area, more human annotators can be recruited
to evaluate the results. For example, a sample of results can be presented to a
group of users to see if they agree the generated profile.
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8.4 Final conclusion
This thesis has proposed a novel theory of describing and presenting place in a
structure and computable manner - place-profiling. Based on the theory of placeprofiling, a methodological framework that integrates spatial, temporal and
semantic analysis was developed to extract place information from the GSM data
to organise the information into structural computable place profiles and analyse
and present the generated place profiles. Through the case studies, we
demonstrated that our proposed theory and research framework can effectively
capture and present not only the basic information but also the dynamic
characteristics of urban places. Compared to conventional place databases and
POI data, the place profiles we generated can provide more insights into urban
places, such as local place names, estimations of vague place boundaries and
distributions of multiple activities over time. Presenting urban places with our
innovative name-led approach can tackle the challenges of conventional methods
that represent places as pre-defined spatial units, and spatially overlapped places
can be distinguished and represented while relationship between places can be
better explored. It is hoped that the place-profiling theory and framework, as well
as the technical innovations presented in this thesis, can assist in advancing the
formalisation of subjective and abstract concepts of place in modern digital
information systems, benefitting future urban place-related studies and
applications.
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APPENDICES
Appendix A: The identified places that matched with POI
ID

Place name Key term

Alter terms

1

ASOS

aso

2

Belsize Park belsiz park

3

Birkbeck
birkbeck
College
Bloomsbury bloomsburi

aso

Tweets Users Predominant
activity
215
117 Z_Others

Foursquare POI id

belsiz park,
belsiz
birkbeck

125

89

4c5bb7cc7735c9b6c0788a72

107

67

bloomsburi

1039

747

4ac518cef964a52019a620e3 Professional
& Other
Places
4ac518d2f964a5203da720e3 Arts &
Entertainment

BrewDog
Camden
British
Library

brewdog

brewdog,
289
brewdogcamden
british librari british librari
434

190

Outdoor &
Sightseeings
Outdoor &
Sightseeings
Outdoor &
Sightseeings
Food

353

Arts & Show

7

British
Museum

british
museum

1773 Arts & Show

8

BT Tower

bt tower

9

Camden
Lock

camden lock camdenlock,
camden lock,
lock
camden
camden market
market
camden
camden stabl
stabl market market, camden
stabl, stabl
market, stabl
camden
camdentown,
town
camden town,
camden town
camden, town
camden, town
camden town
caravan
caravan

4
5
6

10 Camden
Market
11 Camden
Stables
Market
12 Camden
Town

13 Caravan

britishmuseum, 2225
british museum,
museum, british,
britishmuseum
pic, photo british
museum, post
photo british,
photo british
bt tower
120

4acda839f964a5208bcc20e3

4b215086f964a520033a24e3
4e5cfbb2cc3f288d99092199
4edce907c2ee3cd644c79c65

POI category
(general)
Professional
& Other
Places
Outdoors &
Recreation
Colleges &
Universities
Outdoors &
Recreation
Others

96

Outdoor &
Sightseeings

700

538

Outdoor &
Sightseeings

4ac518cef964a52018a620e3 Professional
& Other
Places
4f6db37ee4b0725b61597c8e Shops &
Services

718

647

242

218

Outdoor &
Sightseeings
Outdoor &
Sightseeings

52227eba11d2300526ce9364 Shops &
Services
4ac518ebf964a52049ac20e3 Shops &
Services

2916

2095 Outdoor &
Sightseeings

4c6ce8d923c1a1cd4bdf1acf

Outdoors &
Recreation

137

104

Food

5002cf70e4b0ebdd7341a082 Food

14 Central Saint central saint csm, central
573
Martins
saint, central
College
saint martin,
saint martin,
saint, martin,
saint martin
colleg, martin
colleg, martin
colleg art, colleg
art, colleg art
design, art
design
15 Central St
st gile
st gile, gile
223
Giles Piazza
16 Centre Point centr point centr point
124

273

Arts & Show

4e8d753c1081e3b3545fc155 Colleges &
Universities

180

Outdoor &
Sightseeings
Outdoor &
Sightseeings

17 Charlotte
Street
18 Chipotle
Mexican Grill
19 Dominion
Theatre
20 Dublin
Castle
21 Electric
Ballroom
22 Eurostar
Business
Premier
Lounge

109

84

105

88

Outdoor &
Sightseeings
Food

4c08f64c6071a5931603dd32 Outdoors &
Recreation
4ac518d2f964a52007a720e3 Professional
& Other
Places
4be116bba7380f47cd4719b0 Travel &
Transport
4be54fb39026ef3b80b90a38 Food

108

charlott
street
chipotl

charlott street,
charlott
chipotl

dominion
theatr
dublin castl

dominion theatr, 121
dominion
dublin castl
100

112

Arts & Show

37

Arts & Show

electr
ballroom
eurostar
busi

electr ballroom, 270
ballroom, electr
eurostar busi,
105
eurostar busi
premier, busi
premier loung,

171

Arts & Show

90

Travel &
Transport

209

4ac518e7f964a52044ab20e3 Arts &
Entertainment
4ac518c9f964a520a9a520e3 Arts &
Entertainment
4ac518c8f964a52083a520e3 Nightlife
Spots
4ba64244f964a520f83f39e3 Travel &
Transport

premier loung,
busi premier
euston

23 Euston

euston

24 Euston
Railway
Station

railway
station eus

25 Euston
Square
26 Euston
Underground
Station
27 Facebook
London

euston
squar
euston
euston
underground underground

28 Finchley
Road
29 Fitzrovia

3520

euston station, 1897
railway station
eus, station eus,
euston railway,
euston railway
station, eus,
station eus
nationalrailenq,
eus
nationalrailenq
euston squar
153

2466 Travel &
Transport
1284 Travel &
Transport

50f5c2e0e4b06983cbcbb1fe

122

4c9dd2938afca093ca6cfa15

142

109

facebook uk facebook uk

138

103

finchley road finchley road,
finchley
fitzrovia
fitzrovia

109

92

195

135

115

98

30 Forbidden
forbidden
Planet
31 Freemasons' freemason
Hall
hall

forbidden

freemason hall, 125
freemason

86

32 Google UK

googl

googl, googl uk

837

663

33 Grand
Connaught
Rooms
34 Hampstead
Heath
35 Hawley
Arms
36 Holborn

connaught

connaught

119

87

hampstead
heath
hawley

hampstead
heath
hawley

433

353

104

98

holborn

holborn

972

642

Travel &
Transport
Travel &
Transport

Outdoors &
Recreation
4acbc300f964a52058c520e3 Travel &
Transport

4c3344cc6f1fef3bf67cec3d

Outdoors &
Recreation
Travel &
Transport

Social &
Business

56efe2ddcd10a1d5858722a7 Professional
& Other
Places
Travel &
4dbeaf7d4b222080d3c5877b Travel &
Transport
Transport
Outdoor &
4fb6ba3ee4b05cfe9f0d6aaf
Outdoors &
Sightseeings
Recreation
Entertainments 4ac7998af964a5205bb820e3 Shops &
Services
Arts & Show
4ac518cff964a52047a620e3 Professional
& Other
Places
Social &
5767b401498e7856b8bf2296 Professional
Business
& Other
Places
Arts & Show
4b708226f964a520cc1e2de3 Professional
& Other
Places
Outdoor &
4ac518cef964a5201aa620e3 Outdoors &
Sightseeings
Recreation
Outdoor &
4ad011bef964a52080d720e3 Nightlife
Sightseeings
Spots
Outdoor &
4f5a9180e4b085f52c7aba34 Outdoors &
Sightseeings
Recreation
Travel &
4ad090f1f964a52074d820e3 Travel &
Transport
Transport

37 Holborn
holborn
holborn
124
Underground underground underground
Station
station
station, holborn
underground
38 Jazz Cafe
jazz cafe
jazz cafe
144

58

91

Arts & Show

39 Kentish
Town
40 KERB KX

428

339
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123

Outdoor &
Sightseeings
Food

3864

2863 Travel &
Transport

4f60c409e4b0490588514404 Outdoors &
Recreation

1718

1187 Travel &
Transport

4af33684f964a520c7eb21e3 Travel &
Transport

241

152

Travel &
Transport

4acf786af964a520e6d320e3 Travel &
Transport

827

505

Arts & Show

120

107

219

176

Outdoor &
Sightseeings
Arts & Show

4ac518c7f964a52078a520e3 Arts &
Entertainment
4ad862b4f964a520291121e3 Outdoors &
Recreation
4fec9fece4b04783e384e6ba Arts &
Entertainment

kentish town kentish town,
kentish
kx
kerb, kx

41 King's Cross king cross

king cross,
cross, king,
kingscross
42 King's Cross king cross
king cross
Railway
railway
railway, cross
Station
railway, railway
station kgx,
station kgx,
cross railway
station, kgx,
station kgx
nationalrailenq,
kgx
nationalrailenq,
king cross
station, cross
station
43 King's Cross st pancra
st pancra
St. Pancras underground underground,
Underground
pancra
Station
underground,
pancra
underground
station, cross st
pancra, cross st,
king cross st
44 KOKO
koko
koko,
kokolondon
45 Lincoln's Inn lincoln
lincoln
Fields
46 Matilda The matilda
matilda
Musical

210

4ac518c7f964a52072a520e3 Arts &
Entertainment
4cb04def1168a09328592923 Outdoors &
Recreation
4e8c37c37bebcada8da23b27 Others

47 Monmouth
Coffee
Company

coffe
compani

101

78

Food

4ac518edf964a520c1ac20e3 Food

neal yard

coffe compani,
monmouth
coffe,
monmouth
neal yard, neal

48 Neal's Yard

106

101

4ac518f4f964a520fcae20e3

49 O2 Forum

forum

forum

517

297

Outdoor &
Sightseeings
Arts & Show

50 Our Black
Heart
51 Parliament
Hill
52 Phoenix
Theatre
53 Primrose Hill

black heart

black heart

110

76

Arts & Show

4acf7cfef964a52007d420e3

parliament
hill
phoenix
theatr
primros hill

parliament hill

186

144

4ac518f5f964a5201faf20e3

phoenix theatr,
phoenix
primros hill,
primros, hill
proud camden

155

99

Outdoor &
Sightseeings
Arts & Show

604

459

4b2e246ef964a520f9dc24e3

proud
camden
radisson blu radisson blu,
radisson blu
edwardian, blu
edwardian,
radisson,
edwardian, blu
56 Roundhouse roundhous roundhous,
roundhouseldn
57 Russell
russel squar russel squar,
Square
russel, russel
squar garden,
squar garden
58 Scala
scala
scala

178

118

Outdoor &
Sightseeings
Arts & Show

108

83

Outdoor &
Sightseeings

4ac518b6f964a52009a120e3

1551

949

Arts & Show

373

304

Outdoor &
Sightseeings

4ac518e9f964a520daab20e3 Arts &
Entertainment
4ad5ef05f964a5200a0421e3 Outdoors &
Recreation

301

237

Arts & Show

59 Senate
senat hous
House
Library
60 Seven Dials dial

senat hous,
senat

101

65

Outdoor &
Sightseeings

dial

158

141

61 St Pancras

st pancra

62 St Pancras
Church

pancra
church

stpancra, st
4093
pancra, pancra,
st
pancra church, 114
st pancra church

54 Proud
Camden
55 Radisson
Blu
Edwardian
Hotel

63 St Pancras st pancra
International intern
Railway
Station

intern railway,
pancra intern
railway, intern
railway station,
railway station
stp, station stp,
stp, station stp
nationalrailenq,
stp
nationalrailenq,
pancra intern
station, intern
station, eurostar
termin, intern
station eurostar,
station eurostar,
station eurostar
termin, termin,
eurostar, st
pancra intern,
pancra intern,
intern
64 St. Pancras pancra
pancra renaiss
Renaissance renaiss hotel hotel, renaiss
Hotel
hotel, st pancra
London
renaiss, pancra
renaiss, renaiss
65 Swiss
swiss cottag swiss cottag,
Cottage
swiss, cottag
66 The Hospital hospit club hospit club
Club
67 The Parcel parcel
parcel
Yard
68 The
underworld underworld
Underworld
69 The World's world end
world end
End
70 Tottenham tottenham
tottenham court
Court Road court road
road, court road,
tottenham court

4ac518ebf964a52020ac20e3

4ac518e7f964a52055ab20e3

4f5ffcc9e4b0f492ad058303

Outdoors &
Recreation
Arts &
Entertainment
Arts &
Entertainment
Outdoors &
Recreation
Arts &
Entertainment
Outdoors &
Recreation
Arts &
Entertainment
Travel &
Transport

4ac518c3f964a52055a420e3 Arts &
Entertainment
4b1e9e43f964a520b31c24e3 Colleges &
Universities

Outdoor &
Sightseeings
3173 Travel &
Transport

4ac518f3f964a520c6ae20e3 Outdoors &
Recreation
52435c0b498e2278c9d3e038 Outdoors &
Recreation

58

Arts & Show

2536

2009 Travel &
Transport

4ac518d2f964a52017a720e3 Professional
& Other
Places
4ac518f7f964a520c6af20e3 Travel &
Transport

142

128

Travel &
Transport

4d00c69af1605481dce59fea

Travel &
Transport

189

143

4acdcffcf964a52015cd20e3

340

218

116

86

Outdoor &
Sightseeings
Outdoor &
Sightseeings
Z_Others

144

95

Arts & Show

4ac518c9f964a520a8a520e3

130

125

4ee61a462da504839760f91a

192

163

Outdoor &
Sightseeings
Outdoor &
Sightseeings

Outdoors &
Recreation
Arts &
Entertainment
Nightlife
Spots
Arts &
Entertainment
Nightlife
Spots
Travel &
Transport

211

4ace3a62f964a52039cf20e3
4f634969e4b0ce431bfee234

4c36e4d93849c928a4c6bcb1

71 University
ucl
College
London
72 Virgin Trains virgin train
First Class
class
Lounge
73 Wellcome
Collection
74 West
Hampstead
75 Yahoo! UK

wellcom
collect
west
hampstead
yahoo

ucl, univers
colleg

772

484

Social &
Business

4b0a52daf964a5203e2323e3 Colleges &
Universities

virgin train
100
class, train
class, virgin
train
wellcom collect, 139
wellcom
west hampstead 303

86

Travel &
Transport

4b1c0375f964a520b30024e3 Travel &
Transport

124

Arts & Show

195

yahoo

59

Outdoor &
Sightseeings
Social &
Business

4ad06c8ef964a52009d820e3 Arts &
Entertainment
4baaa7f4f964a5205b7d3ae3 Outdoors &
Recreation
4acefd5df964a52035d220e3 Professional
& Other
Places

106

212

Appendix B: The identified places that do not match with POI
ID

Place_name

Key_term

Alter_terms

Tweets Users Dominant_activity Type

Note

1

itunes
Festival

itunesfestiv

itun festiv, itun,
itunesfestiv,
itunesfestiv
roundhous

722

464

Arts & Show

Events

Music festival in
RoundHouse

2

London
Fashion
Week
London
Fashion
Week Men's
Pompeii and
Herculaneum
exhibition
The Euston
Tap

lfw

lfw

310

192

Arts & Show

Events

lcm

lcm

100

50

Arts & Show

Events

pompeii

pompeii

102

93

Arts & Show

Events

Exhibition in British
Musuem

eustontap

eustontap

245

143

Food

Bar

6

depart of
coffee and
social affairs

depart coffe

244

67

Social &
Business

7

Wayra UK

wayra

depart coffe, depart
coffe social, coffe
social, coffe social
affair, social affair,
affair, deptofcoffe,
social affair
deptofcoffe, affair
deptofcoffe
wayra, wayra uk

Not
recorded
in POI
Not
recorded
in POI

174

87

Social &
Business

8

Barfly

barfli

barfli

250

9

Paramount

paramount

paramount

186

10 Bounce

bounc

bounc

180

11 SOAS

soa

soa

117

12 Camden

camden

camden, camden
camden

8274

13 Covent
Garden

covent garden covent garden,
covent

14 University of
the Arts
London
15 Paris

univers art

pari

16 Brussels

17 Castle

3

4

5

Coffee Shop

Not
recorded
in POI
162 Arts & Show
Not
recorded
in POI
166 Outdoor &
Not
Sightseeings
recorded
in POI
162 Sports & Games Not
recorded
in POI
86
Education
Not
recorded
in POI
5612 Outdoor &
POI
Sightseeings
outside of
the area

Office

601

504

Outdoor &
Sightseeings

Place outside of the
study area

univers art, ual

103

50

Outdoor &
Sightseeings

1322

brussel

pari, pari st pancra,
pari st
brussel

1179 Travel &
Transport
155 Travel &
Transport

castl

castl

220

142

18 Class Lounge class loung

class loung

158

138

19 Library

librari

librari

914

706

20 Market

market

market

1676

1425 Outdoor &
Sightseeings

163

213

Outdoor &
Sightseeings
Travel &
Transport
Arts & Show

POI
outside of
the area
POI
outside of
the area
Journey
destination
Journey
destination

Place-type
term
Place-type
term
Place-type
term
Place-type
term

Pub

Restaurant

Sports bar

University

The borough name

Place outside of the
study area
Journey destination
Journey destination

21 Market
Camden

market
camden

22 Railway
station
23 Square
24 Theatr

market camden

111

108

railway station railway station,
railway, station
squar
squar

4739

theatr

theatr

975

3093 Travel &
Transport
1094 Outdoor &
Sightseeings
805 Arts & Show

25 Train Station train station

train station

216

206

26 Dutch

dutch

dutch

104

92

27 Harry Potter

harrypott

harrypott

190

176

Travel &
Transport

Others

28 Hogwarts

hogwart

hogwart

265

257

Travel &
Transport

Others

29 Photo
Camden
30 London
Midland
31 Metropolitan
&
Hammersmith
32 Nation
Alrailenq
33 Platform

photo camden photo camden, post 133
photo camden
londonmidland londonmidland
235

116

Others
Others

train company

metropolitan

111

102

Outdoor &
Sightseeings
Travel &
Transport
Travel &
Transport

Harry Potter 9 3/4
platform inside King's
Corss station
Harry Potter 9 3/4
platform inside King's
Corss station
Others

Others

name of Underground
line

nationalrailenq nationalrailenq,
nationalrailenq pic
platform
platform

2814

Others

train-related

Others

train-related

34 Train

train

train

5553

Others

train-related

35 Virgin Train

virgintrain

virgintrain

302

Others

train company

36 Wait Train

wait train

wait train

243

1800 Travel &
Transport
1282 Travel &
Transport
4567 Travel &
Transport
246 Travel &
Transport
235 Travel &
Transport

Others

train-related

metropolitan,
hammersmith

1384

1540

133

214

Outdoor &
Sightseeings

Travel &
Transport
Food

Place-type
term

Place-type
term
Place-type
term
Place-type
term
Place-type
term
Others
Others

